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Editorial on the Research Topic
 Multi-scale urban built environment and human health





1 Introduction

Urbanization not only reshape where people live and how move, but also reshape the patterns of public health. The contributions in this Research Topic show that the built environment (BE) exerts health effects across scales, from housing quality and street-level greenness to neighborhood services and citywide mobility systems. Collectively, they move beyond single-exposure, single-scale perspectives toward scale-aware, pathway-specific, and context-sensitive understandings of how place affects health. Based on the submitted manuscripts, we can observe three insights that matter in shaping health issues: (1) measurement refers to exposure definitions, spatial and temporal scales, and interpretability choices that influence inferences; (2) social pathways refers to community attachment, cohesion, and affordability that shape mental and cardiometabolic outcomes alongside physical features; and (3) policy levers exist at multiple levels, i.e., parcel, street, neighborhood, and city, enabling coordinated, equity-centered action that captures co-benefits while managing trade-offs.



2 The multi-scale imperative

Understanding the health impacts of urban environments requires moving beyond single-scale analyses. The BE factors operate simultaneously across multiple spatial scales, e.g., dwelling unit, neighborhood, district, and metropolitan region. Each scale presents distinct exposure pathways and intervention opportunities. The contributions in this Research Topic demonstrate that scale matters profoundly, as a fundamental determinant of how environmental factors translate into health outcomes.

Three works exemplify this multi-scale approach through innovative methodologies. Peng et al. employ machine learning to uncover non-linear threshold effects of BE characteristics on weekend metro ridership in Shanghai, revealing that land use mixture, distance to CBD, and transit connectivity operate through distinct spatial ranges with specific optimal thresholds. The findings challenge linear assumptions pervading transportation-health research, showing that maximum ridership occurs when land use entropy remains below 0.7 and bus line density reaches 35 routes. Similarly, to match cooling service provision with resident needs, Song et al. develop a supply-demand framework to evaluate park cold island effects across neighborhoods, integrating remote sensing data with Thiessen polygon analysis. The finding reveals that 40% units exhibit supply-demand mismatches, concentrated in areas with complex building environments and poor landscape connectivity. Besides, He et al. investigate the relationship between housing quality and tenant mental health across seven urban villages in Shenzhen, as demonstrates how community-level attachment mediates between dwelling conditions and psychological wellbeing, and illustrates how individual, household, and neighborhood scales interact to shape health outcomes.



3 Bridging environmental metrics and health pathways

A common theme across these works is the imperative to elucidate the behavioral, social, and physiological pathways linking environments to health. Several works employ structural equation modeling approaches to unpack sophisticated mediation mechanisms. For instance, Zuo et al. examine how urban green space influences older adults” mental health through relative deprivation, physical activity, and social trust. The findings reveal that green space coverage reduces perceived relative deprivation and promotes physical activity, which in turn enhance mental health. It suggests that environmental equity and behavioral activation represent more proximate pathways than social cohesion for this population. Feng and Zheng's study toward Nanjing older adults uncovers significant gender differences in how BE affects subjective wellbeing, with community-level factors explaining 33.68% of variance for female vs. 28.50% for male. Household structure operates through gendered divisions of domestic labor and culturally-specific norms around filial piety, demonstrating how socio-cultural mechanisms intersect with physical environments. Gu et al. trace the pathways from BE through health behaviors to hypertension risk, revealing that clinic density, supermarket proliferation, and road network characteristics influence disease risk by shaping residents' walking time, physical activity duration, and fruit/vegetable consumption. This work exemplifies how BE features cascade through multiple behavioral mediators to affect cardiometabolic outcomes.



4 Vulnerable populations and environmental justice

Several other works investigate how BE impacts vary across population subgroups by age, gender, socioeconomic status, and migrant status, raising critical environmental justice concerns. The concentration of investigating older adults reflects both demographic imperatives and recognition that elderly populations experience heightened environmental sensitivity due to declining physical function and constrained activity spaces. Feng and Zheng document that older women's wellbeing responds more strongly to BE quality than men's, likely reflecting their greater domestic responsibilities, more localized activity patterns, and differential physiological sensitivities. This finding challenges gender-blind planning approaches and calls for designing environments attuned to gender needs. Meanwhile, He et al.'s study on urban village tenants and migrants highlights how informal housing serves as the primary shelter for low-income groups excluded from formal housing markets. Despite substandard conditions, these settlements foster community attachment that buffers mental health impacts, suggesting that social belonging may partially compensate for physical environmental deficits. Gu et al. note that older urban residents in areas undergoing renewal face compounded vulnerabilities, such as aging infrastructure, limited healthcare access, and economic precarity converge to elevate hypertension risk. The result shows these social determinants operate alongside and interact with BE exposures, underscoring the need for integrated interventions addressing both physical infrastructure and social services. Collectively, these findings demonstrate that environmental justice requires attending not only to distribution of resources (parks, transit, services) but also to how environmental effects vary by social position and how cumulative disadvantages multiply health risks.



5 From linear assumptions to non-linear realities

A methodological contribution throughout this Research Topic is the application of non-linear modeling techniques, which helps to capture threshold effects, diminishing returns, and interaction effects often obscured by conventional linear regression. For instance, Peng et al. adopt the GBDT model and SHAP value, which reveal that most BE variables exhibit non-monotonic relationships with metro usage, with effective ranges beyond which additional environmental improvements yield minimal behavioral change. Similarly, Song et al. document that cold island supply exhibits an inverted-U relationship with BE intensity, and it shows that moderate densification enhances cooling services, whereas excessive development degrades environmental quality despite increased green space investment. Gu et al. find that higher road network density increases hypertension risk by extending walking time and reducing fruit/vegetable consumption, which counter to the assumption that walkability universally benefits health. The non-linear reality demands nuanced, context-sensitive design that balances competing objectives (e.g., density for transit ridership vs. greenness for thermal comfort) and recognizes that more is not always better. These findings have profound planning implications. Rather than maximizing single environmental attributes, planners should calibrate interventions to optimal ranges while considering interactive and context-dependent effects.



6 Future directions

While the collections in this Research Topic advances the understanding of multi-scale environment-health relationships, several priorities remain for further research. First, most studies employ the cross-sectional design, which has limitation for the causal inference. It's helpful to employ the longitudinal and quasi-experimental designs that track environmental changes and health trajectories. Second, integrating GPS mobility data to activity-space exposure assessments could better capture dynamic environmental exposures beyond residential neighborhoods, particularly for working-age populations. Third, integrating objective environmental measures with subjective perceptions would illuminate how individual differences in environmental experience mediate health effects. Fourth, climate change may introduce compounding stressors, such as heat extremes, flood risks, and air pollution, as calls for conducting research on multi-hazard exposures and adaptation strategies. Finally, participatory approaches engaging communities in defining environmental priorities and co-designing interventions could ensure research translates to contextually appropriate, equitable solutions.



7 Conclusion

It's necessary to remind the importance of integrating multi-scale thinking, attention to behavioral and social pathways, commitment to environmental justice, and acknowledgment of non-linear complexities when creating health-promoting cities. As urbanization continues reshaping human habitats worldwide, evidence-based urban planning informed by rigorous environment-health research becomes ever more essential. We hope the collections in this Research Topic inspires scholars, practitioners, and policymakers to advance approaches that foster healthier, more equitable, and more sustainable urban futures for urban residents.
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Introduction: The importance of improving older adults' mental health is increasing worldwide with the rapid development of the aging process. Green space is an important part of the urban built environment, demonstrates a deep connection with the mental health of older adults, and its internal mechanisms have been widely studied. This study analyzed the influence of urban green spaces on the mental health of older adults via three factors: relative deprivation, physical activity, and social trust.
Methods: Based on the 2018 China Labor Dynamics Survey, a multi-level structural equation model was used to explore the mediating roles of relative deprivation, physical activity, social trust in urban green spaces, and the mental health of older adults.
Results: Urban green space was positively correlated with the mental health of older adults. Relative deprivation and physical activities played a mediating role between urban green space and the mental health of older adults.
Discussion: An increase in urban green spaces can help increase the number of older adults obtaining green space resources, and help them maintain good mental health. Secondly, older adults with a relatively homogeneous environment have more equal opportunities to obtain urban green space resources, which helps to reduce the comparison of older adults in access to green space resources and reduce the adverse impact of relative deprivation on their mental health. Additionally, increasing urban green spaces can encourage older adults to engage in physical activities and improve their mental health. Finally, we suggest improving the accessibility, fairness, and quality of green spaces, paying attention to the psychological needs of older adults, encouraging older adults to engage in physical activities in green spaces, and taking various measures to enhance the positive role of green space on the mental health of older adults.

Keywords
urban green space, older adults, mental health, relative deprivation, China


1 Introduction

Population aging has become an irreversible trend in global population development. According to the World Social Report 2023, the number of people worldwide aged 65 years and over is expected to more than double by the middle of this century (1). China's population is gradually aging, and its older adult population is expected to account for ~25% of the total population by 2030; this increase is expected to be more evident in adults aged 80 years and older (2). In the context of urbanization with a large population gathering, the negative factors of the urban environment seriously affect the mental health of older adults. Research has shown that nearly two-fifths of older adults in China report subclinical levels of depression (3). Factors such as physical function, psychological distress, mental illness, and nursing relationships affect older adults' mental health (4–6). Considering the immense challenges brought about by aging, promoting healthy aging has become a countermeasure for China and the world to deal with the aging problem (7). The World Health Organization's definition of health refers not only to physical health, but also to a state of mental and social fulfillment. China's “14th Five-Year Plan for Healthy Aging” report highlighted that comprehensive and systematic intervention measures should be taken to better meet the health needs of older adults and build a healthy and livable urban and community environment, to improve the health level of older adults (7). As a scarce resource, urban green spaces play an important role in reducing the negative impacts of cities and improving the mental health of older adults (8). Therefore, understanding the influence mechanism of urban green spaces on the mental health of older adults is of great significance in building a healthy and livable city and promoting the development of healthy aging in China.

Mental health is the cornerstone of high-quality old-age care for older adults, and its influencing factors have been widely discussed by the academic community. Green spaces are an important factor affecting the mental health of older adults in urban environments through various biological, psychological, and social channels (9). Biologically, green space can reduce older adults' harmful environmental exposure by improving the urban environment, providing a livable urban environment, and improving older adults' mental health (10–13). Psychologically, attention recovery and stress reduction theories also suggest that green spaces can promote the mental health of older adults by reducing their psychological stress and improving negative emotions (14, 15). Socially, green spaces provide an open activity space for older adults, which helps them perform social interactions and physical activities to improve their mental health (16).

At the individual level of older adults, scholars have widely considered the role of the degree of deprivation of older adults on the relationship between green spaces and mental health. Among them, the relationship between absolute deprivation (that is, objective economic status) and green space has attracted the attention of most studies, such as the impact of socioeconomic status on accessibility (17) and fairness (18) of urban green spaces environment. Individuals with different degrees of absolute deprivation have different access to green space resources and, consequently, experience varied health benefits of green spaces (19). However, absolute deprivation pertains to measuring health inequality due to a gap in objective economic income; it is impossible to determine the relative income of different individuals in the group and the different effects on health brought about by this comparison (20). This perception of one being deprived of something compared with other individuals is called relative deprivation (21). Relative deprivation theory hypothesizes that various forms of socioeconomic comparisons lead to negative mental and physical health outcomes (22, 23). Moreover, most studies support the negative impact of relative deprivation on mental health. Relative deprivation has a greater negative impact on the health of older adults (24). Simultaneously, relative deprivation also affects physical activity, social trust, social cohesion, and other factors (14, 16, 25). Most studies support the link between relative deprivation and mental health as well as the link between urban greening and mental health. However, few studies have explored the relationship between relative deprivation and mental health in green spaces.

Research on the relationship between urban green spaces and older adults' mental health has gradually increased. However, more attention has been paid to the relationship between absolute deprivation and mental health, while ignoring the mediating role of individual physiological, psychological, and social factors, such as relative deprivation, physical activity, and social trust. Moreover, current studies have not sufficiently considered the impact path of these three factors on older adults' mental health. Therefore, using data from the 2018 China Labor Force Dynamics Survey and employing structural equation modeling (SEM), this study explored the mediating roles of relative deprivation, physical activity, and social trust in the relationship between green spaces and mental health in older adults, and proposed a theoretical framework to provide strategies for realizing healthy aging and building an aging-friendly and livable urban.



2 Literature review


2.1 Urban green space and mental health of older adults

The Third International Conference on Mental Health highlighted that mental health not only involves the absence of mental illness and good social adaptability, but also refers to the ideal personality and full development of spiritual potential, and the best mental state under certain objective conditions. Mental health levels are commonly assessed using several classic scales, including the General Health Questionnaire (26), Short Warwick Edinburgh Mental Health Scale (27), and EuroQol Five Dimensions Questionnaire (28). Roberts et al. (29) believe that people's mental health is influenced by three dimensions: physiological, psychological, and social factors. Physiologically, gender, education level, marital status, and other factors will affect the mental health of older adults (30–33). Psychologically, individuals who feel relatively deprived experience negative emotions, such as depression or stress, that may negatively impact mental health (34, 35). In the social dimension, social participation, social support, and relationships with family members are related to older adults' mental health status (36, 37).

As the most important settlement of people at present, the impact of urban construction and the social environment on people's mental health has been widely studied in academic circles, particularly the relationship between urban green spaces and mental health. Previous studies have shown that green spaces can reduce the negative impact of the urban environment on physical and mental health in various bio-psychosocial ways and can improve the mental health of residents (9). In terms of biological functioning, green spaces can affect air quality through particle deposition, dispersion, and modification, and reduce the negative impact of air pollution on residents' health and wellbeing (10). It also can adjust the urban climate, relieve the heat island effect, and reduce noise pollution, thereby promoting people's physical and mental health (11–13). By contrast, the psychological pathway mainly improves residents' mental health by reducing life pressure and arousing positive emotions. The attention recovery theory states that the interaction between residents and the surrounding green spaces can attract people's attention, mentally free up residents from daily troubles and problems, reduce pressure on residents, and improve their mental health (15). Meanwhile, the stress reduction theory states that the natural environment, as a restorative environment, can provide residents with opportunities to appreciate the natural landscape, generate positive emotions, and overcome negative thoughts, thus enhancing their ability to cope with stress and their mental health state (14). Studies have shown that older adults living in parks exhibit improved physical health, mood, and attention (38). The more green space visible, the lower the level of negative emotions people have (39). Moreover, green space is associated with the prevention of depression in older adults (40). From the social pathway, social participation and interaction are crucial for the relationship between green spaces and residents' mental health. First, residents living in natural environments can enhance their prosocial decisions and actions (such as cooperation, generosity, and trust), reduce antisocial behaviors (such as aggression and crime), and achieve good social health, which contributes to the maintenance of their psychological wellbeing (41). Second, neighborhood streetscape greening can indirectly affect the mental health of residents by promoting neighborhood attachment and community participation (14). There are also positive links between green Spaces, physical activity, and mental health. Liu et al. used SEM to study green space and walking behavior, stress, social cohesion, satisfaction with green space, and other factors. The results showed that most urban green spaces provided relatively safe and attractive outdoor physical activity spaces for people, which could attract people to engage in physical activities, stimulate the human body to produce natural feel-good hormones, and then improve mental health (42). In addition, green spaces help reduce the likelihood of depression. Studies have shown that physical activity, stress, and neighborhood social cohesion fully mediate the negative association between residential green space exposure and depression (43). Therefore, we propose the following hypothesis:

Hypothesis 1: Green spaces directly impact older adults' mental health.



2.2 Deprivation, green space, and mental health of older adults

Deprivation is a basic sociological concept that refers to a state of unsatisfied needs (44), and has two main divisions. On the one hand, objective economic deprivation, namely absolute deprivation, mainly refers to a situation in which some people's most basic life needs are not satisfied because of unfair treatment (45). On the other hand, it is the state of an individual's unsatisfied psychological needs, that is, relative deprivation. Specifically, it refers to the subjective perception of being deprived of one's interests by other groups when an individual is compared with other individuals with higher status and better living conditions around them, and the resulting feeling of a gap, anger, dissatisfaction, and other emotions brought about by such comparison (21). Social injustice is an important cause of relative deprivation (46).

Research on the role of deprivation in the relationship between green spaces and health has focused primarily on absolute deprivation. In the relationship between green space and absolute deprivation, the research results show that the urban green space resources available to individuals or groups are different due to different objective socio-economic status (47). In terms of green space accessibility, communities with higher degrees of absolute deprivation are further away from green spaces (48). Green space accessibility is more advantageous for residents in wealthier communities than in disadvantaged communities (49). Even if poor areas have equally accessible green spaces, the quality of their green spaces is relatively low (50). In terms of green space availability, low socio-economic status, and minority groups also have poor availability and quality of green spaces (51). Therefore, influenced by the relationship between absolute deprivation and green space, the health benefits of green spaces may be distributed unevenly among groups or communities with different socioeconomic statuses (19). Wang and Lan's (52) study showed that the accessibility and quality of park green space in socially disadvantaged communities are lower, health outcomes are poorer, and residents' access to park green space is associated with health outcomes. The health benefits of green spaces appear to be stronger for residents living in socioeconomic-advantaged neighborhoods than for residents in socioeconomic-disadvantaged neighborhoods (53). This inequality can be better explained by the theory of social causality: an individual's position in the social structure determines their level of health. Compared with people of higher absolute deprivation, those with lower absolute deprivation are more likely to have access to adequate material supplies, superior working conditions, and health services, and to have good physical and mental health (54, 55). Similarly, they are more likely to reap the health benefits of green spaces.

However, absolute deprivation can only study health inequality from the perspective of economic income gap; it is impossible to determine the different effects of comparison on health brought about by the relative income of various individuals in a group (20). The relative deprivation hypothesis explains the relationship between health inequality and income. It argues that inequality manifests through various forms of socioeconomic comparison (especially income inequality). These comparisons undermine social cohesion, social capital, trust, and wellbeing, ultimately leading to negative psychological and physical outcomes (22, 23). Theoretically, relative deprivation can affect health through two pathways. In the material pathway, relative deprivation limits individuals' access to things that represent a social standard of living, thereby adversely affecting their health. In the psychological pathway, inequality exacerbates negative emotions experienced by relatively poor people, leading to adverse health conditions (22). Numerous studies have shown that relative deprivation is detrimental to mental health. First, relative deprivation damages health-related quality of life, which is not conducive to the physical and mental health of residents (56). Simultaneously, relative deprivation significantly increases the risk of suicide in people over the age of 25 years (35). For the mental health of older adults, relative deprivation also has an important impact. Higher relative deprivation can damage the cognitive function and mental health of older adults. The negative effects are more pronounced on adults over 80 years of age and those living in urban areas than on middle-aged people (24). Liu et al. have also shown that increasing relative deprivation has a negative impact on the physical and mental health of older adults. The study also showed that older adults were more affected by relative deprivation than middle-aged people (57).

Additionally, relative deprivation is associated with physical activity and social trust. In terms of physical activity, relative deprivation was associated with lower physical activity. Studies have shown that the negative effects of relative deprivation may drive individuals to engage in unhealthy behaviors, including reduced physical activity and unbalanced eating habits (16). In studies of relative deprivation and obesity, it has also been shown that relative deprivation is associated with skipping breakfast, less physical activity, fewer healthy food choices, and a lower likelihood of dieting to lose weight (58). In terms of social trust, social psychology believes that people who feel relatively deprived may expand their psychological distance and distrust toward many members of society (59). Studies have shown that people of lower relative social status may feel distrust because they are unable to achieve the same status as people of higher relative status (60).

Generally, multiple empirical studies have shown that urban green spaces affect mental health through various pathways including physical activity and social trust (44, 61, 62). However, few studies have explored the role of relative deprivation in the relationship between green spaces and mental health. Relative deprivation, as an important factor affecting mental health, is associated with both physical activity and social trust. In addition, SEM provide a maximum-likelihood estimation of the entire system in a hypothesized model and enable the assessment of variables with the data (63). It allows for complex, multidimensional, and more precise analysis of empirical data taking into account different aspects of the examined reality and abstract concepts or theoretical constructs (64). As a multivariate data analysis tool, SEM is an important analytical means in mental health-related studies. For instance, Liu et al. (14) used the multilevel SEM model to study the relationship between natural outdoor environment and mental health, and Dzhambov et al. (65) also used SEM to study the relationship between residential perception of green space and residents' mental health. Therefore, in the internal influence mechanism of green space and the mental health of older adults, this study considered the indirect influence of relative deprivation, physical activity, and social trust. SEM was used to study the mediation effect, and the following hypotheses were put forward:

	• Hypothesis 2: Relative deprivation, physical activity, and social trust play mediating roles in the relationship between green spaces and mental health of older adults.
	• Hypothesis 3: Green spaces are related to physical activity and social trust through relative deprivation, which indirectly affects older adults' mental health.




3 Research design


3.1 Study area and population

Data were obtained from the 2018 China Labor Dynamics Survey (CLDS), a large-scale, nationally representative tracking survey of labor force dynamics designed and implemented by the Center for Social Science Research at Sun Yat-sen University. The 2018 CLDS contains data collected from 28 provinces in China, excluding Hong Kong, Macao, Taiwan, Tibet, Hainan, and Xinjiang. The database covers comprehensive data on 368 communities, 13,501 households, and 16,537 individuals in the labor force. The 2018 CLDS adopted a multi-stage, multi-level probability sampling method proportional to the size of the labor force, which minimizes sampling errors and ensures the randomness and scientific nature of sample selection. The present study drew on existing research (66), and defined older adults as individuals aged 60 years or older. We collected 2,465 valid samples from 119 Chinese cities.



3.2. Measurement of variables
 
3.2.1. Mental health

The Center for Epidemiologic Studies Depression Scale was used to assess mental health. It contains 20 items used to assess depressive symptoms (67), scored on a four-point reverse scale (1 = almost always, or 5–7 days per week; 2 = often, or 3–4 days per week; 3 = rarely, or 1–2 days per week; and 4 = almost never, or < 1 day per week). The total score ranges from 20 to 80, with higher scores indicating improvement in older adults' mental health from the previous week. Cronbach's α of the mental health subscale was 0.946, indicating the reliability of the research questionnaire.



3.2.2. Green spaces

Drawing on existing studies that have used the proportion of green space to measure urban green space (68), this study employed the green space coverage rates of built-up regions as indicators to quantify urban green space. The green space coverage rate of built-up areas refers to the proportion of urban built-up areas covered by greenery to the total built-up area, which was obtained from the 2018 China Urban Statistical Yearbook (69). Owing to the random processing of the community in the questionnaire, this study could not identify the community of each respondent, only the city information related to each respondent. Therefore, we could not study the accessibility of green spaces. This study assigned corresponding values to the respondents according to the green space coverage rate of each city.



3.2.3. Relative deprivation

This study used the MacArthur scale to measure relative deprivation (70). Participants were asked to indicate their position in a self-defined society on a picture of an upright ladder with 10 rungs—with a score of “1” representing the bottom rung and a score of “10” representing the top rung. Relative deprivation was measured using the question, “Where do you currently see yourself in the hierarchy?” Higher scores indicate lower perceived relative deprivation.



3.2.4. Social interaction

Drawing on the existing research literature, this study assessed the potential relationship between green space and mental health along social and behavioral dimensions (68). In the social dimension, social trust was evaluated through the following questions from the 2018 CLDS: “What is your level of trust in the following categories of people?” The categories included family members, relatives and friends, neighbors, classmates, fellow students, strangers, people who work or do things together, businesspeople who come into contact while buying things, and those who have religious beliefs. The trustworthiness score for social trust was determined using a five-point Likert scale (1 = not at all trustworthy; 5 = completely trustworthy). Total scores range from 9 to 45, with higher scores indicating a higher level of social trust in all types of people. Cronbach's α for social trust was 0.733, indicating that the questionnaire had good reliability. In the behavioral dimension, this study measured respondents' physical activity through the question, “Have you performed regular exercise in the last month?” and assigned values of 1 and 0, depending on whether the respondents answered yes or no, respectively.



3.2.5. Covariates

This study adjusted for covariates of older adults' sociodemographic and individual health characteristics, and built environment (71). For individual-level covariates, this study included gender (binary variable: male vs. female), marital status (binary variable: not single vs. single), annual personal income (continuous variable), hukou (binary variable: local vs. non-local; i.e., whether the place of domicile was the same as their place of residence), and education (binary variable: educated vs. uneducated). For covariates of individual health characteristics, this study included illness and injury status (binary variable: no sickness or injury in the last 2 weeks vs. sickness and injury within the last 2 weeks), history of alcohol consumption (binary variable: no history of alcohol consumption vs. history of alcohol consumption), and history of smoking (binary variable: no history of smoking vs. history of smoking). Considering that the mental health of older adults may be affected by chronic diseases, as the 2018 CLDS does not have questions related to chronic diseases, the illness and injury status of older adults can be substituted for this question to some extent (8). For covariates of built environment, this study uses urban GDP per capita (continuous variable; i.e., gross urban product divided by total population) and urbanization rate (continuous variable; i.e., proportion of urban permanent population to the total permanent population), with data for the built environment taken from the 2018 China Statistical Yearbook (69).




3.3. Statistical analysis

This study used SEM to examine the links between urban green spaces, latent media, and mental health. Notably, SEM can measure the total, direct, and indirect effects of one variable (e.g., urban green space) on another (e.g., mental health), allowing for the exploration of potential mechanisms behind the relationship between urban green space and mental health (72). In the SEM, chain mediation models were tested. Mental health was considered a continuous variable in the baseline model. Physical activity intensity was considered a binary variable. Relative deprivation and social trust were considered continuous variables. An analysis of this set of covariates was performed. The green space, sociodemographic, built environment, and individual health characteristics were set as exogenous variables. Relative deprivation, physical activity, social trust, and mental health were set as endogenous variables (Figure 1).


[image: Flowchart illustrating relationships between sociodemographic, individual health, and built environment covariates, which influence green space, physical activity, relative deprivation, social trust, and mental health. Arrows show interactions between variables, with exogenous (green space) and endogenous variables (physical activity, mental health, relative deprivation, social trust) outlined differently.]
FIGURE 1
 Theoretical framework for the SEM construction.


Because the variables estimated in this paper were observed variables rather than latent variables, the SEM without latent variables constructed in this paper can be expressed as follows:

[image: Equation representing a mathematical model: \( y = By + \Gamma x + \delta \) with a reference to equation number 1.]

where y refers to the NY × 1 vector of endogenous variables, x refers to the NX × 1 vector of exogenous variables, B is the NY × NX matrix of coefficients representing the direct effects of endogenous variables on other endogenous variables, Γ is the NY × NX matrix of coefficients representing the direct effects of exogenous variables on endogenous variables, and δ is the NY × 1 vector of errors in the equation.

Additionally, this study considered existing research to determine the fit parameters for SEM (73), which tested the proposed models. The following model fit parameter criteria were used: the chi-square to degrees of freedom ratio (CMIN/DF) ≤ 5; root mean square error of approximation (RMSEA) ≤ 0.08; goodness-of-fit index (GFI) ≥0.90; normed fit index (NFI) ≥0.90; incremental fit index (IFI) ≥0.90; Tucker-Lewis index (TLI) ≥0.90; and comparative fit index (CFI) ≥0.90. SPSS Amos 26 was used for multi-level SEM, and STATA version 13.1 was used for basic pre-analysis data cleaning.




4 Results


4.1. Descriptive statistics

Table 1 presents the descriptive statistics for all the variables. The mean score of mental health was 71.73 (SD ±9.89), which was much higher than the cutoff (i.e., 2/3 of the total score of 80), revealing that the participants exhibited good mental health. The mean levels of relative deprivation and social trust were 4.50 (SD ±1.77) and 30.78 (SD ±4.12), respectively. Notably, the mean value of relative deprivation is less than half of the total relative deprivation score, indicating that older adults perceive themselves to be in a vulnerable position in society. Regarding physical activity, 72.5% of the older adults did not exercise regularly in the previous month, constituting the majority of the total sample and indicating a lack of physical activity among older adults. Regarding the control variables, 70.6% of the participants were educated, 90.2% were not single, 95.6% were local, 52.9% were male, 85% had no illness or injury in the preceding 2 weeks, 76.3% had no history of alcohol consumption, and 32.7% had no history of smoking. The mean annual income of older adults was 16,752.10 yuan (SD ± 18,911.34).


TABLE 1 Statistics of variables.

[image: A table displaying various study variables, their assignments, and totals for a sample size of 2,465. Variables include dependent variables like mental health, independent variables such as green exposure, and mediators like relative deprivation, social trust, and physical activity. Covariates cover annual personal income, marital status, Hukou registration, educational attainment, sex, sickness or injury status, and history of alcohol and smoking consumption. Data formats include continuous variables and categorical choices, with associated means, standard deviations, counts, and percentages.]



4.2. Structural equation analysis
 
4.2.1. Analysis and fit of the model

SEM model was used to validate the conceptual framework (Figure 2). The fitness indicators of the model are as follows: CMIN/DF = 2.473, RMSEA = 0.025, GFI = 0.984, NFI = 0.969, IFI = 0.982, TLI = 0.969, and CFI = 0.981. The model passes the test for each indicator, as outlined in Section 3.3.


[image: Flowchart depicting relationships among covariates and factors affecting mental health. Covariates include sociodemographic, individual health, and built environment. Key factors are green space, physical activity, relative deprivation, social trust, and mental health, with regulatory interactions linking them.]
FIGURE 2
 Conceptual framework.




4.2.2. Associations between green space, mediators, and mental health

The SEM model results are shown in Figure 3. Urban green space was significantly and positively associated with the mental health of older adults (β = 0.035, p < 0.1), indicating that an increase in urban green space favors the level of mental health of older adults. Therefore, Hypotheses 1 was supported. In the association between urban green space and mediating variables, urban green space was positively associated with both relative deprivation (β = 0.055, p < 0.05) and physical activity (β = 0.031, p < 0.1). The results reveal that an increase in urban green space allows more older adults to enjoy the benefits of green space resources in order to reduce the relative deprivation. In addition, the increase in green spaces provides more open space for older adults to engage in more physical activities. By contrast, there was no statistical relationship between urban green space and social trust (β = −0.007, p > 0.1). This suggests that an increase in urban green space does not directly increase social trust among older adults. Regarding the interrelationships of the three mediating variables, relative deprivation was positively associated with both increased physical activity (β = 0.136, p < 0.01) and social trust (β = 0.111, p < 0.01) among older adults. This suggests that lower relative deprivation among older adults increase their willingness to be physically active and social trusting. Regarding the relationship between the three mediating variables and mental health, older adults with lower relative deprivation were more likely to report higher levels of mental health (β = 0.218, p < 0.01). A decrease in relative deprivation suggests that older adults' perceived social status has risen, which to a certain extent enhances their psychological feelings of self-confidence, self-esteem, and pleasure, which is conducive to their psychological wellbeing. Older adults who engaged in regular physical activity were more likely to report higher levels of mental health (β = 0.046, p < 0.05). Additionally, older adults with higher levels of interpersonal trust in society were likely to have higher levels of mental health (β = 0.093, p < 0.01).


[image: Diagram showing the relationships between green space, physical activity, relative deprivation, social trust, and mental health. Arrows indicate pathways with standardized coefficients and standard errors. Green space affects both physical activity and social trust, which in turn influence mental health directly and indirectly through relative deprivation.]
FIGURE 3
 The model was adjusted for all covariates shown in Table 1. All the coefficients are standardized regression coefficients. *p < 0.1, **p < 0.05, ***p < 0.01.


Table 2 presents the direct, indirect, and overall effects of urban green spaces and covariates on mental health. The overall effect of urban green spaces on mental health was statistically significant. The relationship between urban green spaces and mental health was mediated by relative deprivation and physical activity with indirect effect coefficients of 0.011 (p < 0.05) and 0.002 (p < 0.1), respectively. There is insufficient evidence in this study that social trust mediates the relationship between urban green spaces and mental health (β = −0.001, p > 0.1). Therefore, Hypotheses 2 was partially supported. This result reveals the role of urban green spaces in influencing mental health, mainly by reducing relative deprivation and promoting physical activity in older adults, thus improving mental health. In addition, urban green spaces can influence the level of mental health of older adults by influencing the feeling of relative deprivation, which in turn affects physical activity and social trust, with indirect effect coefficients of 0.001 (p < 0.05) and 0.001 (p < 0.05), respectively. Therefore, Hypotheses 3 was supported. These results reveal that a sense of relative deprivation plays an important mediating role between urban green spaces and mental health, which may, in turn, affect mental health through social interactions and other pathways.


TABLE 2 The direct effect, indirect effect and total effect of green space and covariates on mental health.

[image: Table showing direct, indirect, and total effect coefficients of green space on mental health. Direct effect: 0.035 (SE=0.022); Indirect: 0.014 (SE=0.006); Total: 0.049 (SE=0.022). Covariates include income, marital status, sex, and urbanization among others. Significance levels: *p<0.1, **p<0.05, ***p<0.01.]





5 Discussion


5.1 Green spaces and mental health

The results of this study showed that older adults with more green spaces in their living environments exhibited better mental health than those with less green spaces. This finding is consistent with those of most existing evidence (74, 75). Natural landscapes within green spaces can provide a rich sensory experience that helps residents relieve stress, generate positive attitudes, and relieve negative emotions. This study takes urban green space coverage as a quantitative index, and the results also prove that urban green space coverage is related to the mental health of older adults. A possible explanation is the relationship between green space and urban environmental improvement. The improvement of urban greening coverage is beneficial to reducing air pollution in urban (76). Many studies have proved that air pollution in urban is one of the important causes of damage to the mental health of older adults (77–80), including the increased risk of depression (78), the occurrence of sleep disorders (80), and the decline of cognitive function (79). Moreover, older adults who exhibit reduced abilities due to physical or cognitive decline may be highly sensitive to changes in environmental factors (81). Such that urban green spaces may have better direct benefits for the mental health of older adults compared to residents of other age groups (82). It shows that the improvement of urban green space coverage helps maintain a good psychological state.

Land measurements may influence the association between green spaces and mental health in older adults. This study used the coverage rate of green space in the urban built environment as an indicator to quantify urban green space, while other relevant indicators of urban green space, such as type, quality, and subjective perception, were missing (83). For example, Wang et al. (84) evaluated the quality of green space with respect to accessibility, maintenance, change, naturalness, color, clear arrangement, shelter, presence of garbage, safety, and overall impression, and found that abundant green space is correlated with enhanced mental health. Regarding subjective perception, previous studies have shown that green spaces directly impact older adults' mental health through the perception of bodily organs, wherein streetscape greenery can directly affect older adults' mental health through their visual system (14).



5.2 Potential associations between green spaces and mental health

The relationship between green spaces and older adults' mental health is influenced by many complex and potential factors. Studies have shown that green spaces mediate older adults' mental health through relative deprivation. With the increase of green space, older adults' sense of relative deprivation was weakened, which indirectly improved their mental health status. Relative deprivation means that individuals or groups realize that they are in a disadvantageous position through comparison and think that they deserve better treatment, which leads to anger, resentment, anxiety and other negative emotions (85), and has adverse impact on mental health (86). For older adults, relative deprivation is associated with depression and low cognitive function (87). The existing evidence has shown that relative deprivation affects older adults more than middle-aged people (24, 57). So far, in the research on green space and mental health, academic circles have paid more attention to the differences caused by absolute deprivation, but less research on the role played by relative deprivation. Therefore, we innovatively consider the mediating role of relative deprivation in studying the relationship between green space and mental health in older adults. According to social comparison theory, individuals interacting with others with similar social status can help alleviate mental stress and cognitive inconsistency (88, 89). As an important public resource, urban green space is affected by the degree of absolute deprivation, and individuals with lower absolute deprivation can get more green space resources (47–50). As a result, individuals with different socio-economic status have differences in acquiring green space resources. The improvement of green space coverage can help improve the accessibility of green space and alleviate environmental inequality (90). Therefore, the increase in urban green space may help to narrow the difference in green space resources accessed between relatively low-status older adults and relatively high-status older adults. The contrast between the green resources subjectively available to older adults and those available to the surrounding groups may be even less obvious. Thus, it is helpful to reduce the comparison of older adults in terms of access to green space resources, relieve the pressure on older adults and their dissatisfaction with social inequity, and promote improvement in the mental health level of older adults. Earlier empirical studies have indicated that in the social environment of smaller comparison, individuals with lower status may face less obvious contrast, bear less psychological pressure, and have better mental health status (91). At the same time, in the research on the relationship between green space and wellbeing, it is also shown that relative deprivation partially mediates the relationship between green space and wellbeing (92). Wellbeing is closely related to mental health. This study confirms these early findings to some extent.

Secondly, this study also found that physical activity played an important role in the relationship between green spaces and mental health among older adults. This is consistent with the conclusions of most current studies (43, 93). Urban green spaces are the primary sites for physical exercise and activity. They provide open, healthy, and active outdoor spaces for adults, which helps enhance their physical activity abilities (94). Physical activity is important for older adults to remain healthy. Studies have shown that regular physical exercise in green spaces can greatly reduce health risks associated with cardiovascular diseases, respiratory diseases, hypertension, paralysis, diabetes, and other chronic diseases (38). Simultaneously, higher levels of physical activity are significantly associated with lower rates of mental illness, and appropriate physical activity can help reduce the risk of depression and anxiety in older adults (95), improve memory function (96), and alleviate cognitive impairment (97). Therefore, improving urban green space coverage can help improve older adults' physical activity and reduce the risk of chronic diseases and mental illness, thus improving older adults' mental health. Further, this study hypothesized that urban green spaces enhance the social trust of older adults and are thus associated with their mental health; however, the results showed that there was no significant mediating effect between social trust and green spaces and older adults' mental health. The current research mainly discusses the relationship between trust and green spaces based on trust-related indicators. For example, interpersonal trust in social capital plays a mediating role in alleviating loneliness in older adults through green space (98). But the role of social trust indicators in the relationship between green space and mental health has been less explored. More from the social cohesion, social capital, and other aspects to explore the relationship. The benefits of green spaces for older adults should be further explored (8, 14, 98, 99).

Considering the interwoven relationship between potential intermediaries, this study suggests that urban green spaces indirectly benefit older adults' mental health through relative deprivation (physical activity) and relative deprivation (with social trust). Both pathways were consistent with the expected results. The improvement of green spaces can help reduce the negative impact of relative deprivation on older adults and encourage them to carry out physical activities, thus improving mental health. There was a positive correlation between relative deprivation and physical activities. On the one hand, deprived people are less likely to be physically active than privileged people (100). On the other hand, relative deprivation disrupts the ability of older adults to age successfully and reduces healthy behaviors in older adults, including physical activity (16). The psychological pathway that intensifies social comparison is associated with individual physical activity (58). As for green space—relative deprivation—social trust—mental health pathway, relative deprivation is associated with relevant indicators of social trust. First, lower subjective social status predicts higher perceptions of relative deprivation, which in turn predicts higher interpersonal distrust (101). Individuals with lower subjective status tend to believe that they have less access to resources, and the perception of limited resources can be a threat to interpersonal communication and contribute to mistrust (102). Second, social trust is an important factor affecting emotional health; social trust can help reduce the risk of depression among older adults (103). Higher levels of social trust contribute to higher life goals and self-realization in older adults. Additionally, a high level of mental health among older adults depends on a high level of social trust and support (99). Therefore, a possible explanation is that green spaces can improve older adults' sense of trust in society by reducing the negative impact of relative deprivation on interpersonal relationships, thus affecting their mental health.

This study has some limitations. First, the data selected for this study were cross-sectional. In the statistical collection of cross-sectional data, there may be missing variables or unobservable differences between individuals. Second, owing to data limitations, this study did not consider attributes such as accessibility, quality, type, and subjective perception of green spaces. Although the coverage rate of green space is also an important indicator of urban green space, the lack of other green space attributes affects the final results of the study to some extent. Simultaneously, limited by the original data of the study sample, only a single indicator was selected to measure relative deprivation. Although relative deprivation can be explained to a certain extent, the ideal state of multidimensional measurement has not been reached, which may affect the accuracy of the results. More complex tests will be required in future studies and analyses.




6 Conclusion

This study employed SEM model, using statistics from the nationally representative 2018 CLDS database, to examine the relationship between urban green space rates and older adults' mental health in Chinese urban settings, with a particular focus on the multiple mediating roles of relative deprivation, physical activity, and social trust. The SEM results indicated that urban green spaces were positively associated with older adults' mental health. This suggests that having more greenery in built-up urban areas can improve older adults' mental health. The results of the mediation analysis showed that green spaces can enhance the sense of relative deprivation and physical activity, which, in turn, affects older adults' mental health. There was no evidence that social trust directly mediates the relationship between green spaces and mental health. Further, relative deprivation can mediate the effect of green spaces on mental health by promoting physical activity, social trust, and ultimately, mental health among older adults.

The results of this study are of great significance for promoting the construction of healthy living cities and ensuring healthy aging in China. First, green space can improve the mental health of older adults. The government should implement scientific urban environmental intervention measures to enhance the construction of green space in the urban. Secondly, from the perspective of the role of relative deprivation in the connection between green space and the mental health of older adults, it is very important to promote the environmental equity of urban green space. In the long-term development of the urban, the use of urban planning means to build more fair, safe and comfortable urban public green space and narrow the difference of green space resources obtained by older adults with different social and economic status plays an important role in improving the mental health level of older adults. But in the short term, it is not realistic to increase the green space in the urban. Therefore, other ways are recommended to make the health benefits of green space better reach older adults. Emphasis should be placed on improving the quality of existing green Spaces, especially those in poorer urban environments, taking into account the actual needs of older adults to use green Spaces, such as building sound barrier-free facilities and eliminating unnecessary height differences. At the same time, the government or all sectors of society can make use of urban green Spaces to carry out social activities for older adults, encourage older adults to engage in physical exercise and social interaction in green Spaces, and increase the opportunities for older adults to contact the natural environment in their daily lives. For example, gardening activities for older adults are carried out in urban public green Spaces to provide an interesting and enjoyable gardening experience for older adults. To increase older adults' contact with natural landscapes, plants and sounds, in order to reduce the generation of negative emotions and improve their mental health (104). In addition, according to our research results, physical activities in green areas are conducive to the maintenance of good mental health of older adults, and activities such as aerobics, dancing and walking can be organized in green spaces for older adults. Moreover, social interaction in green Spaces contributes to positive psychological changes. Carrying out social activities for older adults in green space, such as literary performances and chess games, is conducive to increasing the social interaction opportunities of older adults, promoting the improvement of older adults' sense of social trust, and reducing the negative mental health status of older adults. Finally, the good quality of urban green space and the development of older adults' activities cannot be separated from a sound green space operation, maintenance and management system. Effective management of urban green space plays an important role in promoting the long-term benefit of green space to the mental health of older adults.
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Objective: This paper aims to examine the gendered differences in the subjective wellbeing of older adults and underlying determinant factors which contribute to these differences in China where the unique social and cultural systems, the consequent concept of filial piety and the perceptions towards different living arrangements in later life provide an excellent laboratory for studying the topic.
Methods: Hierarchical linear models are employed to analyze the impacts of household structure and built environment on the subjective wellbeing of older adults based on a survey conducted in Nanjing in 2021.
Results: There are significant gender differences in the subjective wellbeing of older adults, with older women reporting higher levels of subjective wellbeing (4.95 vs.4.69). Gender differences also exist in how the built environment affects the subjective wellbeing of older adults, with a greater impact on older adult women (33.68% vs. 28.50%). Household structure impacts the subjective wellbeing of older adults through the division of housework and the company of family members.
Conclusion: There are three major mechanisms through which gender affects the subjective wellbeing of older adults, including structural mechanisms, socio-cultural mechanisms, and physiological mechanisms. Targeted environmental interventions and urban planning policies are recommended to promote the subjective wellbeing of older adults.
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1 Introduction

Subjective wellbeing (SWB) is an important indicator for measuring the mental health of older adults (1, 2). It is also a critical criterion for assessing “healthy aging”. In the era that the whole world is experiencing fast aging, enhancing the SWB of older adults is crucial for improving their mental health and constructing an age-friendly society. The rapid increase in both the proportion and absolute number of older adults in China will have a series of impacts on the entire society (3, 4). The huge gender differences in life expectancy between men and women have resulted in an imbalanced population proportion of older men and women, suggesting that public policies aimed at enhancing the wellbeing and health status of older adults need to account more for gender differences (5, 6).

In recent decades, gender inequality in SWB has been a hot topic of research. There are also many studies that have examined the factors influencing the SWB of older adults (7, 8). Yet, studies focusing on gender differences in the SWB of older adults and the determinant factors are relatively scarce. There are only few exceptions that scholars have explored the impacts of leisure activities participation (9, 10), social involvement (9, 11), intergenerational support (12), and learning behaviors (13) of older adults on the gender differences in SWB. Other factors, including the built environment and household structure, are rarely examined. Previous research has indicated that built environment and household structure are significant factors for the SWB of older adults (14–16), and it seems that they influence the wellbeing of the old men and old women differently. However, to the best of our knowledge, there are still no studies that have comprehensively examined how built environment and household structure are associated with SWB and particularly how these associations vary with gender.

Due to substantial differences in social systems, cultural norms, gender roles and the built environments (17–20), gender differences in SWB among older adults and the determinants might differ across countries (21–23). China's unique social and cultural systems, the consequent concept of filial piety and the perceptions toward different patterns of older adult care and living arrangements in later life as well as the distinctive built environments have resulted in different understandings and preferences regarding SWB from their counterparts in other countries. These differences cast doubt on the applicability of empirical research results and policy recommendations based on cases abroad. In other words, China's distinctive context provides an excellent laboratory for exploring gender differences in the SWB of older adults and can offer a unique perspective to examine the determinant factors of SWB. Therefore, research on gender differences in SWB among older adults in Chinese society and its determinants are important for deepening academic understanding of SWB, as well as for formulating targeted intervention policies to enhance the wellbeing of older adults.

To bridge the above academic gap, this paper attempts to answer the following questions: Are there gender differences in the SWB among older adults people in China? How do household structure and the built environment affect the gendered SWB perception among older adults? To answer these questions, this paper employs a hierarchical linear model to analyze the gender differences in the impacts of built environment and household structure on the subjective wellbeing of older adults based on a survey of the quality of life of older adults in Nanjing.

The reminder of the paper is structured as follows: Section 2 reviews the relevant literature on gender differences in SWB among older adults. Section 3 starts with an overview of the data, measures of the variables and the methods used. In Section 4, we turn our attention to an analysis of our dataset and a number of regression models. Section 5 delves into the discussion of the analysis results, shedding light on the mechanisms of the gender differences in SWB. Finally, conclusions are drawn in Section 6.



2 Literature review

The differences between SWB of men and women has received increasing attention in the academic communities of gerontology, psychology, and health geography (17, 18, 24). Nonetheless, these studies have not reached consistent results, with some studies found that the level of SWB of women is higher than that of men and others found the reverse (25–27). There are also studies that find no significant gender differences in SWB (28, 29). Moreover, gender differences in SWB may vary with age, i.e., the increase in age may have different effects on the SWB between men and women (30).

Relatively few studies have been dedicated to the gender differences in SWB of the old people. According to existing studies, there are interactions between gender, age and wellbeing (30, 31), suggesting a complex picture of gender differences in SWB of older adults. A metal-analysis by Pinquart and Sorensen (32) concluded that the relationship between gender and wellbeing tends to reverse as age increases, and older women reports markedly lower SWB than men. However, those studies focusing on this issue have mostly stemmed from western contexts. Less attention has been paid to the situation of China, resulting in incomplete understandings of the gender differences in the wellbeing of the older adults.

With respect to the factors that contribute to the gendered differences in SWB, there are even fewer studies focusing on this topic with only few exceptions. Li et al. (11) and Zhang et al. (10) found that social activities were more beneficial to SWB for males than for females. Regarding intergenerational support, the financial support offered by the offspring plays a much more crucial role in SWB for older women than for older men, while caregiving support matters more to men than to women (12). With respect to learning behaviors, Shi et al. (13) concluded that the positive impact of learning behaviors on subjective wellbeing of older women was more pronounced compared to older men. Due to declines in physical function and cognitive capacity (33), older adults' daily activity spaces shrink, making them highly reliant on the built environment at the community level (34, 35). In other words, the built environment at the community level tend to play a much more vital part in improving older adults SWB (16, 36) than other population sections. Moreover, women are reported to be more sensitive to the local environment for physiological differences (37). Regarding household structure, previous studies have shown that it can affect the wellbeing of older adults through domestic roles (9, 38) and the consequent division of household responsibilities (21, 39), emotional bonds (40, 41) and social appraisal of the eldercare model (42, 43), yet whether it impacts the old men and old women in the same way and to the same extent remains unexplored.

At present, aging-in-place remains the mainstream eldercare model in China, meaning that both the built environment at the community level and household structure are important factors affecting the SWB of older adults. It is therefore necessary to explicitly investigate how and why the effects of these factors on senior's happiness vary with gender. Base on previous studies, the gender-differentiated effect of built environment and household structure on senior's subjective wellbeing might be attributed not only to physiological differences between men and women, but also to the gender disparities, socio-cultural norms, the division of household labor and thus the differing needs of living environments, etc. For example, in China, women generally take on much more household responsibilities than men (44, 45), and this gendered divisions of household labor continue into late life (39, 46). The household responsibilities not only directly affect older adults wellbeing, but also make them perceive the surrounding built environment differently (47). However, only a few studies have examined the gender differences in older adults wellbeing and its determinants, the underlying mechanisms still remains to be fully explored.

Therefore, in this study we will address the above research gap by exploring the gender differences in the SWB among the old males and females in China and investigating the gender-differentiated effects of built environment and household structure. Our study seeks to provide a complete picture of the gender differences in SWB and its determinants in China while also advance the theoretical discussions in happiness studies.



3 Materials and methods


3.1 Study area and data

Mega-cities in China are the areas where the senior population concentrated (48), and therefore are the ideal places for studying academic issues related to aging society. Nanjing, located in the eastern coast region of China, is not only the capital city of Jiangsu Province and an important central city in Eastern China, but also the sub-center of the Yangtze River Delta Mega-City Regions. In 2015, the population of Nanjing was ~8.23 million. The people who are aged 65 and above accounted for 10.69% of the total population, indicating that Nanjing has entered an aging society (49). By the end of 2021, the population of Nanjing had reached about 9.42 million, with the amount of older adults who are 65 years and above rising to a percentage of 14.49%. According to the national statistics, the percentage of older adults people and the speed of aging in Nanjing is quite typical among the Mega-cities in developed area in China and therefore be selected as the study area.

We analyzed the connections between the built environment and the SWB of older adults based on a survey called “The quality of life of older adults in Nanjing”, which was conducted between September and November 2021. Actually, we had conducted almost the same survey in the same selected communities in 2015. The newly conducted survey is the continuation of that research. The survey was also funded by a national grant. It was designed to investigate how the built environment influences the quality of life of older adults. The questionnaire includes the socio-economic attributes of older adults (including age, income, marital status and household structure, etc.), involvements of household responsibilities, their daily travel-activity information and subjective wellbeing.

We utilized a stratified sampling approach for the survey execution. Initially, we examined various communities across the entire metropolitan region of Nanjing, noting the diverse characteristics of their built environment. Informed by this assessment, we identified and chose representative communities. Subsequently, we performed random sampling of the senior population within these selected areas. Employing such informed stratification reduced the variance inside each strata compared to the total population variance, therefore producing better strata efficiency than systematic sampling or random sampling methods (50, 51). For our study, a total of 12 communities were chosen to typify the diversity in built environment, considering both location and the internal and external conditions of the communities (Figure 1; Table 1). In each community, we drew a random sample of about 50 senior respondents that we either encountered in their communities or surveyed at their homes. In total, we collected data from 640 individuals. The final, valid sample includes 617 respondents, and the percent of the valid sample is 96%. Before examining the interrelations among household structure, built environment, and the subjective wellbeing of older adults, we first tested the validity and reliability of the data with SPSS 25. The P-value of the Bartlett's test was < 0.05, the Kaiser-Meyer-Olkin (KMO) score was 0.786, and Cronbach's alpha value was 0.755, suggesting that the survey questionnaire has good validity and reliability.


[image: Map highlighting various community locations around a city center with red dots. Blue lines represent transportation routes. A legend shows community locations, health environment, and distance from the city center.]
FIGURE 1
 The location of 12 typical communities.



TABLE 1 Profile of the samples.

[image: Table displaying socio-economic attributes and built environments with categories, proportions, and means/standard deviations. Attributes include gender, age, education, income, Hukou status, Communist party membership, and household structures, as well as population density, land use mix, and accessibility of open space, kindergartens, and public transport. Proportions are given in percentages, and mean/SD values are provided where applicable.]



3.2 Research framework and methods

As shown in Figure 2, this paper will analyze the gender differences in SWB among older adults and to detect the different impacts of built environment at the community level and household structure at the individual level. To realize this research aim, Hierarchical Linear Model (HLM) is employed and other socio-economic characteristics of older adults is controlled including age, education attainment and income level. Additionally, two factors with particular Chinese characteristics (hukou status and communist party membership) are selected in the article.


[image: Diagram illustrating factors influencing subjective well-being, divided into community and individual levels. Community level includes built environments like population density and public transport. Individual level covers household structures and socio-economic attributes such as gender, age, and education.]
FIGURE 2
 The research framework of HLM.


HLM is useful for understanding the relationships in hierarchical data structures. Data are collected on random samples of older adults nested within each community. In this application, it might be appropriate to adjust for covariates at both the individual-level (age, gender, education attainment, income level, hukou status, communist party membership and household structure) and at the community-level (built environments). The model begins with a fixed slope, random intercepts model, expressed as:

[image: Equation labeled "(1)" showing a first-level linear model: y_ij = β_0j + β_1 gender_ij + β_2 household_ij + β_k individual_ij + e_ij.]

[image: Equation displaying a second-level model: Beta sub zero j equals gamma sub zero zero plus gamma sub zero one times environment sub j plus mu sub zero j, labeled as Equation two.]

Here (Equation 1), yij represents the subjective wellbeing of older adults, that is, the subjective wellbeing of the i individual in the j community. The first level is the individual-level equation; β0j is the community-level intercept, representing the average subjective wellbeing of older adults at the community level; genderij denotes the gender of older adults, householdij indicates their household structure, and individualij represents other individual demographic and socio-economic attributes, with eij being the individual-level random error. The second level (Equation 2) is the community-level equation; γ00 is the mean of β0j, that is, the overall average score of older adults subjective wellbeing, environmentj is the built environment indicator at the community level, and μ0j is the community-level random error.

The implicit assumption of the above model is that the effects of community-level built environment on the relationship between individual-level variables and subjective wellbeing is constant. However, the impact of gender on the subjective wellbeing of older adults may vary with the built environments. Therefore, we construct a random slope, random intercepts model to analyze how built environments affect the relationship between gender and subjective wellbeing of older adults (Equations 3, 4). This involves interacting gender with the built environment variables, keeping the second level unchanged, while the first level model is expressed as:

[image: Mathematical equation for the first level: \( y_{ij} = \beta_{0j} + \beta_{1} \text{gender}_{ij} + \beta_{2} \text{household}_{ij} + \beta_{k} \text{individual}_{ij} + e_{ij} \), labeled as equation (3).]

[image: Equation for the second level: beta sub j equals gamma sub ten plus gamma sub eleven times community sub j plus mu sub one j, equation four.]
 

3.3 Measures

In this study, SWB is measured using the widely utilized and readily available Satisfaction With Life Scale (SWLS) (52). The five SWLS statements are: “In most ways, my life is close to my ideal,” “I am satisfied with my life,” “So far, I have achieved the important things I want in life,” “The conditions of my life are excellent” and “If I could live my life over again, I would change almost nothing” (Table 2). The questionnaire records respondents' answers using a Five Point Likert Scale, where 1–5 points represent “strongly disagree,” “disagree,” “neutral,” “agree,” and “strongly agree,” respectively. Principal Component Analysis (PCA) is then conducted to obtain the dependent variable of subjective wellbeing (continuous variable) used in the final model. The Kaiser-Meyer-Olkin (KMO) value is 0.908, and the P-value of Bartlett's test is < 0.01, indicating that PCA is an appropriate method.


TABLE 2 Measurement of subjective wellbeing indicators.

[image: SWLS table displaying survey questions with mean and standard deviations, and minimum and maximum scores. Questions include satisfaction with life and achievements. Means range from 2.46 to 2.71 with standard deviations from 0.57 to 0.81. Minimum and maximum values are one and five, respectively.]

Based on the “5Ds” of the built environment (53) and considering data availability, this paper developed five built environment variables: population density, land use mix, accessibility of open space, accessibility of kindergarten and accessibility of public transport. Population density is calculated as the ratio of population and area of the community in Nanjing. Land use mix simultaneously accounts for the variety and prevalence of different functions in the area. Following Ewing and Cervero (53), we calculated an entropy index:

[image: Equation for calculating Shannon entropy: S equals the negative sum over j of the fraction with numerator P sub jk times the natural logarithm of P sub jk, and denominator the natural logarithm of J.]

In this equation, S refers to land use mix (entropy); j is the type of land use (j = 1, 2, …, J); k is the community (k = 1, 2, …, K); Pjk is the proportion of land use j within the community. The entropy ranges from 0 (homogeneity-only one type of land use) to 1 (heterogeneity-shares of uses evenly distributed over all land use categories). We include six land use types with highest relevance for residents' daily activities: residential, commercial, public, industrial, offices and research sites, and parks and recreational use. Accessibility of open space is calculated by the straight-line distance to the nearest green square. Accessibility of kindergarten/public transport is calculated by the number of kindergartens/metro stations within a straight-line distance of 1 kilometer from the center of the community, respectively.

Household structure is an important factor affecting the subjective wellbeing of older adults. In contrast to the west, Chinese society places a high priority on aging-in-place, and there are still a substantial portion of Chinese seniors living together with their married children. Sons bear main responsibility for taking care of their parents, while daughters need to care for her husband's parents as a daughter-in-law after marriage. Existing research also found that there are great differences between living with daughter and living with daughter-in-law on the subjective wellbeing of older adults (54). In the light of the above reasons, this paper categorizes household structure into seven types namely “Living alone,” “Living with spouse,” “Living with daughter-in-law,” “Living with daughter,” “Living with daughter-in-law and grandchildren,” “Living with daughter and grandchildren,” and “Others.” The analytical results of the paper show that different types of household structures tend to have significant different consequences in shaping the level of senior's SWB, indicating the validity of our classification.




4 Results


4.1 Gender differences in SWB of older adults

As shown in Table 3, there are differences in SWB between older adult men and women, with women having a higher average level than men (4.95 vs. 4.69). Mann-Whitney U-test shows that the difference in subjective wellbeing between older adult men and women is significant (P < 0.01). Additionally, the larger standard deviation suggests that the distribution of SWB score among older adult men is more polarized, whereas the distribution among older adult women is relatively steady. There might be several reasons accounting for the gendered discrepancies in SWB. Firstly, women and men may have different expectations regarding aging and contentment. This could shape their self-reported feelings of wellbeing, with women perhaps having more adaptable or realistic expectations compared to men. Secondly, in China women are often seen as being more resilient and better at maintaining social networks. They are more likely to express their feelings and seek help when facing emotional difficulties, which can contribute to emotional support and satisfaction in later life. Men, on the other hand, may have traditionally derived much of their identity and satisfaction from their professional roles, and retirement could disrupt this source of fulfillment. The polarization among men could reflect a reluctance to seek help or discuss emotional issues, resulting in more extreme levels of reported SWB or dissatisfaction. Thirdly, family and living arrangements might also contribute to the discrepancies: older adult women may benefit more from household structures that provide emotional and practical support; men might experience more loneliness if widowed, as they may be less likely to maintain extensive social networks outside of marriage. In other words, these gender discrepancies in SWB among older adults likely stem from a complex interplay of social-cultural, physiological-psychological, and economic factors. Therefore, in next subsection, we adopted multilevel regression models to detect the underlying factors.


TABLE 3 Gender differences in SWB.

[image: Table showing subjective wellbeing scores by gender. Males have a mean score of 4.69 with a standard deviation of 1.03. Females have a mean score of 4.95 with a standard deviation of 0.93. Significance levels are noted: *p < 0.1, **p < 0.05, ***p < 0.01.]



4.2 Determinant factors of the gendered differences in SWB of older adults

This paper adopted hierarchical linear regression models to analyze the gender differences in subjective wellbeing and their influencing factors using software of Stata 15.0 and SPSS 25. Before modeling, multicollinearity diagnostics is performed, yielding a Variance Inflation Factor (VIF) < 5, indicating no multicollinearity among the independent variables. To test the applicability of the multilevel model, an empty model is constructed to examine whether there are intra-class differences among the samples. Results show that the inter-class variance for the empty model is 0.3029, and the intra-class correlation coefficient (ICC) value is 0.3172, meaning that community differences account for 31.72% of the total variance in senior's subjective wellbeing and the explanatory power of the multilevel model is significantly higher than that of single-level models (55). Then the hierarchical linear regression models are conducted and the results are shown in Table 4. It can be observed that the overall effect of gender on senior's SWB is significantly validated (Model 2 and Model 3), with older adult women having notably higher levels of subjective wellbeing than men, indicating that even after controlled for other variables, gender differences in SWB of older adults still exist.


TABLE 4 Hierarchical linear model of subjective wellbeing of older adults.

[image: A table presents various models analyzing the impact of independent variables on household structures, socio-economic attributes, and built environments. It includes coefficients and standard errors for each model. Key factors include living arrangements, gender, age, education, income, and built environment attributes like population density and accessibility. Significant values are marked with asterisks, indicating varying levels of statistical significance. The table compares results across an empty model, and three additional models. Notes at the bottom explain significance levels and variance components.]


4.2.1 The impact of the built environments on SWB

Model 1 is the model that adds the built environment variables into the empty model. In this model, the between-group variance decreases to 0.0443, and the ICC drops to 6.37%, indicating that the selected built environment variables can effectively explain the heterogeneities of SWB at the community level among older adults. In other words, the differences of SWB at the community level are largely due to variations in the built environment.

Specifically, population density is significantly negatively correlated with the SWB of older adults (β = −0.3239, p < 0.01). Existing studies indicate that SWB is inverted U-shaped in population density (50, 51). That is, SWB level tends to increase with population density, reaches the peak, and then decreases while the population density increase. Studies based on Western cases often find a positive correlation between population density and SWB (56–58), for the reason that the population densities there are generally low, reflecting the first half of the inverted “U”. In our case, the population densities of the communities are all very high. The results here actually reflect another half of the inverted “U”-the negative relationship between population density and SWB. Land use mix is significantly positively correlated with SWB (β = −0.3239, P < 0.01), consistent with the literature (59, 60). The reason could be that mixed land use can provide convenient living conditions for older adults and the proximity of destinations promotes social interaction, thereby improving their psychological health.

Regarding the accessibility of the open space, the result shows that the further away from open space, the higher the subjective wellbeing of older adults (β = 0.0004, P < 0.05), which contradicts with existing research (61, 62). On the one hand, open spaces provide good conditions for exercise and recreation, facilitating physical and social activity involvements, thus increasing SWB of older adults. On the other hand, in China older adult people, especially women, often gather in open space to dance with loud background music. Being closer means being more susceptible to the noisy and crowded living conditions, potentially lowering their SWB. The two pathways have contradicted effects on SWB and the negative influence of proximity to open space dominate the overall results.

Accessibility to kindergartens is found to be positively correlated with SWB (β = 0.0861, P < 0.01), perhaps because having more kindergartens within walking distance makes it more convenient for older adults to drop off and pick up children, thus positively affecting their level of SWB. Regarding accessibility to metro stations, the more subway stations around the community, the lower the SWB level of older adults. Like population density, previous research has shown that accessibility to subway stations could have both positive and negative impacts on subjective wellbeing (56, 63). In this paper, the negative effect may be because that communities closer to subway stations typically have higher building densities, more shops, and larger traffic flows, and therefore lead to a decline in SWB of older adults.

In order to examine whether built environments have different impacts on the SWB of older adult men and women, we conducted regression analyses separately for older adult females and males (model results are not presented here due to limited space). Results indicate that community-level variables can explain 28.50% of the total variance in SWB for older adult men and 33.68% for older adult women. All built environment variables had significant impacts (P < 0.01) on the SWB of older adult women, while population density had no significant effects on men's SWB. Compared to older adult men, there are greater differences in SWB at the community level and the built environments exert more prominent impacts on SWB of older adult women.

To further explore how specific attribute of built environments impact SWB of older adult men and women, we established interactions between the built environment variables and gender to investigate the moderating role, as shown in Model 3. Results show that there are gender differences in the impacts of the built environments on the wellbeing of older adults: the coefficient for the interaction between women and population density is negative and significant at the 10% level, indicating that as population density increases the SWB of older adult women reduces more than that of men. Moreover, the interaction between women and accessibility to kindergartens is positive and significant at the 10% level, suggesting that accessibility to these facilities has a more pronounced effect on enhancing the wellbeing of older adult women compared to men.



4.2.2 The impact of household structure on SWB

Model 2 incorporates seven types of household structure at the individual level and controls for socio-demographic variables. In the model, living with daughter-in-law is taken as reference group. The levels of SWB among older people in different household structures rank from high to low as follows: living with daughter-in-law, others, living with spouse, living with daughter, living with daughter-in-law and grandchildren (β = −0.2826, P < 0.1), living alone (β = −0.3055, P < 0.1), living with daughter and grandchildren (β = −0.3279, P < 0.05). Pairwise compared, older people living with daughter-in-law have high SWB than those living with daughter-in-law and grandchildren, and older people living with daughter are more satisfied with their life than those living with daughter and grandchildren. It seems that the presents of the grandchildren tend to reduce the SWB level of older adults. This might be related to more household tasks allocated to older adults when there are grandchildren in the family. Living with daughter or living with daughter-in-law also influences old people's SWB. When pairwise compared, older people living with daughter-in-law have high SWB than those living with daughter, and older people living with daughter-in-law and grandchildren are more satisfied with their life than those living with daughter and grandchildren. China is a country with a robust tradition of extended family and patriarchal and patrilocal living arrangements. This tradition is ascribed to Confucian doctrines that emphasize children's filial obligations to their parents, particularly those of sons. To live with sons are considered successful aging and therefore positively associated with wellbeing. Obviously, household structure is an important factor influencing older adults' SWB.

We also conducted regression analyses separately for older adult females and males to investigate whether household structures have different impacts on the SWB of older adult men and women (model results are not presented here due to limited space). Results show that the presences of grandchildren seem reduced the SWB of the older adult men more substantially than that of the older adult women. The reason could be that old men have to share the additional housework stemming from the existence of the grandchildren.





5 Discussion

The above analyses show that there are indeed significant gender differences in SWB of older adults: older adult women have higher levels of SWB than older adult men. Built environment and household structure are found to be important factors affecting SWB of older adults, and their influences are also gendered. In the following, we proposed three mechanisms that can explain these empirical results.


5.1 Structural mechanisms

The structural mechanism refers to discrepancies between old men and women in resource acquisition, education attainment, opportunities of employment and social-economic status in the society. Existing research indicates that SWB of older adults varies with the degree of gender inequality and people's attitudes toward gender equality in the society (20): the more positive the attitude toward gender equality and the smaller the gender inequality, the smaller the gender difference in subjective wellbeing (20, 64). The old women of our respondents are of the cohorts who have spent most of their lives in a relatively disadvantaged society. Compared with old men, they generally have lower expectations of SWB (17). However, in recent decades, women's social and economic conditions have greatly improved. Gender inequality in China has significantly decreased. The advantages of men in resource acquisition, employment opportunities, and social status have sharply declined. The above changes may be the reason why the SWB of older adult women has significantly improved and exceeded that of older adult men (30). Another structural change in later life is that the dominant person in the family often reverses from men to women. While men traditionally hold dominance, their economic advantage diminishes as they enter retirement. Moreover, older adult men become increasingly reliant on older adult female caregivers for their daily needs, which in turn elevates the status of women within the household. The changing roles in the family narrows the gender-related gaps to some extent and enhance the SWB of older adult women.



5.2 Socio-cultural mechanisms

The socio-cultural mechanism pertains to the manner in which gender roles and norms, as shaped by social and cultural forces, give rise to disparities in subjective wellbeing among older adults. Gender roles refer to the social and behavioral norms that are widely considered to be socially appropriate for individuals of a specific sex within a specific culture (65). These roles dictate how men and women should behave, dress, speak, interact, and fulfill their duties in society based on their gender. There are at least two pathways through which gender roles influence the subjective wellbeing of older adults. Firstly, gender roles could influence the division of household works between men and women and consequently impact their subject wellbeing. In the Chinese traditional norms, men tend to provide economic support, while women bear more responsibility for caring for the family and raising children (9, 38, 66). As shown in Table 5, older adult women tend to share considerably more household chores compared with older adult men in the same household type. Meanwhile, the household burdens carried by older adult women are not changed along with household types as dramatically as those carried by the older adult men. It can be understood that older adult women, accustomed to this labor burden, are not significantly affected by changes in housework due to changes in household structure. Nevertheless, changes in the type and intensity of housework tend to significantly affect the happiness of older adult men. This explains the model result those older adult men living with a daughter-in-law and grandchildren have a significantly lower level of happiness compared to those living with daughter-in-law, while there is no significant change for older adult women.


TABLE 5 The proportion of older adults participating in housework in different household structures.

[image: Chart showing housework distribution percentages by gender in various family structures. Females generally have higher percentages, especially for tasks like laundering, cleaning, and cooking. Significant differences are marked with asterisks indicating p-values: * for p < 0.1, ** for p < 0.05, and *** for p < 0.01.]

Moreover, gender differences in the division of household tasks lead to differing demands for the built environments and facilities. Since women mainly take on the responsibility of caring for the family and raising children, they rely more on the surrounding built environment (67) and consequently the built environment has more significant impacts on the subjective wellbeing of older adult women. This also explains why population density and accessibility to kindergartens demonstrates a greater impact on their wellbeing in the model.

Secondly, the socio-cultural norms could change the level of wellbeing of older adults by influencing their preference and attitudes toward different patterns of older adult care and living arrangements in later life. Chinese society emphasizes cohabitation and mutual support between generations (5, 42), and living with adult children, especially sons, is often seen as a necessary prerequisite for older adult people to obtain intergenerational support and ensure happiness in later life. Hence, most older adult people tend to live with adult children, especially sons (68), and believe that cohabiting with children can yield a higher social evaluation and is considered a “successful” pattern to aging (43). This may explain why the subjective wellbeing of older adults living with daughter-in-law are higher than those living with daughter, and those living with daughter-in-law and grandchildren are much happier than those living with daughter and grandchildren when pairwise compared. Overall, socio-cultural mechanism, especially the concept of filial piety and the division of household tasks, are important pathways through which household structure and the built environment have significant gender differences in their impacts on the wellbeing of older adults.



5.3 Physiological mechanisms

Previous studies suggest that differences in the physiological factors such as hormonal and genetic structures between men and women may directly lead to variations in subjective wellbeing between the sexes (69, 70). Due to these differences, women tend to pay more attention to self-expression, intimacy and support compared to men (71). They also have the tendency toward altruism and find that closeness to family and helping others have a more significant positive impact on their subjective wellbeing (40, 41). Therefore, there is a significant increase in levels of happiness for older adults women living with daughters-in-law as compared to those living with spouses. The positive effects of fulfilling emotional needs even surpass the negative impacts caused by an increased burden of household chores. On the other hand, as they age, individuals experience a decline in physical and perceptual abilities, and their daily activity spaces gradually shrink (55, 72). Comparison to older adult men, older adult women have an even smaller ranges of activities and are more dependent on the built environment at the community scale (72, 73), making them more susceptible to its influences (73). The model results of this paper suggest that the built environment at the community level has a more pronounced impact on the wellbeing of older adult women, which also echoes the findings of existing research (55, 73).




6 Conclusions

Subjective wellbeing serves as a vital metric for evaluating the psychological health of senior citizens. Notable disparities in life expectancy and subject wellbeing between men and women highlight the necessity for gender-sensitive public policies that aim to uplift the wellbeing and health of the aging population. Based on a survey of the quality of life of older adults in Nanjing, this study finds significant gender differences in the subjective wellbeing of older adults. Built environment and household structures are found to exert markedly different influences on the happiness of older men and women. Structural mechanisms, socio-cultural mechanisms, and physiological mechanisms are the three main factors contributing to these gender differences. China's unique built environment, social and cultural background profoundly affect the cognition, preferences, and behavior patterns of older adults, thus resulting in their differences in perceptions of wellbeing and the underlying mechanisms from those in the West. This paper reveals the patterns and mechanisms of the gender differences in senior's wellbeing in the Chinese context, and also, to some extent, enriches the empirical research and theories related to subjective wellbeing.

The results can provide references in formulating policies to create age-friendly community and enhance the health and welfare of older adults for both sexes. Firstly, the high-density built environment in China is quite different from that in West, and the excessive population density has a negative impact on the happiness of older adults, especially on older women. Therefore, policies should not only focus on the provisions of various facilities but also on using measures such as constructing green belts and regulating behavioral norms for some activities especially Square Dance to reduce negative impacts of high density. Moreover, given the significant gender differences in the impacts of the built environment on older adults' SWB, it is essential to consider these differences in the patterns of daily behavior and the consequent facility needs between men and women. Environmental interventions, such as increasing land-use diversity and accessibility of related facilities should be implemented to reduce the burden of domestic labor and to facilitate independent life for older adults, especially older women.

It is important to note that the household structure we studied is the reflection of domestic labor, family comfort and other factors affecting the older adults' SWB. However, living apart does not necessarily prevent children from providing financial and emotional support to older adults. In addition, regarding the variables of the built environment, our study solely focuses on the impact of the objective built environment on SWB and ignores the subjective built environment. In the future more sophisticated survey will be conducted to explore the impacts of both the objective and subjective built environments on senior's subjective wellbeing.
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Introduction: The rapid development of urbanization has brought about changes in residents’ living environment and behavior, leading to health challenges such as hypertension. An improvement in the built-up environment in the community could contribute to the construction of a healthy city, promote the active life of the residents, and prevent and relieve hypertension. However, there is little research on the relationship between the built environment of the community and hypertension. This cross-sectional study aims to evaluate the relationship between communities’ built environment, health behavior, and hypertension grade of residents in Yuhui District of Bengbu City.
Methods: This study is based on data from the 2022 Health Survey of Residents in 21 communities. To investigate the impact of the community’s built environment on residents’ hypertension and the underlying mechanisms, regression and structural equation modeling were employed.
Results and discussion: The results show that the built environment of urban communities has a significant impact on the residents’ hypertension. The presence of high densities of supermarkets, convenience stores, parks and plazas, but low densities of clinics and hospitals, has been identified as a significant risk factor for the development of high blood pressure among the residents. Nevertheless, the adoption of healthy behaviors, including regular walking, physical activity, and a diet rich in fruit and vegetables, can play an important role in reducing the risk of hypertension. The findings of this study show that enhancements to the built environment in urban neighborhoods could contribute to a reduction in the prevalence of hypertension among residents. Furthermore, the implementation of efficacious health interventions in urban settings would facilitate the alteration of residents’ health behaviors and enhance their overall health status.
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1 Introduction

Rapid urbanization is the major factor affecting urban public health. One notable consequence of urbanization is the marked increase in the incidence of hypertension. In some Asian countries, cardiovascular diseases have become the leading cause of mortality (1) and, in some developing countries, urban populations are more likely to suffer from diseases such as hypertension than rural populations (2). Pedestrian-friendly environments characterized by high densities, mixed-use functions, and accessible road networks have a significant inhibitory effect on reducing hypertension among the population in Europe and the United States. In China, community environments that are multi-functional, in addition featuring a dense road network, ample health facilities, and healthy food, are also helpful in reducing the incidence of hypertension (3). Related studies have shown that the urban built environment may influence the regulation of blood pressure among people (4). The prevalence of high population density in residential areas may impose constraints on the manner in which individuals engage in leisure activity (5). Concurrently, a reduction in public activity space and green open space per capita may result in increased psychological stress for residents, which increases the risk of hypertension. It is evident that atmospheric pollution (6) and noise pollution (7) contribute significantly to hypertension. This is particularly the case in developing countries, where the majority of roads are designed with the primary objective of facilitating the movement of motor vehicles, rather than providing safe and accessible routes for pedestrians. Consequently, the high-density road network has an adverse effect on the blood pressure of the population (8). Clinics and hospitals provide residents with more opportunities for blood pressure measurement and health education, giving them the possibility to prevent hypertension in advance (9). The proliferation of high-density supermarkets and convenience stores carry the potential of diminishing the availability of nutritious food items, such as fruits and vegetables. Conversely, this situation results in an increased intake of high-energy foods in the residents’ daily diets. Consequently, such a diet increases the likelihood of residents developing high blood pressure (10). Park plazas, being green open spaces and public activity spaces that promote people’s health, have been shown to be effective in reducing the risk of hypertension in a number of studies (11).

The hypertensive population (defined as residents with blood pressure levels higher than 120/80 mmHg) exceeds 20% in the Yuhui District in Bengbu City. In this area, the aging population is also approaching 30%. It is a compact community with an array of public facilities and is significantly distinct from other areas. Consequently, in order to examine the relationship between the built environment and health, and to elucidate the impact of the built environment on the health of the residents, Yuhui District in Bengbu City was selected as a representative case study. It has been demonstrated that the construction of compact neighborhoods enhances the accessibility of fitness venues. It is more likely to facilitate greater levels of physical activity among the residents (12) and mitigate the risk of hypertension. As such, effective spatial planning can reduce the risk of hypertension of the residents. Nevertheless, the number of studies examining the influence of the built environment on health pathways remains limited. Prior research has concentrated on the impact of residents’ travel and dietary habits on the risk of hypertension (13). The proximity of residents’ homes to their places of work has been demonstrated to reduce the frequency of car travel on a daily basis. This, in turn, has been shown to lead to an increase in the use of healthier modes of travel, such as walking and cycling. Consequently, these habits have a beneficial impact on the residents’ capacity to maintain optimal blood pressure levels. Residents living in neighborhoods with low availability of healthy foods are prone to consuming cheap but unhealthy food in nearby fast food restaurants, which can increase the risk of hypertension (14).

The majority of current research on the urban built environment and hypertension among residents is conducted at the macro-scale, with studies focusing on the county level (15), the provincial level (16), and the downtown areas of large cities (17). There is a paucity of research at smaller scales, such as the community level, and the impact of issues such as aging and older urban areas has been relatively neglected. Furthermore, the impact of individual health status and poor lifestyle choices is overlooked. Therefore, this study employs the Yuhui District in Bengbu City as a case study to examine the influence of the built environment on the residents’ hypertension and the communities’ associated behavioral patterns. Furthermore, this article presents recommendations regarding the configuration of urban spatial structure. It is hoped that the recommendations provided will enhance the efficacy of active health intervention in urban areas, reduce the risk of hypertension and other diseases, and improve the overall health of the residents.



2 Materials and methods


2.1 Overview of the study area

Bengbu, located in the northeast of Anhui Province, is an important city in the middle and lower reaches of Huaihe River; it’s also the central city in northern Anhui. The study area is 21 plots in 3 neighbourhoods in Yuhui District, Bengbu City, involving three communities: Chaoyang Street, Daqing Street, and Diaoyutai Street. According to the survey conducted in 2020, the permanent population of the study area was 120,000, and the aging population nearly account for 30%, making it a severely aging area. Concurrently, 20% of the population is afflicted with hypertension. The blood pressure levels of these individuals exceed the generally accepted norm (120/80 mmHg). This poses a significant risk of cardiovascular diseases among the population. Therefore, this area is selected as the research unit.



2.2 Data sources

The data on residents’ hypertension come from the survey of daily activities and health status of Bengbu residents carried out by the research group in 2022. Random household questionnaires were distributed among the 21 communities in Yuhui District and their response gathered. The survey staff received training and passed an examination. The questionnaire was reviewed by the ethics committee of Bengbu Medical College and was given to the residents only after obtaining their informed consent. The questionnaire includes personal basic information (gender, age, marital status, educational background, monthly income), daily behavior (daily walking time, physical exercise time, frequency of eating fruits and vegetables), health status (height, weight, medical expenses of the year) and bad habits (smoking and drinking). All questionnaires were subjected to a comprehensive review. A questionnaire was deemed invalid if more than 15% of the options selected by the respondent failed to provide a coherent representation of their views on the matter in question. A total of 2,539 questionnaires were distributed, and 2,412 were returned as valid, representing a 95% response rate. The blood pressure of the respondents was measured on the spot and the hypertension grade was calculated (18). In accordance with the recommendations of a medical practitioner from Bengbu Medical College, the subject group underwent blood pressure assessments between 8 and 10 a.m. on the same day. The blood pressure measurements were taken for a minimum of 5 min per individual. A minimum of two blood pressure readings were recorded for each measurement, with an interval of one to 2 min between readings. The average of the two readings was then calculated. The device utilized for the measurement of blood pressure was an Omron U702 sphygmomanometer. In accordance with the standards set forth by the World Health Organization, normal adult blood pressure is defined as 120 mmHg systolic and 80 mmHg diastolic. A diagnosis of hypertension was made if the subject exhibited a systolic blood pressure of ≥140 mmHg and/or a diastolic blood pressure of ≥90 mmHg on two separate occasions.

The data of the Built Environment Index derive from the data of the Seventh Population Census of China in Bengbu City and the point of interest (POI) data of various facilities were collected from the map website. The “Seventh Population Census of China” refers to the national census conducted by China in 2020, and POI refers to the point data in the electronic map on the Internet, which basically consists of four attributes, namely, name, address, coordinates, and category. The 500-meter distance represents the daily 10-min walking distance for residents, with a 500-meter buffer zone encompassing the road network and POI density ranges (19).



2.3 Research framework

This article employs a statistical analysis of data pertaining to the relationship between the community’s built environment and hypertension among the residents. Furthermore, a multiple regression model was employed to ascertain the significance of the impact of the community’s built environment on hypertension and to investigate the manner in which the built environment influences hypertension levels through health behavior pathways. Finally, the improvement strategies are suggested. The theoretical analysis model is shown in Figure 1.

[image: Map detailing study regions in Anhui, China. The top left shows Anhui's location in China. The top right highlights Bengbu within Anhui. The bottom map shows Bengbu's Yuhui District, marking study areas, roads, rivers, and neighborhoods.]

FIGURE 1
 Distribution of the scope of investigation.




2.4 Data analysis


2.4.1 Multiple regression model

In this article, the statistical control method (20) is selected for analysis. The hypertension level is usually influenced by many factors such as personal economic, social attributes, and built environment. Individual health status (including height, weight, and current year’s medical costs) and poor lifestyle habits (such as smoking and alcohol consumption) represent significant external factors influencing population health. It is therefore essential to incorporate these variables into the model and to evaluate the robustness of the regression results. The model is represented as follows:

[image: Mathematical equation displaying \( H_{it} = \alpha + \beta_{BE}BE_{it} + \beta_S SES_{it} + \beta_S HC_{it} + \beta_S UNH_{it} + \varepsilon \), labeled as equation (1).]

where Hit is the hypertension rank status of individual i living in community t. BE is the matrix of the community’s built environment variables of the study individual (the core variable of this study). SES is the matrix of socioeconomic attributes variables of the study individual (the control variable of this study). HC and UNH are the health status and bad habits, respectively, and α and ε are the constant and error terms of the regression model, respectively (Equation 1). In order to control for the effects of individual health status and adverse behavior, the model setting of previous studies (21) was employed. Subsequently, the hypothesis that the relationship between the built environment and the grade of hypertension remains statistically significant will be tested. This will enable us to ascertain whether the effects of hypertension are attributable to individual health status and poor behavior (22) (Figure 2).

[image: Flowchart detailing the analysis of the community built environment's impact on residents' hypertension. It starts with data collection from the community environment and residents' health data. The process involves basic data combing, analyzing influencing factors, modeling, path analysis, and model testing. It concludes with optimization strategy and summary.]

FIGURE 2
 The influence of urban community’s built environment on residents’ hypertension and its path research framework.




2.4.2 Mediation effect test

Figure 3 shows the relationship between the built environment, health behavior, and risk of hypertension. The total effect of the built environment on the risk of hypertension as calculated from the model Hit is shown in Figures 3A,C. Given that the built environment exerts a partial influence on hypertension classification through the promotion of health-related behaviors, the total effect, designated as c, is classified into three distinct categories: a, b, and c’. In this context, a and b represent the effects of the total effect c through the health behavior pathway, while c’ denotes the effect of the other pathways. On the basis of Figure 3B, a structural equation model diagram of multiple mediators was formed (Figure 3C), and health behaviors were classified into three aspects: walking time, exercise time, and amount of fruits and vegetables consumed. The bias-corrected non-parametric percentile Bootstrap method was also used to test whether mediating effects a1b1, a2b2, and a3b3 were present in c.

[image: Diagram illustrating the relationships between built environment and hypertension classification. Panel a shows a direct influence. Panel b adds healthy behavior as a mediator. Panel c shows multiple health behaviors—walking time, exercise time, and consumption of fruits and vegetables—as mediators influenced by built environment, impacting hypertension classification.]

FIGURE 3
 Relationship between the built environment, health behavior, and hypertension grade.




2.4.3 Handling of nested data structures

Model 1 incorporates a range of variables, including socioeconomic attributes and health status, which are measured on an individual scale. However, the community-built environment indicators are consistent for all the residents within the same community, and the respondents are not independent individuals. It was thus necessary to ascertain whether the community-built environment indicators exerted an influence on the regression model. Therefore, the null model of the multilevel model was constructed to test.

[image: Mathematical equation: \(H_{it} = \alpha_{00} + \mu_{0t} + \varepsilon_{it}\), labeled as equation (2).]

where α00 denotes the total mean of the hypertension classes in the sample, μ0t denotes the random effect of the community, and ε is the error term. The intra-group correlation coefficient (ICC) was obtained by finding the variance on both sides of it, and if ICC < 0. 06, it indicates that the difference between groups is not significant (23) and can still be tested using model 1.





3 Results


3.1 Effect of urban built environment on hypertension of the population

As shown in Table 1, the overall regression of Model IV was statistically significant (R2 = 0. 118, F = 143. 99). In terms of model test indicators, the R2 value of Model III (0. 118) was higher than that of Models I (0. 077) and II (0. 108), and it can be assumed that the model with the inclusion of individual health status and bad habits was more effective (Table 1). Therefore, the subsequent study was conducted based on Model IV. Among the community’s built environment factors, population density (β = 0. 014), road network density (β = 0. 02), and supermarkets and convenience stores (β = 0. 033) positively predicted residents’ hypertension levels (p < 0. 05), indicating that some of the built environment factors positively affected residents’ hypertension levels, while park square (β = 0. 244*) and other built environment factors were less significantly associated with hypertension levels. Among the economic and social attributes of residents, age (β = 0. 013**) and marital status (β = 0. 117*) had a greater effect on hypertension levels, while gender (β = 0. 073) had a less effect on hypertension levels. In conclusion, regression analyses were employed to elucidate elements of the built environment, including neighborhood density, population density, and road density, as well as elements of personal attributes, such as residents’ gender and age. Furthermore, the analysis revealed that residents’ self-assessed health status and health behaviors exert a significant influence on hypertension levels. Among the personal health conditions, obesity (β = 0. 041**) and medical expenses (β = 0. 044**) had a greater impact on residents’ hypertension levels. Meanwhile, the effect size and statistical significance of each variable in the model remained unchanged. This indicates that the notable impact of the built environment on the hypertension grade of residents is more substantial when individual health status and unhealthy habits are not taken into account. The nestedness of the data was tested according to Equation 2, and ICC = 0. 034 (<0. 06), so the results of the regression model were still accurate in that the built environment in the city had little effect on individual independence.



TABLE 1 Influence of urban built environment on hypertension grade.
[image: A table presents regression analysis results for four models. It includes variables from community built environment, economic and social attributes, individual health status, and bad habits. Key variables are population density, road network density, clinics and hospitals, supermarkets, and park squares under community factors; gender, age, marital status, academic degree, and monthly income under social attributes; fat and medical expenses under health status; smoke and drink under bad habits. Constants, \( R^2 \), and \( F \) values are shown, with asterisks indicating statistical significance at different levels. The table includes notes on income categorization.]

Consequently, among the variables pertaining to the built environment, which have been constructed by the community, a negative association was observed between the density of clinics and hypertension class. Conversely, a positive association was identified between the densities of supermarket convenience store and park square, and hypertension class. Among the socioeconomic attribute variables, age was found to be negatively associated with hypertension class. Among the personal health status variables, there was a positive correlation between obesity and hypertension, and a negative correlation between healthcare costs and hypertension. Among the detrimental lifestyle habits, both smoking and alcohol consumption were found to be associated with an increased prevalence of hypertension.



3.2 Constructed pathways of environmental influences on the hypertension grade of the population

The investigation revealed that diverse built environments exerted an impact on hypertension grades through three health behavior pathways, namely, walking time, physical activity time, and frequency of eating fruits and vegetables. In view of the influence of additional control variables on the mediation model, the control variables were removed, and the impact of the independent variable “built environment” on hypertension through the health behaviors was considered in isolation (Figure 4). In particular, walking time was found to be positively associated with population density and road network density, and negatively associated with clinic-hospital density. The time spent engaging in physical activity was found to be positively correlated with road network density and negatively correlated with clinic-hospital density. The frequency of fruit and vegetable consumption was found to be positively correlated with the density of medical facilities.

[image: Flowchart depicting relationships between factors such as population density, road network density, clinic hospital, supermarket convenience store, park square, and walking time. These connect to physical exercise time and frequency of eating fruits and vegetables, which both lead to hypertension classification. Arrows indicate the influence of each factor on the subsequent ones.]

FIGURE 4
 Influence of built environment on hypertension and its route summary. The solid line indicates that the sign of the coefficient is positive, and the dotted line indicates that the sign of the coefficient is negative.


After analyzing the above model using SPSS, version 29.0 and Mplus 8.2, the study found that (1) the built environment affects the hypertension class by influencing the walking time of the residents. Table 2 shows that higher road network density and lower clinic-hospital density increase the risk of hypertension among the residents by increasing the residents’ walking time. Higher road network density may increase the risk of hypertension by having residents disturbed by street noise, resulting in stressful and depressing emotions. A lower density of clinics and hospitals may increase the time for residents to go to hospitals for regular medical checkups, thus reducing the likelihood that residents take the initiative to have medical checkups to reduce the chance of contracting the disease. (2) The built environment affects hypertension class by influencing the amount of time residents spend in physical activity. Table 3 demonstrates that higher road network density (c’ = 0. 054) and lower clinic-hospital density (c’ = −0. 034*) increase the risk of hypertension among residents by increasing the time they spent on physical activity. Higher road network density may increase residents’ activity time and activity intensity, increasing the cardiovascular burden and making residents’ blood pressure rise significantly in a short period of time. Lower clinic-hospital density may lead to the untimely popularization of antihypertensive knowledge, which does not play a good role in guiding residents to live a healthy life and thus increases the potential risk of hypertension. (3) The built environment affects hypertension levels by influencing the frequency of consumption of fruits and vegetables. Table 4 indicates that lower road network density (c’ = 0. 05), lower supermarket convenience store density (c’ = 0. 034**), and higher clinic-hospital density (c’ = −0. 032*) reduce the risk of hypertension among residents by increasing the frequency of the consumption of fruits and vegetables by the residents. Lower road network density reduces residents’ exposure to harmful gasses such as car exhaust. A lower density of supermarkets and convenience stores reduces the potential risk of hypertension by decreasing calorie intake and increasing fruit and vegetable intake. A higher density of clinics and hospitals helps residents to receive more timely treatment to control the incidence of hypertension before its onset.



TABLE 2 Influence of built environment on hypertension grade through walking time.
[image: Table showing mediation analysis results for various items: population density, road network density, clinic hospital, supermarket convenience store, and park square. Columns include total effect, mediating effect value, and direct effect. Significant effects are marked with asterisks: single for p < 0.05 and double for p < 0.01. Bold numbers indicate significant mediation effects.]



TABLE 3 Influence of built environment on hypertension level through physical exercise time.
[image: A table analyzes mediation effects with variables such as population density, road network density, clinic hospital, supermarket convenience store, and park square. Columns display total effect, mediating effect, and direct effect, with values indicating significance levels. Bold text highlights significant mediation effects, with asterisks denoting significance levels: one asterisk for p < 0.05 and two for p < 0.01.]



TABLE 4 Influence of the frequency of eating fruits and vegetables on hypertension level in built environment.
[image: Table showing effects of various items such as population density and road network density on total, mediating, and direct effects. Significant mediation effects are bolded. Items include clinic hospital and park square, with values indicating significance at different levels.]




4 Discussion

Previous literature has explored the impact of the built environment on residents’ health from environmental perspectives such as compact use of urban space, functional mixing, and pedestrian friendliness. However, in the context of an aging population in old urban areas, there are fewer studies focusing on the impact of the built environment on the incidence of hypertension through the behavior of residents (24). Nowadays, in the face of population aging, it is of practical significance to study the impact of the built environment on hypertension, a common disease among the older adult (25).

In studying the effects of built environment on residents’ health, among the community’s built environment variables, clinic density was negatively associated with hypertension class. This is consistent with previous research findings (9), where the presence of more number of clinics provided residents with more opportunities for blood pressure measurement and health education, making it possible for residents to reduce the risk of hypertension in advance. The density of supermarkets and convenience stores was found to be positively associated with the grade of hypertension, which is also consistent with previous findings (10). In other words, the greater the density of supermarkets and convenience stores, the greater the likelihood that residents will consume foods high in oil and salt, and thus be more likely to develop hypertensive disorders. The positive correlation between park square density and hypertension classification differs from the findings of a regional study conducted in cities with a greater abundance of parks and greenery (11). In these cities, an increase in park square density may result in greater exposure to natural environments, which could contribute to a reduction in the incidence of hypertensive disorders. However, some scholars have also found that park squares may also have a risk of damaging health (26), and this study further validates their findings. Furthermore, the study area’s location in an older urban setting resulted in a relatively low number of parks per neighborhood (M = 0.239), accompanied by a high degree of clustering. This may result in a discrepancy between the findings of the study and the conclusion that an increased density of park squares is associated with an increased risk of hypertension (27, 28).

In addition, among the socioeconomic attribute variables, age was negatively associated with hypertension grade. This finding is consistent with previous studies (29), where the human cardiovascular system undergoes degenerative changes with age and increased blood pressure may lead to an increase in hypertension grade. Among the individual health status variables, obesity can lead to increased hypertension, while obese individuals have thicker subcutaneous fat and increased blood volume, leading to higher blood pressure (30). Higher medical expenses of residents will indirectly lead to the increase in hypertension risk, and higher medical expenses often mean that residents have low immunity or chronic diseases, which will lead to an increase of hypertension risk (31). Among the bad habit variables, both smoking and drinking increase the risk of hypertension, probably because harmful components in tobacco (32) and alcohol (33) cause damage to blood vessel walls, as well as other hazards, which increase the risk of hypertension. Therefore, in daily life, to strengthen health education for the residents, community workers should regularly publicize the dangers of hypertension and the knowledge on how to prevent it, such as reducing smoking and drinking (34, 35). At the same time, strengthening health education for teenagers in schools and developing good living habits from childhood will indirectly affect the future level of hypertension (36).

Higher road network density and lower clinic-hospital density can increase the risk of hypertension among residents by increasing the walking time. A higher density of road network increases the daily walking time of residents, which is in accordance with the previous research results (37). The dense road network shows that the streets are closely connected and plays an important role in facilitating residents’ walking habits (38). However, the study area is located in the old city, and longer outdoor walking time on both sides of the road will increase the possibility of being exposed to pollution (39, 40), which will increase the risk of hypertension (41). A reduction in the density of both clinics and hospitals has been found to result in an increase in the amount of time residents spend walking on a daily basis. This finding is consistent with the results of a previous study (42). In other words, a reduction in the number of healthcare service destinations results in a decrease in accessibility to treatment (43). This indicates that the daily journey to healthcare facilities becomes more onerous, thereby increasing the time residents spend walking per day.

Higher road network density and lower clinic hospital density increase the risk of hypertension for residents by increasing their physical exercise time. The increase in road network density increases the time of residents’ sports activities, which is consistent with the previous research results (44). Specifically, the increase of road network density improves the accessibility of sports venues, thus increasing the frequency of sports activities (45). A novel finding is that a reduction in clinic-hospital density in the study sample is associated with an increase in the frequency of physical activity among the residents. This may be attributed to the observation that the residents of communities with a reduced number of clinics and hospitals have diminished access to healthcare services (46), which may result in a greater propensity to engage in rigorous physical activity. In particular, residents with cardiovascular disease will engage in more unguided exercise. However, research shows that high-frequency exercise increases patients’ blood pressure and intensifies the risk of hypertension (47), especially when hypertensive patients exercise in a blind way (48).

Lower road network density and supermarket convenience store density but higher clinic hospital density would reduce the risk of hypertension among residents by increasing the frequency of eating fruits and vegetables. The frequency of eating fruits and vegetables had a significant negative association with hypertension grade under the influence of the built environment in older urban areas, which is consistent with previous studies (49). Vegetables and fruits are a rich source of essential nutrients, including dietary fiber and vitamins, which can play a role in the prevention of hypertension. Nevertheless, a reduction in the consumption of other food items with a high salt and fat content has been demonstrated to enhance immunity and safeguard the cardiovascular system, thereby reducing the likelihood of hypertension. A reduction in road network density has been observed to result in an increase in the frequency of fruit and vegetable consumption among the residents. This may be attributed to the observation that neighborhoods with lower densities of surrounding road networks typically exhibit superior environmental quality. A more favorable natural environment is conducive to the adoption of a healthier diet among the residents. Residents far from the city center will also grow some vegetables and fruits in their own yards, which will increase their consumption of fruits and vegetables and reduce their risk of chronic diseases (50). An increase in the density of clinics and hospitals is associated with a higher frequency of fruit and vegetable consumption among the residents. This may be attributed to the prevalence of health awareness slogans and health education talks in hospital clinics. This will facilitate an improvement in residents’ attitudes toward healthy eating, which will in turn result in an increase in the frequency of consumption of fruits and vegetables. An increase in the density of supermarket convenience stores decreases the frequency of eating fruits and vegetables among residents, which is in line with previous studies (14). Supermarket convenience stores will sell more high-calorie food, fast food, and other types of unhealthy food, which will make residents choose fewer fresh fruits and vegetables.

Therefore, the study area needs to optimize the corresponding community built environment and reduce the risk of hypertension by improving the density of road network, clinics, hospitals, supermarkets, convenience stores, and park squares. This article provides the following recommendations. (1) The road network needs to be improved. In the renewal of the old city, road network should be reorganized to reduce the relative walking time of residents on both sides of the road and increase other activities (51). (2) A high density of clinics and hospitals will reduce the risk of hypertension through residents’ behavior. It is desirable that land for clinics and hospitals be reserved at the beginning of planning, and it is advisable to gradually increase medical land and investment in urban renewal, and increase the current density through pilot planning of “smart health stations.” (3) In terms of supermarket convenience stores, more supermarket convenience stores will increase the risk of hypertension among residents’ who may consume less fruits and vegetables. Consequently, in future planning, some supermarket convenience stores should be transformed into vegetable and fruit markets and stores.

Since related research in the context of heavy aging in old urban areas is still in its infancy, and in view of the existing research on healthy cities, future empirical analyses on this issue can focus on the following aspects: (1) based on the residents’ traveling surveys, the spatial analysis scope that meets the actual activities of individuals can be delineated and the accuracy of the activity space and the amount of their activities can be improved and increased; (2) on the hypertension level of residents, the Internet open-source data and field survey data can be combined to test the similarities and differences between objective built environment indicators and subjective environmental perceptions; (3) the differences in the mechanism of action among different populations can be explored, with particular emphasis on the impact of the urban built environment on the health status of disadvantaged social classes.



5 Conclusion

Each of the built environment factors had a significant effect on the level of hypertension in the population, but were not interfered with by their individual health status or bad habits. A high density of supermarkets and convenience stores, parks and squares, and a low density of clinics and hospitals increase the risk of hypertension and are detrimental to residents’ health. The built environment will influence residents’ health-related behavior and affect their own hypertension levels. To be more specific, higher road network density and lower density of clinics and hospitals increase walking and physical exercise time and reduce the frequency of eating fruits and vegetables, thus increasing the risk of hypertension. Higher supermarket and convenience store densities increase the risk of hypertension by decreasing the frequency of fruit and vegetable consumption.

This article is based on cross-sectional survey data only, and future studies utilizing longitudinal survey data are needed to further explore the effects due to environmental changes, which will more accurately explain the relationship between the built environment and residents’ hypertension.
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Introduction: The accelerated motorization has brought a series of environmental concerns and damaged public environmental health by causing severe air and noise pollution. The advocate of urban rail transit system such as metro is effective to reduce the private car dependence and alleviate associated environmental outcomes. Meanwhile, the increased metro usage can also benefit public and individual health by facilitating physical activities such as walking or cycling to the metro station. Therefore, promoting metro usage by discovering the nonlinear associations between the built environment and metro ridership is critical for the government to benefit public health, while most studies ignored the non-linear and threshold effects of built environment on weekend metro usage.
Method: Using multi-source datasets in Shanghai, this study applies Gradient Boosting Decision Trees (GBDT), a nonlinear machine learning approach to estimate the non-linear and threshold effects of the built environment on weekend metro ridership.
Results: Results show that land use mixture, distance to CBD, number of bus line, employment density and rooftop density are top five most important variables by both relative importance analysis and Shapley additive explanations (SHAP) values. Employment density and distance to city center are top five important variables by feature importance. According to the Partial Dependence Plots (PDPs), every built environment variable shows non-linear impacts on weekend metro ridership, while most of them have certain effective ranges to facilitate the metro usage. Maximum weekend ridership occurs when land use mixture entropy index is less than 0.7, number of bus lines reaches 35, rooftop density reaches 0.25, and number of bus stops reaches 10.
Implication: Research findings can not only help government the non-linear and threshold effects of the built environment in planning practice, but also benefit public health by providing practical guidance for policymakers to increase weekend metro usage with station-level built environment optimization.
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1 Introduction

The accelerated urbanization and motorization have brought severe environmental challenges, including air pollution, traffic congestion and climate change (1). The air and noise pollution brought by car dependence are the critical threats to public health, which can damage the physical and mental health of people (2). Under this circumstance, transit-oriented development (TOD) has been advocated among many countries to promote urban rail transit system (3). The large-scale construction of metro system has shifted from developed countries to developing contexts (4). In China, the metro system has been constructed in 59 cities and the total length has reached 11232.65 km by the end of 2023 (5). Since the urban traffic carbon emission is a critical reason of climate change, it is imperative for urban planners to improve public environmental health by facilitating metro usage.

Due to the large capacity, low cost and travel time reliability, metro system has become an effective transport alternative for not only the commuting trips on weekdays but also the leisure trips on weekends (1). The trip purpose and travel behavior of metro users can be significantly different between weekdays and weekends (6). For example, there are more commuting trips on weekdays with obvious rush hours, while more entertaining trips with no obvious peak hours on weekends (7). Since the travel modes for commuting people are relatively fixed, promoting metro usage on weekend can not only mitigate traffic congestion and reduce carbon emissions, but also benefit public health from multiple perspectives.

Compared to other factors which may influence the metro ridership (e.g., weather, fare, etc.), the built environment is more suitable to optimize at different metro stations (8). With the development of geographic information systems (GIS) and availability of big data, direct ridership models (DRMs) become more popular in recent metro ridership literature (9). Many of DRMs derived from ordinary least squares (OLS) regression (10), multilevel regression (11), or geographically weighted regression (12), by assuming a linear or loglinear relationship. However, the nonlinearity between the built environment and metro usage has been recently investigated by different DRMs based on several machine learning algorithms, such as Gradient Boosting Decision Tree (GBDT), Random Forest (RF), eXtreme Gradient Boosting (XGBoost) and Light Gradient Boosting Machine (LightGBM) (4, 13, 14). Moreover, the non-linear influences of built environment have been discovered on different travel behavior, including shared bikes (15), shared e-scooters (16), ride-splitting (17), driving distance (18) and ride-sourcing (19). Among these emerging non-linear studies on metro ridership, most of them focused on non-linear effects of the built environment on weekday metro ridership (4, 13, 14), ignoring the temporal heterogeneity on weekend metro usage. The non-linear associations between built environment and metro ridership can be quite diverse between weekdays and weekends, while previous studies failed to address this issue.

To fill the gap, this study aims to promote the metro usage and improve the public environmental health by discovering the non-linear impacts of built environment on weekend metro usage. By utilizing various datasets and GBDT approach, this study attempts to address two research questions: (1) What is the relative importance of each built environment variable in affecting weekend metro ridership? (2) Does the built environment show non-linear impacts on weekend metro usage? What are the threshold and effective ranges?

The remaining part of this paper is structured as follows. Next section reviews the studies on associations between the built environment and metro ridership. Section three introduces the data, variables and methodology. Section four concludes the results. Section five discusses the research findings. The last section summarizes the paper and points out the limitation.



2 Literature review

Due to the popularity of urban rail transit system and transit-oriented development, studies on impacts of built environment on metro usage have brought increasing attentions in the past few decades (4, 13, 14, 20). In the past few years, DRMs have become popular than traditional ridership prediction model because of the convenience of data collection (13).

Although scholars have evaluated the built environment from different aspects, most measured the built environment by “5Ds,” including density, diversity, design, destination accessibility and distance to transit (21). Higher activity density can increase the possibility of using metro system. For example, population density or employment density have significant and positive impacts on metro usage (22), both in developed countries (23) and developing countries (24–26). However, recent studies employed GBDT model and proposed that non-linear impacts of density on metro usage may appear negligible if it beyond certain threshold (4, 13, 14, 20).

Diversity, such as mixed land use, can improve metro usage by making the metro station surroundings more appealing. For example, land use mixture has been explored to have positive impacts on metro ridership in Spain, South Korea and China (12, 27, 28), but studies in other countries show insignificant effects of land use mix (23, 29–31). Recently, the non-linear impacts of diversity on metro ridership has been found to be non-trivial only when they are within certain ranges (13, 14).

Design measures road network within the station area. Design features, including street or intersection density can show positive impacts (14, 23, 24, 32–34) or negative effects on metro ridership (26, 28, 35). Recently, studies on DRMs have pointed out that design features have positive impacts on metro usage only if they are in certain ranges (13, 14).

Destination accessibility measures the accessibility to certain areas (city center) or facilities (shopping center). For example, some studies examined the non-linear associations between distance to city center and metro ridership (4, 13). However, the impacts of distance to city center are found to be insignificant in other studies (24, 34). Distance to transit, including bus stop and bus route, have also been explored by studies in different contexts (14, 20, 36, 37).

To sum up, some studies have used DRMs to analyze the impacts of built environment on metro usage, but almost neglect the metro usage on weekends. For these gaps, this study tries to improve the public environmental health by discovering the non-linear impacts of built environment on weekend metro usage.



3 Materials and methods


3.1 Study area

In this study, we utilized 1 month smartcard data on May 2023, including 17 lines and 328 stations in Shanghai (Figure 1). The smartcard data was provided by the Shanghai Government Data Portal1 with hourly passengers. The raw smartcard data included number of hourly inbound and outbound passengers for each metro station. Daily ridership on weekends of each station was then aggregated by adding up hourly inbound and outbound passengers. The average station ridership on weekends is 27,259 riders per day. People’s Square Station, the interchange station of three lines which located at the city center, has the highest ridership of 243,938 passengers. Thirty-two stations have more than 50,000 riders per day, while 55 stations have fewer than 10,000 daily ridership.

[image: Map depicting bus ridership in a city with dots representing different levels of ridership. Red dots indicate areas with over 100,000 riders, orange for 30,001 to 100,000, yellow for 10,001 to 30,000, and green for fewer than 10,000. Lines connecting dots visualize bus routes. A scale bar and north arrow are included.]

FIGURE 1
 Weekend metro ridership of 328 metro stations in Shanghai.




3.2 Variables

Twelve built environment variables were included to measure 5Ds built environment in this study. Multiple sources and platforms are used to collected the data of the built environment characteristics, including OpenStreetMap and AMAP API.


3.2.1 Density

Population density around metro station is calculated within 500 m buffer, based on the WorldPop population data with 100 m resolution. Using POI data from AMAP API, employment density is determined by the percentage of employment-related point of interests within 500 m buffer. Rooftop density, the measure of land development, was also calculated within 500 m buffer based on the rooftop area datasets (38).



3.2.2 Diversity

Land use mix, the entropy index for different land use, was utilized to measure station level land use diversity. Since the land use data was not open access to the public, 23 categories of point of interests are used as the alternative to calculate the land use mix entropy within 500 m buffer, including catering, shopping, education, employment, entertainment, tourism, public service, sports, green space, etc.



3.2.3 Design

Intersection and road density were used to measure street design, based on the data from OpenStreetMap. Road density was measured by removing highways and sidewalks from the OpenStreetMap street network, while number of intersections is measured by counting 3-way or more intersections.



3.2.4 Destination accessibility

Network distance to CBD and straight distance to the nearest Sub-CBD were involved to measure the effects of accessibility. The CBD and several city Sub-CBDs were chosen according to the official document by Shanghai government (39). Network distance to the nearest highway entrance is was also used to assess the destination accessibility.



3.2.5 Distance to transit

Bus stop and bus line are counted within the station service area, while straight distance to the nearest bus stop is selected to measure the distance to transit.

All the built environment characteristics are measured within 500 m buffer by QGIS (Figure 2). Table 1 summarizes the statistics of all built environment variables.

[image: Map showing a metro station with accompanying lines and stops. A black circle represents the metro station. Green lines indicate metro lines; red lines symbolize bus routes with red dots for bus stops. Blue squares mark points of interest, and shaded circles depict a five hundred meter buffer around the station. Key areas like rooftops and highways are marked in specific shades. An arrow indicates north for orientation.]

FIGURE 2
 An example of built environment variables within station area.




TABLE 1 Statistics of all variables.
[image: A table displaying various variables related to metro ridership in Shanghai. It includes categories like dependent variable, built environment variables, diversity, design, destination accessibility, and distance to transit. Each category lists specific variables such as population density, road density, and bus stop count, along with their mean, standard deviation, minimum, and maximum values. Data sources include Metro smartcard data, WorldPop, Point-of-interest data, and OpenStreetMap, dated 2020 to 2023. The table uses measurement units like count, ratio, kilometers, and kilometers per square kilometer.]




3.3 Methodology

We employ Gradient Boosting Decision Tree (GBDT) approach to analyze the non-linear effects of the built environment on weekend metro usage. GBDT has several merits for this study. GBDT do not pre-assume linear association between different variables (40). It can also visualize the non-linear relationship by depicting partial dependent plot, which shows the marginal effect on the predictions (41). Meanwhile, GBDT helps to evaluate the contribution of each feature by automatically calculating feature importance (14). Moreover, GBDT is not sensitive to multicollinearity problems, which makes it possible to examine non-linear impacts of different features on weekend metro usage, even they are highly correlated. The effectiveness of GBDT has been recently proved by several studies to evaluate the non-linear effects of built environment on different kinds of travel behavior.

Mathematically, GBDT sets the approximation function [image: Mathematical notation displaying the function \( F_T(x) \).] by combined several decision trees, and aims to minimize the loss function [image: The formula \(L[y, F(x)] = [y - F(x)]^2\) represents the squared loss function, where \(L\) is the loss, \(y\) is the true value, and \(F(x)\) is the predicted value.]. The approximation function [image: The image displays the mathematical expression \( F_T(x) \), where \( F \) and \( T \) are uppercase letters in italics, and \( x \) is a lowercase letter in parentheses.] is given by Equation 1:

[image: Mathematical equation defining \( F_T(x) \) as the sum of functions \( f_t(x) \) from \( t = 1 \) to \( T \), equal to the sum of \( \theta_t h(x; n_t) \) from \( t = 1 \) to \( T \), labeled as equation (1).]

where [image: It seems like there might have been an issue with uploading the image. Please try again by clicking the "Upload" button and selecting the image file from your device. If you would like, you can also provide a caption for additional context.] is number of trees, [image: It looks like there was an issue with the image upload. Please try uploading the image again or provide a URL. You can also add a caption for additional context if needed.] is the parameter of the [image: Mathematical expression showing the variable "t" with a superscript of "th," indicating the ordinal position "t-th."] tree [image: The mathematical expression "h(x; ηₜ)" presents a function h with an argument x and parameter η sub t.], [image: It seems there might have been an error in how the image was referenced or uploaded. Please make sure to provide the image directly or ensure it is in a viewable format. If you have a specific image in mind, try uploading it again or provide additional context.] is the weight of [image: Mathematical expression showing "h" of "x" with semicolon "η" subscript "t".] which can be calculated by minimizing the loss function. The optimization process includes several iterative steps. First, the initialization function is determined as Equation 2:

[image: Mathematical expression showing the function \( f_0(x) \) defined as the argument that minimizes \(\theta\) of the sum from \(i=1\) to \(N\) of the loss function \(L(y_i, \theta)\), labeled as equation (2).]

Second, the residual error [image: Mathematical notation displaying the variable "r" with subscripts "t" and "i" in italics.] is derived for each sample [image: It looks like you're attempting to reference an image, but it wasn't uploaded. Please try uploading the image again, and I can help generate the alt text for you.] in [image: Mathematical notation showing a lowercase "t" with a superscript of "th", representing the "t-th" term in a sequence.] iteration as Equation 3:

[image: Mathematical equation representing a gradient used in optimization. The equation is \( i_{i,j} = -\left[ \frac{\partial L(y_i, f(x_i))}{\partial f(x_i)} \right]_{f(x) = f_{r-1}(x)} \). It is labeled as equation (3).]

Third, ([image: The mathematical expression shows coordinates or a combination of variables, represented as \( x_i, r_{t,i} \).] are utilized to fit the [image: Stylized text showing the mathematical notation "t" with the superscript "th."] [image: Mathematical notation displaying a sequence of discrete time steps starting from \( t = 1, 2, \ldots, T \), where \( T \) represents the total number of time periods.] tree [image: Mathematical expression depicting a function \( h(x; \eta_t) \) with a variable \( x \) and parameter \( \eta_t \).] by getting the [image: \( R_{t,j}, (j = 1, 2, \ldots, J_t) \)], while [image: If you upload the image or provide a link, I can help generate the alternate text for it.] is the tree size. After that, we can use tree traversal to determine the optimal gradient as Equation 4:

[image: Formula for \(\theta_t\) as the argument that minimizes the sum from \(i=1\) to \(N\) of the loss function \(L(y_i, F_{t-1}(x_i) + \theta h(x; \eta_t))\).]

Thus, we can rewrite the iterative equation as Equation 5:

[image: Mathematical formula depicting \( f_t(x) = f_{t-1}(x) + \theta h(x; \eta_t) \) followed by equation number five in parentheses.]

To moderate overfitting, learning rate is proposed as the shrinkage parameter[image: Mathematical expression showing epsilon, ε, with a condition: zero is less than ε and ε is less than or equal to one, denoted as \(0 < \epsilon \leq 1\).] (41). Therefore, the final function could be written as Equation 6:

[image: Equation showing \( F(x) = f_t(x) = f_{t-1}(x) + \varepsilon \, \theta \, h(x; \eta_t) \), labeled as equation six.]

For each feature, the feature importance can be calculated by the final model. The importance of feature [image: Mathematical notation showing an "x" with a subscript "i," often used to represent individual elements in a sequence or dataset.] can be determined as Equation 7 (42):

[image: Mathematical equation showing \( I_{x_{t}} = \sqrt{\frac{1}{T} \sum_{t=1}^{T} \sum_{j=1}^{J_{t}} d_{j}} \).]

where [image: Looks like there was an error in your request, and I can't view any image. Please try uploading the image again, and I’ll be happy to help with the alt text.] denotes tree nodes, and [image: The image displays the mathematical notation \( d_j \), where "d" is a variable subscripted by "j".] refers the differences of loss function when make [image: The mathematical notation "j" with a superscript "th," indicating ordinal position, such as in sequences or series.] tree splitting.

Mathematically, the partial dependence of an independent variable [image: The image shows a mathematical symbol "x" with a subscript "s".] can be calculated as Equation 8 (43):

[image: Mathematical equation labeled as equation eight: \( F_s(x_s) = E_{x_c} [F(x_s, x_c)] \).]

where [image: Mathematical expression displaying "x" with a subscript "c".] represents other variables. Then, the partial function [image: Mathematical expression displaying a function \( F_s(x_s) \).] can be determined by averaging over all samples as Equation 9:

[image: Mean structural function \( \overline{F_s(x_s)} \) is given by \(\frac{1}{N} \sum_{i=1}^{N} F(x_s + x_c)\). Equation number nine.]

Shapley additive explanations (SHAP) can also interpret the model outputs by machine learning models (44). Shapley value (45) are used in SHAP to evaluate the effects of each variable as Equation 10 (44):

[image: Mathematical equation representing the Shapley value formula: φ_v equals the sum over subsets z prime of x prime of the expression z prime factorial times V minus z prime minus one factorial divided by V factorial, multiplied by the difference between f sub x of z prime and f sub x of z prime divided by V. Equation number 10 appears on the right.]

where [image: Please upload the image or provide a URL so I can generate the appropriate alternate text for it.] denotes number of variables, [image: Greek letter phi with a subscript v.] represents the contribution of variable [image: Stylized lowercase Greek letter "nu" depicted in a bold, italic font.], [image: Mathematical notation of a function, denoted as f of x.] refers model outputs, [image: The image shows a mathematical expression consisting of the absolute value of \( z' \).] counts non-zero entries in [image: It seems like there might be an error or a confusion in providing the image you want alt text for. Please upload the image or provide a URL, and I can help generate the alternative text.].

However, GBDT does have certain restrictions. For example, it cannot perform significance tests and produce coefficient of variables, while feature importance can be used as the substitution. It is also easy to overfit, while using cross-validation and suitable shrinkage parameter can solve this problem (41). In this study, we conduct 5-fold cross-validation and selected the learning rate as 0.001. We get the optimal GBDT model with the lowest RMSE after 2,893 iterations, and the pseudo-R2 is 0.83.




4 Results


4.1 Feature importance of the built environment

Table 2 presents the relative feature importance and ranking in determining metro usage on weekends. Land use mixture has the largest predictive power, with the relative importance of 16.26%. As the measurement of diversity, it has been observed as a critical factor on metro ridership prediction by many previous studies in different contexts (4, 13, 28, 33). Distance to CBD, a measure of regional accessibility, has the second large relative importance, with a contribution of 13.61%. Other destination accessibility variables, including distance to highway (7.21%) and distance to Sub-CBD (5.21%), also have non-trivial impacts on weekend metro usage. The importance of bus line is also substantial, accounting for 12.17% and ranking 3rd over all independent variables. This corresponds to the existing findings that distance to transit can notably affect the metro usage (4, 13). Among five categories of built environment, density features have the largest relative importance of 29.29% on ridership prediction, collectively contributed by three density variables. By contrast, design variables (e.g., intersection and street density) only shown trivial impacts on weekend metro usage, with relative importance of only 2.78 and 2.61%, respectively.



TABLE 2 Relative importance and ranking of variables.
[image: A table displaying categories of urban features with their rankings and relative importance percentages. Categories include Density, Diversity, Design, Destination Accessibility, and Distance to Transit. Each lists specific features like Population Density, Employment Density, Land Use Mixture, and Highway. Rankings range from one to twelve, and importance percentages range from 2.61% to 16.26%. The Density category has a total of 29.29% importance, Design 5.39%, Diversity 16.26%, Destination Accessibility 26.03%, and Distance to Transit 23.03%.]



4.2 SHAP beeswarm plot of the built environment

To discover the contribution of each variable and analyze how variables of stations influence the metro usage, SHAP beeswarm plots (also called the SHAP summary plots) are employed in this study.

The SHAP beeswarm plot sorts variables by mean absolute value of SHAP values, while uses SHAP value to show the effect distribution of variables (Figure 3). Each station is displayed by one point for each variable, while the horizontal axis presents SHAP values. Value of each feature is shown in different colors.

[image: Dot plot depicting SHAP values for various features impacting model output. Features include land use mixture, bus line, and employment density. Colors range from blue (low value) to red (high value).]

FIGURE 3
 SHAP beeswarm plot of built environment.


As shown in Figure 3, land use mixture ranks first by SHAP values, which is similar to the feature importance results. Meanwhile, Number of bus line, distance to CBD, employment and rooftop area are other top five significant variables, which is same with the feature importance results but with little difference with ranking. Moreover, number of bus stops, which ranked only 8th by relative importance, are the 6th most significant variable by SHAP values.

Bus line, rooftop density, bus stop and population density are positively related with SHAP value, while land use mixture, CBD and employment density show negative associations. It means that large number of bus lines and bus stops, high rooftop density and population density (in red color) can increase more metro ridership on weekends, while high land use diversity, long distance to CBD and high employment density (in red color) lower the weekend metro ridership.



4.3 Non-linear impacts of built environment on weekend metro usage

To explore the relationship between the built environment and weekend metro ridership, partial dependence plots (PDPs) are employed in this study. Overall, all independent variables shown non-linear associations with weekend metro usage. Figure 4 presents the non-linear impacts of built environment variables on weekend metro usage.

[image: Twelve line graphs show the expected value of various urban factors plotted against their respective variables. Factors include land use mixture, bus line, population density, highway access, central business district (CBD) proximity, employment density, road density, nearest bus stop, rooftop density, bus stop access, sub-CBD, and intersection count. Each graph depicts a distinct pattern of correlation, with the expected value generally featuring sudden increases or decreases. Dotted vertical lines indicate specific reference points for each variable.]

FIGURE 4
 Partial dependence plots on weekend metro usage.


As shown in Figure 4, the weekend metro ridership remains (at about 40,000) when land use mixture entropy is smaller than 0.65. However, the weekend metro ridership drops substantially to less than 25,000 when the entropy moves from 0.65 to 0.75, and no further decrease occurs.

Bus line is positively associated with weekend metro usage. The metro usage keeps stable at less than 25,000 when bus route is less than 15. After that, the ridership suddenly increases to 30,000 as bus route moves from 15 to 20, and no increase in metro ridership has been found when bus line is between 20 and 30. However, the weekend metro ridership sharply increases from 30,000 to 50,000 when number of bus line reaches 35, and then remain constant.

The association between distance to CBD and weekend metro ridership is negative. The weekend ridership drops dramatically from 45,000 to 25,000 when the distance to CBD grows from 0 to 10 km. However, no further decrease of metro ridership has been found when the distance to CBD exceeds 10 km. Similar pattern has been found for distance to Sub-CBD.

Rooftop density has positive effects on weekend metro ridership. When the rooftop density is less than 0.2, metro ridership keeps 25,000. After that, the weekend ridership rises substantially from 25,000 to 31,000 when rooftop density between 0.2 and 0.25. As shown in the PDPs, as bus stop increases from 0 to 10, weekend metro ridership rises by 6,000. However, this effect looks negligible when there are more than 10 bus stops.

Meanwhile, the distance between metro station and nearest transit station has negative impacts to weekend metro usage, with an effective interval of 100–200 m. However, this effect is limited and the difference in metro ridership is only about 1,500, echoing the small relative importance of this variable in metro ridership prediction.

Overall, PDPs show the average effect of the built environment variables without specific instances. To visualize the partial dependence of one variable on weekend metro ridership for each station, we also combined Individual Conditional Expectation (ICE) curves with PDPs as shown in Figure 5. In Figure 5, the ICE curves are presented in light blue lines, while the PDP is shown in dark blue line as the average.

[image: Twelve line graphs showing the relationship between various urban factors and the function E(f(x)), including land use mixture, bus line, population density, highway, CBD (central business district), employment density, road density, nearest bus stop, rooftop density, bus stop, sub-CBD, and intersection. Each graph displays a black line representing E(f(x)) and blue shaded areas reflecting data variability. The x-axes represent different urban metrics, while the y-axes represent the function values. Patterns and distributions vary across the different factors.]

FIGURE 5
 Combination of PDPs and ICEs of built environment on metro usage.


As shown in Figure 5, for each independent variable, all the ICE curves seem to follow the similar pattern with the partial dependence plot. It means that there is no obvious heterogeneous relationship created by interactions. Under this circumstance, employing PDPs in this study can provide good summary of the impacts of built environment on predicted metro usage on weekends.




5 Discussion

Promoting metro usage on weekends by optimizing station-level built environment is a critical way to address a series of environmental challenges from accelerated urbanization and mobilization. This study employed GBDT approach to evaluate the non-linear associations between the built environment and weekend metro ridership in Shanghai. Several model interpretation methods are utilized to unravel the non-linear impacts of factors on weekend metro usage.

Based on the results of relative importance and SHAP values, we recognized that land use mixture, the distance to CBD and number of bus lines are three most important factors on affecting weekend metro usage.

Among these three factors, land use mixture and distance to CBD are found to be negative associated with weekend metro ridership, while number of bus lines is found to be positive related with weekend metro usage. Higher land use mixture usually represents more average land use types within the station catchment area. However, many metro users take metro on weekend for a specific purpose (e.g., shopping, food, or tourism), and stations with relatively lower land use mixture may thus have more metro riders. It is intuitive that distance to CBD is negative related with weekend metro usage. Due to the traffic jam and shortage of parking spaces within CBD area in megacities like Shanghai, driving to the CBD on weekends may not as convenient as taking the metro. Therefore, metro stations which are close to the CBD can attract more metro users during the weekend. More bus lines near the metro station can provide sufficient first/last-mile services for metro users to access the metro station on weekend, which enlarge the station catchment area and facilitate weekend metro usage.

Based on the results of partial dependence plots, all the built environment variables show non-linear impacts on weekend metro usage with certain threshold and effective ranges (Table 3). Weekend metro ridership shows a significant decrease when land use mixture moves from 0.65 to 0.75. The complex relationship between land-use diversity and weekday or weekend metro usage is also found by many literature in different contexts (4, 14, 20).



TABLE 3 Effective ranges of variables.
[image: Table displaying variables with their effective ranges or thresholds and associations. Variables include land use mixture, bus line, CBD, employment density, rooftop density, bus stop, road density, and highway. Associations are either positive or negative, and the ranges vary in scale, count, or kilometers.]

The distance to CBD is negatively related with weekend metro usage between 2 to 10 km, which seems to be reasonable that metro stations near city center may have densified population and thus more metro passengers. The distance to CBD has no significant impact on weekend metro usage when it is beyond this range. The sharp rise of weekend metro usage has been found when number of bus lines increases from 15 to 20 and 30 to 35, while the ridership remains nearly constant when number of bus lines is within other ranges. Existing literature has also suggested the positive impacts of bus lines on metro usage, while the impacts can be mediated if bus route is more than 40 (4). Rooftop area has a positive association with weekend metro ridership, with a dramatic rise between 0.20 and 0.25. This indicates that high level of land use development can facilitate the weekend metro usage, but excessive development may have trivial effects on further increase. Number of bus stops has positive effects on weekend metro ridership, with an effective range between 3 and 10. Similar threshold impacts of bus stops are found in different cities but with different thresholds (13, 14).



6 Conclusion

To improve the public environmental health by facilitating metro usage on weekend, this study employed GBDT approach to evaluate the non-linear and threshold impacts of the built environment on weekend metro ridership. Compared to conventional models with linear presumption, investigating the non-linear effects help policymakers and urban planners recognize the thresholds and effective ranges of the built environment characteristics, which can benefit public health by making customized strategies and policy interventions. The empirical finding may contribute threefold to the existing studies.

First, this study estimates the feature importance of built environment characteristics in predicting weekend metro ridership. According to the results, the top-five variables with highest importance are land use mixture (16.26%), distance to CBD (13.61%), bus line (12.17%), employment density (10.06%) and rooftop density (10.05%). Results can help urban planners identify the role of different built environment characteristic and issue differentiation strategies.

Second, it depicts SHAP beeswarm plot to show the impact of each variable on the prediction. The top-5 important variables by SHAP beeswarm plot are same to relative importance. Bus line, rooftop density, bus stop and population density are positively related with SHAP value, while land use mixture, distance to CBD and employment density are negativity associated with SHAP value. Therefore, urban designers should pay different attention to the built environment characteristics to promote metro usage.

Third, we depict the non-linear impacts of the built environment by combining PDPs with ICEs. Most variables have obvious thresholds on determining weekend metro ridership. Results show that maximum weekend ridership occurs when land use mixture entropy is smaller than 0.7, number of bus lines reaches 35, rooftop density reaches 0.25, and number of bus stops reaches 10. The non-linear relationship and their effective ranges help policymakers increase metro ridership on weekends by optimizing station-level land use.

Several limitations merit further study. First, the influences of built environment features on weekend metro usage may vary in different contexts. Therefore, relevant studies are encouraged to explore or validate the non-linear associations between the built environment and weekend metro ridership. Second, this study uses the 500 m buffer for most independent variables, while 400 m buffer (13) and 800 m (20) are used by different station-level built environment studies. Because the real service area of metro stations may vary in different cities and stations, future studies are welcome to testify the results with different buffer zones. Third, we only explore the effects of a limited number of built environment characteristics. With the development of big data and GIS, more comprehensive built environment attributes (e.g., number of parking spaces, demographics, sidewalk density) with finer data are welcomed for further exploration in different contexts. Fourth, PDPs may be misguided when independent variables are correlated with each other (e.g., bus stop and bus line), while accumulated local effects (ALE) plots can be used as an unbiased alternative to address the multicollinearity issue in further studies. Fifth, most data used in this study are before the pandemic, while the comparison between pre-pandemic and post-pandemic need further exploration in the future.
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Introduction: With the continuous development of the global aging trend, the mental health of older adults has been a concern by the world. The living space of older adults is limited due to the decline of their activity function. Neighborhood environment, especially the neighborhood social environment, has become an important factor affecting the mental health of older adults. Therefore, this study explores the mechanism that influences the social environment of the neighborhood and the mental health of older adults, the mediating effect of subjective well-being (SWB), and the moderating effect of green space.
Methods: Based on the 2018 China Labor Dynamics Survey, this study used the structural equation model to explore the mediating effect of neighborhood social environment (neighborhood ties, social trust, community security) on the mental health of older adults through SWB and the moderating effect of green space.
Results: Social trust and community security are both directly and positively associated with older adults’ mental health. At the same time, neighborhood ties, social trust, and community security can promote the mental health of older adults by positively affecting SWB, while green space has an enhanced moderating effect between neighborhood ties and mental health.
Discussion: This study enriches the empirical research on neighborhood social environment and mental health. First of all, older adults living in communities with good safety conditions and high social trust are less affected by negative emotions and tend to have good mental health. Second, deeper neighborhood ties, higher social trust, and safer community environments help older adults to be less disturbed by negative situations, have a positive effect on their SWB, and indirectly promote mental health. At the same time, green space can provide a place for older adults to socialize, enhance the positive impact of neighborhood ties on SWB, and further promote the mental health of older adults. Finally, this study suggests that the government and community managers pay attention to the construction of neighborhood social environment and green space, and provide support for “healthy community” and “healthy aging” planning.
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1 Introduction

The aging population presents a global challenge to social and economic growth. Compared to younger adults, emotional expression and communication channels constitute the primary spiritual needs of older adults owing to functional decline and physical disease; therefore, mental health problems caused by aging have gradually attracted increasing attention (1, 2). The World Health Organization (WHO) has pointed out that the mental health issues of older adults increase as their mental health declines over time. Suicide rates are higher among older adults than among teenagers and middle-aged persons; the rate of suicide in this population reached 27.2% in 2019 (3). In addition, spaces for daily activities and social interaction for older adults shrink as they age (4). This also stems from older adults’ lack of knowledge about potential mental health risks. Emerging economies may face more complicated risks of population aging owing to the imbalance between population growth and economic development. China is predicted to have a deeply aging population by 2036–2050. Moreover, the neighborhood environment, as the main location for activities and a source of social interaction, can influence the health of older adults (4–6). In this context, we must consider the importance of neighborhood social environment, including neighborhood ties (7, 8), social trust (9, 10), community security (11, 12), neighborhood greenness (13, 14), and other factors. Neighborhoods with high population density and land diversity enable residents to have more routes or destination choices for leisurely activities and build close community ties; this encourages people to participate in group exercises, which can help reduce the risk of depression (15, 16). People who enjoy communicating with family and neighbors and who actively participate in community group activities and social interactions tend to have a positive mental state (17). Wang et al. hold that with improvements in community security, residents are more likely to trust their neighbors and communicate with them frequently (18).

Previous studies have focused on how the neighborhood environment in general affects the mental health of older adults. However, there are few studies on the potential mechanism of neighborhood environment affecting the mental health of older adults, especially the mediating effect of neighborhood social environment on the mental health of older adults and the moderating effect of various factors (19, 20). Thus, this study aimed to systematically examine the relationship between the neighborhood social environment and the mental health of older adults and further explored the important moderating and mediating pathways between them. Our conclusions aim to optimize urban construction and implement construction strategies for a healthy environment to create healthy aging communities and age-friendly cities.



2 Literature review


2.1 Research on neighborhood environment and mental health of older adults

According to the WHO, mental health is generally defined as a state of well-being in which an individual realizes his/her abilities, copes with the normal stresses of life, works productively, and can contribute to his/her community (21). It encompasses emotional, psychological, and social well-being, influencing how individuals think, feel, and behave across different stages of life (22). In older adults, mental health is particularly important, as it significantly affects quality of life, functional independence, and overall well-being. This highlights the need for targeted interventions that promote positive mental health and prevent related issues in this age group (23). As an abstract concept, mental health is often assessed using multiple indicators, which are identified through both subjective and objective approaches. Internationally recognized scales that are frequently used include the Symptom Checklist-90 (SCL-90), the Positive and Negative Affect Schedule (PANAS), the Center for Epidemiological Studies Depression (CES-D) Scale, and the Self-Rating Depression Scale (SDS). At the same time, advances in technology have enabled digital health tools, including smartphone applications and wearable devices, to play an increasing role in real-time mental health monitoring (24).Among them, the CES-D-20 is a reliable, valid, easy-to-administer tool that is sensitive to changes in depressive symptoms, making it ideal for both large-scale studies and clinical settings (25–28). Thus, we derived our information from questionnaire data of the 2018 China Labor Dynamics Survey (CLDS), in which the assessment of mental health was based on the CES-D Scale as a reference. Currently, research on the mental health of older adults revolves around four main pathways: individual factors (e.g., medical history, age, gender, habits) (29, 30), family factors (31, 32), community factors (33), and aging care services (34, 35). Different family structures have varying effects on the mental health of older adults. Important social relationships with family can have both positive and negative health effects, depending on the quality, frequency, and strength of that connection (36). Moreover, residents’ subjective perceptions of the neighborhood environment have a strong impact on their well-being and health status. People who live in a cohesive community can obtain information and support from their neighbors, thereby benefiting their mental health (37, 38). In addition, with the decline in physical function and mobility as well as the shrinking of social networks, older adults’ dependence on the community increases with age. Hence, neighborhood ties in the community help to alleviate loneliness and anxiety in older adults and provide emotional value through neighborhood interactions (39). Further, with the community being the basic unit of China’s current social governance, the older adult care model is rooted in home-based care, supported by community-based care, and supplemented by institutional care. Community-based care for older adults is more effective at mitigating physical and mental health problems caused by aging (40, 41).

To date, numerous studies have examined the effects of neighborhood environments on mental health. From the standpoint of person-environment fit theory, the neighborhood environment mostly affects older adults’ mental health through interactions involving functional ability (42, 43). Some studies suggest that although the functioning of older adults may have declined, the neighborhood environment meets their social needs and enhances their sense of belonging. This helps reduce loneliness and social anxiety in older adults, which positively affects their mental health (44). Neighborhood environments primarily include social and built environments. The social environment reflects interactions between neighbors, which encourages older adults to participate in social interactions and disseminate and share information. Neighbors with abundant facilities offer them the opportunity to communicate, which improves active social interaction and formulates excellent neighborhood ties (45, 46). Liu et al. emphasized the important role of the social environment in neighborhood attachment and alleviating feelings of exclusion and isolation (40); they asserted that a cohesive, supportive community provides neighborhood support to residents and reduces stress in their lives. Stressors inside socioeconomically deprived neighborhoods (such as anti-social behavior or environmental disorders) stimulate negative emotions, thus influencing mental health. Baranyi et al. proposed that living in a high-crime neighborhood may directly or indirectly impact mental health (47). Social trust can promote engagement with social networks, thereby improving mental health (48). Moreover, individuals who interact with trustworthy neighbors or are willing to help their neighbors may develop a positive psychological state by acquiring a sense of security and acceptance within the community and by recognizing their self-worth (49, 50).

The built environment is defined as an objective material setting constructed by humans for living and production activities in cities (51). Thus far, several studies have been grounded in the “5Ds” theory, which holds that density (e.g., building density, population density, etc.), diversity (e.g., diverse leisurely activities), design (e.g., sidewalk coverage, street trees, average street widths, etc.), destination accessibility (e.g., points of interest, accessibility to the nearest parks and squares, etc.), and distance to transit (e.g., the distance between transit stops) are significantly associated with the mental health of older adults (52–54). Under the current development trend of urban spatial agglomeration, scholars are paying more attention to and finding evidence of a positive relationship between green space and mental health. Urban greenness provides a safe, attractive, and accessible walking place for surrounding residents, potentially alleviating depressive symptoms (55). Green spaces, such as parks and gardens, have been widely studied for their positive effects on mental health. Research suggests that exposure to green spaces can reduce stress, enhance mood, and improve overall mental well-being (56, 57). These spaces offer restorative environments, encouraging relaxation and physical activity, which are beneficial for both cognitive function and emotional regulation (58). In older populations, the mental health benefits of green spaces are particularly significant. Older adults often face increased risks of depression and cognitive decline due to reduced social interaction and physical activity. Green spaces can mitigate these risks by providing opportunities for social engagement, exercise, and sensory stimulation (59). Walking in parks or spending time in green areas has been linked to lower levels of anxiety and depression among older individuals, improving their overall quality of life (60). Moreover, studies have shown that accessibility and proximity to green spaces are crucial for older populations, as these factors determine the likelihood of frequent visits and engagement (61). Urban planning initiatives that increase access to green areas have the potential to promote healthier aging by supporting both mental and physical health in older adults. Additionally, green spaces contribute to a sense of community, helping alleviate feelings of isolation, which is a common challenge among older adults (62). Furthermore, satisfaction with neighborhood green space encourages people to use green areas more frequently, resulting in greater esthetics, pleasure, and relaxation (63). At the same time, some scholars believe that there are potential variables in the moderating and mediating roles between them.



2.2 SWB and mental health

The mental health of older adults has become a significant issue investigated in the fields of health psychology, genealogy, and other areas (64). In light of the recent strides in positive psychology, SWB has turned into one of its crucial contents (65). Studies have shown that is an important index to measure the mental health and life quality of older adults. Factors affecting SWB are subjectivity, stability, and wholeness (66). Research indicates that long-term physical health problems often lead to mental health problems like depression and anxiety, reducing SWB and quality of life under the conditions of China’s rapid aging (67). With regard to mental health, it not only prevents depression but also contributes to SWB. For instance, people with better mental health can have optimistic attitudes that enable them to cope effectively with life’s adversities and challenges, resulting in higher SWB. As for SWB, generally speaking, people with higher levels of SWB are found to lead a healthier life or live longer (68). The possibility is that positive SWB is a protective factor for health. Furthermore, prospective-epidemiological research suggests that positive life evaluations and hedonic states such as well-being predict lower future mortality and morbidity (69). In addition, SWB and mental health are closely linked to age while their relation is probably bidirectional which means SWB and mental health interrelate. Additionally, according to Baird’s point, the SWB follows a U-shaped trajectory, rising with age before declining, notably after 70 years (70).

Neighborhood environments have been identified as being relevant to promoting human health and enhancing well-being (71). Studies have shown that SWB as a crucial indicator is used for evaluating residents’ well-being, and Huppert et al. considered happiness to measure the characteristics of residents and communities (72). On this basis, the built environment and the social environment are two domains of neighborhood context that are related to mental health. In terms of the built environment, green space is a vital factor, and there is growing evidence that green space is beneficial for mental health. Especially among vulnerable groups (e.g., older adults), green space in cities can be associated with improved overall well-being and self-perceived health status, suppressed morbidity and increased life expectancy, and increased satisfaction with life prospects, among other ways to promote healthy aging in older adults (73). Green space not only provides a place for social activities and physical activities for older adults, but also its rich natural landscape can reduce loneliness and improve emotional health, thus promoting SWB (74). As for the social environments, neighborhood social environment such as community security, social trust, and other factors have a great influence on people’s interaction in the community, which plays a vital role in mental health and well-being. According to Ballas and Tranmer, the neighborhood with a high-security situation can often improve the SWB of individuals (75). Meanwhile, neighborhood ties lead to the creation of a friendly neighborhood atmosphere with high levels of trust and reciprocity, protecting residents from pathological mental states such as depression and anxiety which contributes to SWB (76). Although no study has clearly demonstrated the mediating role of SWB, most research approves of the viewpoint that neighborhood factors are significantly related to daily life, mental health, and SWB (53, 77). SWB has the potential to be an intermediate variable among these variables (13). Based on this, this study aims to explore pathways linking neighborhood social environment (neighborhood ties, social trust, and community security) to older adults’ mental health in the Chinese context. In the meanwhile, it particularly investigates the extent to which SWB mediates the linkage between neighborhood social environment and older adults’ mental health (Figure 1). What is more, it further explores the moderating role of green space and puts forward the following hypotheses:

[image: A diagram illustrating the relationship between variables. Independent variables include neighborhood ties, social trust, and community security, affecting the mediating variable, subjective well-being. This, in turn, influences the dependent variable, mental health. Green space acts as a moderator variable impacting the relationship between independent variables and mental health. Arrows depict the direction of influence.]

FIGURE 1
 Theoretical framework for the SEM construction.



Hypothesis 1: Neighborhood ties, social trust, and community security directly affect the mental health of older adults.
Hypothesis 2: Neighborhood ties, social trust, and community security affect the mental health of older adults by mediating SWB.
Hypothesis 3: Green spaces moderate the association between neighborhood ties, social trust, community security, and the mental health of older adults.
Hypothesis 4: Green spaces moderate the mediation of neighborhood ties, social trust, and community security on the mental health of older adults through the mediator of SWB.






3 Research design


3.1 Study area and dataset

Data for this study came from the 2018 CLDS, a large-scale, nationally representative tracking survey of labor force dynamics designed and implemented by the Center for Social Science Research at Sun Yat-sen University. The 2018 CLDS involved data gathered from 28 provinces in China, excluding Hong Kong, Macao, Taiwan, Tibet, Hainan, and Xinjiang. The database contains comprehensive data on 368 communities, 13,501 households, and 16,537 individuals in the labor force. The 2018 CLDS adopted multistage, multilevel probability sampling proportional to the size of the labor force, which minimizes sampling errors and ensures the randomness and scientific nature of sample selection. This study included men and women aged 60 and 55 years, respectively. The final sample comprised 3,315 individuals from 255 communities across 26 provinces (Figure 2).
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FIGURE 2
 Distribution map of sample urban across the country. Based on the Department of Natural Resources Standard Map Service website GS(2019)18224. Standard maps are produced with no modifications to the base map boundaries, same as below.


Table 1 presents the descriptive statistics for all variables. The mean mental health score was 71.91 (SD ± 9.19), which is much higher than the cutoff (2/3 of the total score of 80), indicating that the participants had good mental health. The mean SWB score was 10.95 (SD ± 2.33), which is above the threshold, suggesting that the participants had a high level of SWB. The average levels of neighborhood ties, social trust, and community security were 7.66 (SD ± 1.58), 30.65 (SD ± 4.18), and 21.74 (SD ± 3.53), respectively. In terms of covariates, 59.4% of the respondents were female, 91.2% were not single, and 15.1% had suffered an illness or injury in the past 2 weeks. Their average age was 67.69 years old, and their average annual income in 2017 was 17,333.85 yuan.



TABLE 1 Statistics of variables.
[image: A table presents variables and their assignments with data for a sample size of 3,315. Dependent variable: mental health mean is 71.91. Independent variables include neighborhood ties, social trust, and community security with means of 7.66, 30.65, and 21.74, respectively. Mediators include subjective well-being and green space. Covariates cover annual income, marital status (91.2% non-single), age mean 67.69, gender (40.6% male), and health status showing 84.9% with no recent sickness.]



3.2 Variables and measurement


3.2.1 Independent variables: neighborhood social environment

Neighborhood ties. Based on Hays et al., Liu et al., Dang et al., the measurement of neighborhood ties includes indicators such as neighborhood interactions, mutual assistance, neighborhood trust, neighborhood friendship, and community connections (78–80). This study considered older adults as the research object, focusing on their familiarity with the community and the frequency of mutual assistance. Neighborhood familiarity is measured via the question, “How familiar are you with your neighbors and other residents in your community?” A 5-point scale is used to provide an answer (1 = very unfamiliar, 2 = not very familiar, 3 = generally familiar, 4 = relatively familiar, and 5 = very familiar). Neighborhood mutual assistance is measured via the question, “Do you help your neighbors and other residents in your community (village)?” A 5-point scale is used to provide an answer (1 = very little, 2 = relatively little, 3) in general, (4) relatively more, and (5) a lot. The above items were summed to obtain the total score to generate the indicator of neighborhood ties. The overall scale score ranges from 2 to 10, and the higher the scale score, the better the neighborhood ties experienced by the respondent.

Social trust. This study assessed social trust via the question, “How much do you trust people in the following nine categories?” The categories include family members, relatives, friends, neighbors, classmates, strangers, people who work or do things together, businessmen who buy things, and people with religious beliefs. This study determined social trust scores using a 5-point Likert scale (1 = not trustworthy at all; 5 = totally trustworthy). The total score ranged from 9 to 45, with higher scores suggesting deeper levels of social trust. The Cronbach’s α of the social trust subscale was 0.74, implying that the questionnaire had reliability.

Community security. This study evaluated community security using the following question: “Within this community, do you have any of the following concerns?” The categories include the safety risk of hanging out, the safety risk of going out alone at night, the risk of burglary if one does not lock one’s doors and windows, the risk of being targeted after exposing one’s money, and the risk of one’s children being trafficked when they are out alone. This question is answered using a 5-point reverse scale (1 = never; 5 = often). The total score ranges from 5 to 25, with higher scores implying a greater sense of community security. The Cronbach’s α of the community security subscale was 0.816, indicating that the questionnaire had reliability.



3.2.2 Dependent variable: mental health

This study employed the CES-D Scale to assess mental health; it contains 20 items used to evaluate depressive symptoms (81) and is scored on a 4-point reverse scale (1 = almost always or 5–7 days per week; 2 = often or 3–4 days per week; 3 = rarely or 1–2 days per week; and 4 = never or < 1 day per week). The total score ranges from 20 to 80, with higher scores suggesting improvement in the mental health of older adults compared to the previous week. The Cronbach’s α for the mental health subscale was 0.946, meaning the questionnaire was reliable.



3.2.3 Mediator: SWB

At present, one of the common ways to measure subjective well-being (SWB) is the life satisfaction orientation, which includes both general and specific assessments of happiness and life satisfaction (82). Life Happiness, Life Satisfaction are recognized as key indicators for measuring SWB (83). Life Happiness has demonstrated significant advantages in assessing emotional experiences, capturing short-term feelings of joy or contentment (84). Life Satisfaction is commonly used for the subjective evaluation of overall life quality and long-term well-being (85). Furthermore, Economic Satisfaction has proven to be a significant predictor of SWB, effectively capturing the impact of economic circumstances on individual well-being (86). Ouyang et al. also used similar indicators of life happiness, life satisfaction and economic satisfaction to measure SWB (87). Therefore, this study uses the “Happiness Scale” in the questionnaire of CLDS database to measure SWB of individuals, which mainly includes three measurement items: “life happiness, life satisfaction and economic satisfaction.” This study measured happiness in life via the question, “Do you think you are living a happy life?” This study measured life satisfaction using the question, “Are you satisfied with your life?” based on the Measurement of Life Satisfaction Scale. This study measured financial satisfaction via the question, “Are you satisfied with your family’s financial situation?” The answers are rated on a 5-point Likert scale. This study summed up the scores of the three items to form an SWB index. The total score for the three items ranges from 3 to 15 points. The higher the score, the greater the SWB of older adults. The Cronbach’s α of the SWB scale was 0.824, suggesting that the questionnaire had reliability.



3.2.4 Moderator: green space

Referring to existing studies that use the proportion of green space to measure green space (88), this study employed the coverage rate of green space in built-up regions as an index to quantify UGS and study the moderating effect. The greenspace coverage rate of built-up regions refers to the share of urban built-up areas covered by greenery to the total built-up area obtained from the 2018 China Urban Statistical Yearbook (89). Owing to the random treatment of communities in the questionnaire, this study could not locate each respondent’s community but rather only the city information related to each respondent. As such, this study assigned values according to the city information related to each respondent and each city’s greenspace coverage rate.



3.2.5 Covariates

This study adjusted the study for covariates of older adults’ sociodemographic and individual health characteristics (90). For individual-level covariates, this study included gender (binary variable: male vs. female), marital status (binary variable: not single vs. single), and annual individual income (continuous variable). For covariates of individual health characteristics, this study used disease and injury status indicators (binary variables: no disease or injury in the past 2 weeks vs. illness and injury within the past 2 weeks). As the mental health of older adults may be affected by chronic disease, as there were no chronic disease-related problems in the CLDS in 2018, the illness and injury conditions of older adults could replace this problem to a certain extent (91).




3.3 Methods

This study used SEM to examine the mediating and moderating effects of neighborhood ties, social trust, community security, and the mental health of older adults in a neighborhood social environment. Notably, SEM can measure the total, direct, and indirect effects of one variable (such as neighborhood ties) on another (such as mental health) to explore the mechanisms underlying the ties between the neighborhood social environment and mental health in the community (92). This study tested the chain-mediation model using SEM. In the baseline model, mental health, SWB, neighborhood ties, social trust, and community security are continuous variables. In this study, green space, socio-demographic characteristics, and personal health characteristics were taken as exogenous variables, while neighborhood ties, social trust, community security, SWB, and mental health were taken as endogenous variables. At the same time, considering the possible collinearity between mental health and SWB variables, we used SPSS to conduct a collinearity test. The test results show that the VIF value between variables is less than 2 and the tolerance greater than 0.1, which alleviates the collinearity problem between variables. Additionally, we considered existing research to determine the fit parameters for SEM (93), which allowed us to test the proposed models. We used the following parameter criteria for model fit: the root mean square error of approximation (RMSEA) ≤ 0.05; the goodness-of-fit index (GFI) ≥ 0.90; the normed fit index (NFI) ≥ 0.80; the incremental fit index (IFI) ≥ 0.80; the Tucker-Lewis index (TLI) ≥0.80; and the comparative fit index (CFI) ≥ 0.80. We employed SPSS Amos 26 for SEM and STATA version 13.1 for basic pre-analysis data cleaning.




4 Results


4.1 Relation between neighborhood social environment and mental health of older adults

This study uses SEM models to investigate the association between neighborhood ties, social trust, community security, and mental health of older adults in the neighborhood social environment, exploring the mediating role played by SWB in this association, while adjusting for control variables at the sociodemographic and personal health levels of older adults. The fitting parameter criteria for the mediation effect model with moderation are shown in Section 3.3. The model path coefficients are shown in Table 2. Regarding sociodemographic characteristics control variables, older adults with younger age, higher annual income, and male gender were more likely to report better mental health status. At the level of personal health, older adults who have not been injured in the past 2 weeks are more likely to have good mental health. The direct path coefficient from social trust to the mental health of older adults is significant and positively correlated (β = 0.155, p < 0.05), which indicates that the improvement of social trust of older adults is helpful in promoting their mental health level. At the same time, the sense of community security of older adults also has a positive and direct impact on their psychological health (β = 0.098, p < 0.01). Therefore, Hypothesis 1 is partially supported. Additionally, there is a positive correlation between neighborhood ties, social trust, community security, and SWB. Closer neighborhood ties contributed to the improvement of SWB in older adults (β = 0.141, p < 0.01). Moreover, the improvement of older adults ‘s social trust also helps to maintain better SWB (β = 0.272, p < 0.01). A good sense of community security had a positive effect on the SWB of older adults (β = 0.039, p < 0.01). Furthermore, Older adults with better SWB also have a direct and positive impact on their mental health status (β = 0.445, p < 0.01).



TABLE 2 Model path coefficient diagram.
[image: Table showing standardized regression coefficients for various paths relating social factors and demographics to mental health and subjective well-being (SWB). Significant paths are marked with asterisks for different p-value levels: *p < 0.1, **p < 0.05, ***p < 0.01. Paths with significant estimates include social trust and community security to both mental health and SWB, gender, annual income, and injury status to mental health.]



4.2 The mediating effect of SWB

Table 3 and Figure 2 present the results of the mediating effects. Among the mediating effects of neighborhood social environment-related indicators on mental health, neighborhood ties, social trust, and community security were all significant and positively correlated with the mental health path coefficients of SWB through the mediating variables (neighborhood ties: β = 0.061, p < 0.01; social trust: β = 0.127, p < 0.01; community security: β = 0.017, p < 0.01). Thus, Hypothesis 2 is supported. The neighborhood ties index showed a complete mediating effect. The higher the neighborhood ties index, the more frequent the contact and interaction between the individual and a neighbor, and the stronger the social bond. Such a connection is conducive to improving the SWB of older adults and thus has a positive impact on their mental health. Moreover, social trust and community security had partially mediating effects. Improving social trust in older adults can contribute to good mental health by promoting SWB. A high level of community security indicates that older adults are in a relatively safe community and are not troubled by the presence of community security, which also helps to improve their SWB and mental health (Figure 3).



TABLE 3 Mediation effect test results.
[image: Table showing the effects of neighborhood ties, social trust, and community security on mental health. It includes direct, indirect, and total effects, with estimates, bootstrapping (bias-corrected and percentile lower, upper limits), standard errors, and p-values. Significance levels are indicated: *p < 0.1, **p < 0.05, ***p < 0.01. SWB stands for subjective well-being.]

[image: Diagram showing relationships between neighborhood ties, social trust, and community security with mental health and subjective well-being. Arrows indicate the influence paths with coefficients: neighborhood ties to mental health (0.007), neighborhood ties to subjective well-being (0.155**), social trust to mental health (0.098***), social trust to subjective well-being (0.141***), community security to mental health (0.272***), and community security to subjective well-being (0.039***). Mental health affects subjective well-being (0.445***). Significance levels are indicated by asterisks, with standard errors provided in parentheses.]

FIGURE 3
 Structural equation modeling of the mediating role of subjective well-being among neighborhood relationships, social trust, community security, and mental health status. *p < 0.1, **p < 0.05, ***p < 0.01.




4.3 The moderating effect of green space

We examined the moderating effect of green space on the mediating effect of the neighborhood social environment and the mental health of older adults. Table 4 shows the results of this model, which indicate that green space had no moderating effect on the direct relationship between neighborhood ties, social trust, community security, and the mental health of older adults. As for the mediating effect, we found that green space had a moderating effect on the mediating effect of neighborhood ties and mental health (β = 0.012, p < 0.01). Hence, Hypothesis 4 is partially supported. The improvement in the greenspace index helped enhance the positive, indirect correlation between neighborhood ties and mental health through SWB. Green Spaces not only play a role as places where ties are initially established but also where they are re-established. As leisure spaces, green spaces provide opportunities for social interaction, thereby contributing to developing new social connections and strengthening existing ones, thereby promoting neighborhood ties (94). Favorable and intimate neighborhood ties can enhance SWB. The improvement of green space coverage may provide a more possible social interaction space for the close neighborhood ties of older adults, enhance their SWB, and further promote the improvement of the mental health level of older adults. However, this study did not find that green spaces have a moderating effect on the indirect relationships between social trust, community security, and mental health. A possible explanation is that trust is promoted by the social function of green space (95). The measure of green space used in this study is green space coverage, which is insufficient in evaluating the social function of green space. Relevant studies also prove that the relationship between green space and trust is more likely to be related to the weekly use frequency and single-use duration (96). Secondly, the moderating effect of green space on community security and the mental health of older adults is not significant, which may be related to the complex relationship between green space and community security. To date, the evidence on the relationship between green Spaces and feelings of safety and crime is mixed. Some studies show that green space vegetation may provide convenience for crime (97), but other studies believe that green space vegetation can help reduce residents’ fear of crime and enhance their sense of security (98). In a more detailed study of the relationship between green space vegetation types and crime, a higher proportion of grassland was associated with a lower rate of crime only for areas with relatively low crime rates, while a higher proportion of woodland was associated with a lower rate of crime only for areas with relatively high crime rates (99). Therefore, many other factors may influence the relationship between green space and security, which could explain why the moderating effect of green space was not significant.



TABLE 4 Moderation effect test results.
[image: Statistical table displaying path analysis results. Paths assessed include GNT, GST, and GCS to mental health and SWB (subjective well-being) to mental health. Columns show estimate, bias-corrected bootstrapping, percentile bootstrapping, standard error, and p-values. The significance levels are indicated by asterisks, with no significant paths noted at 0.1, 0.05, or 0.01.]




5 Discussion

In the past 30 years, China’s rapid migration and urbanization processes have led to significant changes in the composition and characteristics of urban communities. Various empirical studies conducted in Western countries have reported significant impacts of neighborhood social environmental characteristics such as green space, neighborhood social trust, and neighborhood ties on residents’ mental health (100, 101). By facilitating neighborhood ties, neighborhood green space can contribute to the development of neighborhood social trust, which has proven to benefit people’s health (102). Nevertheless, the moderating role of the built environment (e.g., green space) in the influence of the social environment (e.g., neighborhood ties, social trust, and community security) on mental health has not been sufficiently considered. Besides, numerous scholars have conducted research on the relationship between SWB and mental health and concluded that the close connection between health and SWB grows with age (103). Whereas, considering SWB as the mediator in the relationship between neighborhood social environment and mental health has not been adequately explored in existing research. For the purpose of enhancing our understanding of the bond between them, we identify SWB as the mediator through which neighborhood social environment may affect older adults’ mental health. Additionally, we examined whether green space served as a moderator in the nexus between neighborhood social environment and mental health on the basis of using the SEM. Our results can serve as a valuable resource for urban planners and decision-makers, helping to improve the mental health of older adults and promoting healthy aging.

Previous studies conducted in Western countries that have explored the neighborhood environment and mental health indicate that the neighborhood environment primarily affects mental health by influencing the frequency of fitness activities and social interactions, while the neighborhood social environment affects the health-related behaviors of others (104). For instance, people who live in neighborhoods with less community security are prone to stress, and social chaos and unsafe neighborhoods affect their mental health (105). Neighborhood social attributes—including interaction, trust, civic engagement, and perceptions of community security—are determinants of residents’ mental health (106). A stable neighborhood enhances face-to-face interactions, strengthens participation among residents, provides a sense of consistency and belonging, and promotes emotional support and access to material resources when individuals are exposed to stressors (107). Our findings support these views, social trust, and community security were positively associated with mental health, whereas neighborhood ties did not directly affect the mental health of older adults. Evidence suggests that older adults are more likely to be confined to residential areas because of retirement and mobility problems. Attractive and safe neighborhoods diminish mental problems and negative emotions, evoke positive emotions, and lead to better conscious evaluation of life circumstances; conversely, people’s mental health is negatively impacted when they are exposed to environmental stressors, which lead to psychological stress, mental problems, and a greater likelihood of depression (106). As for social trust, Wang et al. deduced that social trust may benefit the mental health of older adults by providing a source of mutual connection and respect and by improving older adults’ sense of purpose in life (108). When it comes to neighborhood ties, our findings extend previous research by suggesting that it has no direct impact on the mental health of older adults. According to a study of different life stages, the increase of social ties can help relieve depression and anxiety, and the strongest influence of adolescents and adults, but without statistical significance for older adults. This may be because adolescents and adults are more inclined to develop their social ties, but older adults are more likely to prune their social networks based on their emotional experiences (109). Thus, the findings of this study may stem from their mutually conflicting features and negative effects on health. This finding concurs with the claim that the link between neighborhood social ties and mental health is highly variable and complex (37, 110).

Regarding SWB, previous studies suggest that the strong association between health and SWB increases with age in both developed and developing countries, while older adults with higher SWB live longer and healthier than those with lower SWB (103). This study further verified the role of SWB as the mediator in the relationship between the neighborhood social environment and mental health. The perceived neighborhood environment cannot only promote healthy physical activity and reduce the risk of chronic disease (such as obesity and cardiovascular disease) but also provide psychological recovery and spiritual release for older adults and improve their happiness, thus promoting their mental health (111). Our research puts forwards conclusion that in line with previous works, we provided unequivocal evidence of an association between social trust, community security, neighborhood ties and mental health among SWB. Firstly, the finding of our study is the indirect effect of social trust on the mental health of older adults through the mediation of SWB, which aligns with the results of an earlier research which demonstrated that older adults with higher SWB have a strong ability to cope with mental health risks and lessen the impact of social interactions on their mental health (112). In addition, the results of the mediation analysis showed that SWB plays a mediating role between community security and the mental health of older adults. Our results confirmed the insights of Cramm and Nieboer, who have understood that community-dwelling older people who perceive their neighborhood as very safe benefit more from solidarity among neighbors, resulting in higher SWB (39). Moreover, concerning neighborhood ties, current studies assume that ties with older people of the same age (which make it easier to obtain social support from others) induce faster recovery from fatigue and discomfort, which can indirectly affect SWB and further improve mental health (113). As expected, neighborhood ties affected the mental health of older adults through SWB. Social interactions weaken social anxiety and loneliness in older adults, leading to more positive emotions in this demographic, thereby benefiting their mental health.

Furthermore, the result of this study found that green space played a moderating role in the mediating effect of SWB on the neighborhood social environment and mental health. As part of the neighborhood environment, green spaces are closely tied to the daily lives of older adults and provide numerous social and ecological services, thus representing an important part of an age-friendly environment (114). Green spaces have been associated with promoting human health and enhancing well-being (115). For instance, watching plants for 5 min improved psychological relaxation in older adults; participating in gardening activities related to green spaces can also increase psychological relaxation in older adults (116). Our empirical results provide further insight into the remarkable role of green space in that it played a moderating role in the relationship between neighborhood ties and mental health, whereas social trust and community security did not achieve the desired outcomes. The improvement of green space promotes the positive influence of neighborhood ties on SWB, and then improves the mental health state of older adults. Initially, green space provides spaces for people to experience nature and encourages older adults to enter such areas for social and physical activity (117). Green spaces offer opportunities for neighborhood interactions among older adults, thereby increasing the possibility of communication within the community. Moreover, older adults who regularly socialize have higher SWB and better mental health (118). Subsequently, based on the Biophilia Hypothesis, people’s psychological health is associated with their relationship to nature (119). Owing to the scarcity of urban green space resources and the decline of older adults’ individual functions, it may be difficult for older adults living in urban areas to access green space. In contrast to older adults, the younger with stronger physiological functions and weaker demand for surrounding green space prefer a longer distance for physical exercise (120). Therefore, this may make access to natural green spaces more valuable and important for older adults. Contact with nature promotes the prosperity of private personal lives and public social lives. Those who are highly nature-connected may derive a sense of meaningful presence from their closeness with nature, which may promote well-being (121). Increased contact with nature through green spaces in older adults has a positive impact on emotions (122), contributing to more meaningful neighborhood connections and prosperous social lives, thus deepening neighborhood ties has a positive indirect impact on mental health by promoting SWB. Additionally, the Stress Recovery Theory suggests that natural environments, as restorative environments, can provide residents with opportunities to appreciate natural landscapes, thereby enhancing their ability to cope with stress and promoting individuals to recover faster from stress (123). Frequent interaction with neighbors has a positive effect on SWB (124). Having positive, non-difficult relationships helps reduce stress and promote well-being (125). Green spaces may provide an environment for individuals to relieve stress and socialize, which encourages individuals to have a more relaxed attitude toward neighborhood interactions and promotes an improvement in overall well-being. Simultaneously, green spaces may act as stress-relief amplifiers, enhancing the benefits of neighborhood relationships to improve the SWB of older adults better, thereby achieving higher levels of mental health. Regarding the role of green space in the relationship between neighborhood ties and mental health, our conclusion is consistent with most studies. In addition, green space contributes to an area’s livability, particularly in deprived urban neighborhoods; green space is viewed as “safe, secure, attractive, socially cohesive and inclusive, and environmentally sustainable” (126, 127). This is inconsistent with our findings, which may be because our data for measuring the green space index is the green space coverage rate of built-up areas, which makes the research findings different.

Our results are of great significance for promoting the construction of healthy and livable cities in China and the successful aging of older adults. First, the government, community organizations, and housing managers should pay more attention to the social and neighborhood connections of older adults, recognize their diverse social needs, and create more opportunities for them to connect with other residents in the community, such as by providing more conducive places for older adults to socialize and holding more abundant neighborhood activities to encourage interactions. Second, as important natural and social spaces in the community, the government and community organizations should pay attention to the construction of green spaces. This study recommends that relevant departments regularly maintain and improve green spaces and promote their positive factors to benefit older adults. In addition, regarding the direct and indirect beneficial effects of social trust on the mental health of older adults, this study suggests that the government and community organizations build a harmonious, friendly community environment, organize community activities and lectures, and deepen the understanding of older adults’ social context to enhance their social trust and promote the improvement of their mental health. Finally, regarding the importance of community security, the government should issue scientific and accurate community management regulations. Community management institutions should strictly implement community management and improve community security; these institutions regularly listen to community residents to receive their feedback on community services and safety measures according to their needs. Adjustments are later made to create a safe community environment.

This study has some limitations. To begin with, the data selected in this study is cross-sectional, and there may be missing variables or unobservable differences between individuals in the statistical collection of cross-sectional data. Moreover, owing to data limitations, this study did not consider other attributes of neighborhood green space (e.g., quality, usage frequency, duration, visibility, accessibility), which may have influenced the mental health of older adults. Furthermore, relying solely on the coverage rate of green space inadequately captures the accessibility and quality green spaces, which introduces bias into the findings. Future research should employ more precise indicators for a more accurate assessment of green space characteristics. Ultimately, although our research is based on older adults, this study did not consider the impact of different family structures and different age groups of older adults.



6 Conclusion

To sum up, this study used the SEM model and statistical data from the nationally representative 2018 CLDS database to study the relationship between neighborhood society, the built environment, and the mental health of older adults in the Chinese community. This study focused on exploring the indirect impact of neighborhood ties, social trust, and community security on the mental health of older adults through SWB while paying attention to the moderating effect of green space on the mental health of older adults. The results show that (1) in the neighborhood social environment, social trust and community security had a direct, positive impact on the mental health of older adults. (2) Neighborhood ties, social trust, and community security indirectly improved the mental health of older adults through their positive effects on SWB. (3) Green spaces reinforced the positive and indirect effects of neighborhood ties on the mental health of older adults through SWB. The results of this study further confirm the importance of neighborhood social and built environments for the mental health of older adults. As such, relevant government departments and community managers should pay attention to the living experiences of older adults in the community and promote the construction of aging-friendly communities to cope with the trend of population aging and promote the development of healthy aging.
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Existing studies have established a linear relationship between urban environments and adolescent health, but the combined impacts of subjective and objective environments on multi-dimensional health status (including physical and mental health) have not been fully explored. Furthermore, while some studies have examined the non-linear relationship between urban environments and adult health, research specifically focusing on adolescents is sparse. Using Kunming, China, as a case study, we employ Random Forest model to examine the non-linear relationship between subjective/objective neighborhood environments and adolescent physical/mental health. The results indicate that the objective environment plays a more significant role in influencing physical and mental health in adolescents. There are generally non-linear correlations and threshold effects between neighborhood environment variables and adolescents’ health status. Specifically, the effects of distance to subway station, ratio of traffic safety facilities, and greening view index on adolescent physical and mental health differ. Additionally, subjective environments characterized by community management, community image, and community capital tend to positively influence adolescents’ health status. This study provides valuable insights for the planning of healthy communities, environmental interventions, and health promotion in specific dimensions among adolescents.
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1 Introduction

Physical and mental health issues have become significant obstacles for adolescents during their physical and emotional development, as well as their cognitive ability formation stages. Studies indicate that between 2015 and 2019, 11.1% of Chinese children and adolescents aged 6 to 17 were overweight, with 7.9% classified as obese (1). A national survey conducted in 2016 revealed that the rate of students in China meeting the standard for physical health was only 23.8% (2). Additionally, evidence suggests that the prevalence of anxiety and depression among adolescents is approximately 4.7 and 3.0% (3), respectively, with the overall prevalence of depression exceeding the global average (4). As the world’s second most populous country after India, China has more than 158 million adolescents (5), highlighting the significance of these health issues.

The effective intervention in neighborhood environments to promote positive health status for adolescents has become a significant topic in fields such as urban planning, geography, and transportation. Existing research typically measures neighborhood environments from two perspectives: the objective environment and subjective environment. On one hand, the widespread use of geographic information systems and urban spatial data has facilitated extensive studies on the relationship between objective physical characteristics and health, such as blue and green spaces, road design, land use mix, and accessibility of services and transportation facilities (6–8). However, the objective environmental measurements are mostly overall depictions of the surrounding community environment and are difficult to reflect the perceptual circumstances under individual differences in needs. Therefore, on the other hand, through interviews and questionnaire surveys, some studies have explored the relationship between individual environmental perception and health, such as assessments and perceptions of environment and facilities, neighborhood order and community support (9–11). Nevertheless, while both objective and subjective environmental factors have shown significant effects on adolescent health, only a few studies have explored the combined impact on health.

Most existing studies on the built environment and residents’ health are based on linear assumptions. Nevertheless, the influences of built environment elements may fluctuate depending on their scope. As a result, concentrating on a sole relationship and disregarding potential non-linear effects may bring about disparities in results (12). In recent years, with the application of machine learning in the domains of urban planning, geography, and transportation, numerous studies have explored the complex non-linear relationship between the built environment and health. For instance, some evidence has revealed that environmental elements such as greenness and population density have complex effects on residents’ health, including inverted U-shaped and N-shaped relationships (13–16). Nevertheless, the limited research has merely investigated the relationship between the built environment and adult health, while there has been virtually no exploration concerning the relationship between the built environment and the health of adolescents who are in the stage of physical and mental development.

In summary, existing research has predominantly examined the relationship between neighborhood environments and adolescent health from a singular perspective, focusing either on the objective or subjective environment. However, there is a notable lack of studies assessing the relative importance and differing impacts of both environments on various health dimensions. Furthermore, research addressing the nonlinear associations between neighborhood environments and health outcomes is limited, with most studies concentrating on adults and offering little insight into the experiences of adolescents.

Therefore, this study uses data from the “Questionnaire Survey on Primary and Secondary School Students’ Commuting and Healthy Growth” in Kunming, China, along with multi-source urban spatial data. By employing Random Forest model, it aims to explore the non-linear associations between subjective/objective environments and adolescent physical/mental health. This study attempted to address two questions: (1) What are the contributions of environmental characteristics to adolescent health, and are there differences between subjective and objective environments? (2) Do subjective and objective environments demonstrate a non-linear relationship and threshold effects with adolescent physical and mental health?



2 Literature review


2.1 Objective/subjective environment and adolescent health

The concept of “Healthy Cities” was formally introduced by the World Health Organization (WHO) in 1984, emerging from research on the impact of public health systems on residents’ well-being. One of its definitions is that a healthy city should create and improve physical and social environments, and enhance social support through expanded community resources (17). With the advancement of the “Healthy Cities” movement, theoretical discussions between environment and health have increased. Among these, socioecological theory, which provides a framework for sustaining the “individual-environment” system, emphasizes the interactive relationship between individuals and environment (18). It posits that health is influenced by multiple layers, including personal and environmental factors, where environmental factors include the built, natural, and social environment (18, 19). Based on the theoretical explanation of “environment-health,” numerous scholars have explored the mechanisms through which multidimensional environments impact health. Among these, the neighborhood environment, where urban residents (particularly adolescents) live for extended periods, has been widely recognized as having a significant impact on health. Recent studies on neighborhood environments and adolescent health commonly measure neighborhood conditions in two dimensions, objective and subjective environments, due to differences in research content and measurement approaches (such as urban spatial big data or questionnaire survey data).

On one hand, the objective environment reflects the physical spatial structure of the community and the opportunities for accessing service facilities, and it can be categorized into natural and built environment based on specific indicators and research focus. The natural environment includes the density, quality, and exposure levels of blue and green spaces (13, 20–22). The built environment includes the road design (e.g., street connectivity, road and intersection density) (7, 8, 13, 23), density and accessibility of service facilities (e.g., parks, restaurants, and sports and recreational facilities) (6, 23, 24), land use mix (7, 25, 26), density and accessibility of transportation (e.g., bus stop and subway station) (7, 8, 13, 25). Regarding the natural environment, appropriate exposure to nature and well-designed landscapes can positively influence adolescents’ physical and mental health. For instance, the coverage and proximity to parks, forests, or green spaces have been shown to improve sleep efficiency, reduce body mass index (BMI) (6, 20, 27), and improve mental well-being (including reductions in depression, stress, anxiety, and behavioral health issues) (28, 29). Regarding the built environment, it influences adolescent health by shaping the overall quality of the community (e.g., residential quality, land use mix, and facility distribution). For instance, mixed land-use patterns (7, 25), appropriate intersection density (25), and the proximity of parks and sports facilities (7) promote physical activity, support social interactions, and reduce sedentary behavior (24), thus positively influencing adolescents’ physical health and emotional well-being. Conversely, significant environmental pollution, including air and noise pollution, can adversely affect physical health and lead to negative emotions (9, 20, 30). For instance, excessive concentrations of pollutants like NO2 and PM2.5, negatively affect adolescent sleep health (20), and are associated with adolescent psychiatric experiences (31). Although the objective environment effectively represents the physical spaces that adolescents inhabit, it does not fully capture the comprehensive subjective assessments of environmental factors that influence health status or behaviors (32, 33).

On the other hand, the subjective environment reflects adolescents’ perceptions and evaluations of the physical and social contexts, which indicates that individual differences may result in varied interpretations of similar neighborhood environments. This includes assessments and perceptions of the natural environment (10, 34), built environment (e.g., walkability, cognitive aspects of buildings, and service facilities) (10, 35), neighborhood order (e.g., crime and safety) (11, 36, 37), community support and interaction (e.g., cohesion, trust, and social capital) (6, 9, 38, 39). Among them, perceptions of the physical environment can indirectly influence adolescent health by promoting or hindering physical activity levels. For instance, perceived favorable landscape conditions (10) and proximity to recreational facilities (35) provide opportunities for positive interactions with the environment, thereby fostering healthy emotional responses and habits. In contrast, perceptions of the social environment significantly impact adolescents’ social behaviors and interactions. For example, perceived community safety is positively associated with reductions in adolescents’ body mass index (BMI) and well-being (6, 36). Conversely, negative perceptions of neighborhood trust, social cohesion, and social capital are associated with a higher likelihood of adolescents reporting internalizing and externalizing problem behaviors (40, 41).

Previous studies highlight that both objective and subjective environments are critical factors influencing adolescent health. Recognizing the limitations of assessing environmental influences on adolescent health through a single-dimensional approach, a few studies have started to examine the relationship between the environment and health by considering both subjective and objective environmental factors (6, 9, 42). However, variations in indicator selection and research focus have led these studies to primarily explore the effects of significant environmental variables. Recently, studies on neighborhood environment and residents’ health have increasingly focused on the joint analysis of objective and subjective characteristics (10, 33, 43, 44). Due to differences in measurement approaches and representational meanings, the relative influence of objective and subjective environments on health may vary. For instance, certain study indicates that the objective environment may be more significant (45), as it reflects the actual physical space of the community, thereby confirming the real meaning of the perceived environment and helping to guide planning practices (33). Other studies, however, indicate that the subjective environment is more significant (15, 43, 46), as perceptions of the environment reflect individual cognitive processes and have a particularly significant impact on health (47). Although the relative importance may vary by research aim and context, both objective and subjective environments contribute to reflecting the significant influence of the built environment on health through environmental perception and the promotion of health behaviors.

In summary, using indicators from both subjective and objective environments provides a comprehensive understanding of the neighborhood environments that adolescents experience. However, existing research often examines the relationship between neighborhood environments and adolescent health from a singular perspective (subjective or objective) and single dimension (such as two-dimensional spatial environment). Few studies have investigated the interplay between subjective and objective environments.



2.2 Non-linear association between environment and health

Existing research has mainly investigated the impact of neighborhood environment on adolescent health using linear assumptions, often focusing on single effects. However, variations in indicators and methodologies frequently lead to estimation bias (48, 87). For instance, natural environmental contact has been shown to have a positive effect on health in most studies, and air pollution has a negative effect. But these two environmental conditions have not been able to predict mental health outcomes in some studies (42). Likewise, while proximity to transit stations and road density are generally positively associated with adolescent health, some studies have found no significant correlations with physical health outcomes (7). Additionally, the effects of built environment elements may differ by spatial scale, and focusing only on linear relationships could overlook potential nonlinear effects, leading to inconsistencies in findings (12). For instance, land use mix is generally positively correlated with adolescent physical and mental health (7, 25), but another study indicates that its impact on adolescent BMI is not significant, and may exhibit a possible nonlinear relationship (26). In the only two studies we found that explore the non-linear relationship between neighborhood environment and adolescent health, the non-linear relationships and threshold effects of certain environmental variables have been confirmed. For instance, the distance to transit stations shows a locally significant positive effect on adolescent physical health within specific intervals (7, 13), while green spaces (e.g., park coverage and NDVI) are associated with reduced adolescent obesity rates within certain thresholds (13).

Most existing studies on the built environment and residents’ health are based on linear assumptions. Recently, there has been growing interest in the non-linear associations between neighborhood environments and various health-related factors, including health status (15, 49, 50), obesity (13, 51, 52), and positive health behaviors (16, 53, 54). Some studies have identified potential threshold effects for specific built environment variables, indicating that significant effects only emerge within certain ranges. For instance, optimal levels of built environment features, such as proximity to sports facilities and bus stops (15), road density (54), and land use mix (53), can effectively enhance residents’ physical and mental health while promoting active travel. Moreover, evidence suggests that the relationships between certain built environment factors and health outcomes can vary across different ranges of influence. For example, green exposure has been widely shown to have complex mechanisms affecting health. Adequate levels of green exposure offer more opportunities for interaction with nature and improved landscape conditions, fostering positive health outcomes and related behaviors. However, negative impacts may arise beyond certain thresholds (12, 13, 15). Similar effects have been observed with road connectivity (15, 55), bus stop density (14, 15), and population density (13, 14).




3 Materials and methods

The three-step workflow in this study is shown in Figure 1. Firstly, this study uses data from the “Questionnaire Survey on Primary and Secondary School Students’ Commuting and Healthy Growth” in Kunming, China, along with street view image and multi-source urban spatial data. Secondly, by employing Random Forest model, it evaluates the relative importance of subjective environments, objective environments, and socioeconomic attributes on different dimensions of adolescent health. Additionally, it reveals the non-linear associations and threshold effects of key neighborhood environmental variables on adolescent health.

[image: Flowchart depicting a three-step process for analyzing adolescent health. Step 1, "Data collection and variable calculation," involves questionnaires, street view images, and other datasets. Step 2, "Model building," includes data splitting, Grid Search CV, and Random Forest, considering factors like learning rate and accuracy. Step 3, "Non-linear relationships," examines contributions and associations between environments and adolescent health outcomes, highlighting relative importance and non-linear effects. The flowchart emphasizes exploration of physical, mental, objective, and subjective environmental factors along with socioeconomic attributes like age and gender.]

FIGURE 1
 Framework.



3.1 Study area and data

Kunming, the capital of Yunnan Province, serves as a key gateway to South and Southeast Asia and is one of the core cities in Southwest China. As of 2023, Kunming has a resident population of 8.68 million (56), and covers an area of 21,012.54 km2 (57). The study area is defined by the spatial scope outlined in the “Urban Master Plan of Kunming (2011–2020).” It includes the area to the east of the Third Ring Road and enclosed by the Ring Expressway. This region encompasses the core built-up areas of Kunming’s four main districts (Wuhua, Panlong, Xishan, and Guandu) and serves as a significant hub for the city’s public service facilities (Figure 2).

[image: Map showing three regions: China highlighting Yunnan Province, Kunming within Yunnan, and a detailed study area map. The study area features roads and numerous dots representing addresses of interviewed students. Scales are provided for each map section.]

FIGURE 2
 Study area.


The data for this study were obtained from the “Online Questionnaire Survey on Primary and Secondary School Students’ Commuting and Healthy Growth,” conducted in Kunming, China in January 2024. The survey covered five major districts in Kunming: Wuhua, Panlong, Xishan, Guandu, and Chenggong. First, we randomly selected 31 sample schools from a total of 402 primary and middle schools in five districts using a stratified sampling strategy (these schools are within the compulsory education stage). Subsequently, we contacted the Kunming Education and Sports Bureau to obtain permission for the online survey distribution and coordinated with the teachers in charge of each school. We randomly selected approximately 5% of students from grades 1–6 in primary schools or grades 1–3 in middle schools in the sample schools, and distributed a total of 1831 questionnaire QR codes. The online questionnaires were completed jointly by students and their parents. Given that younger students may not fully understand the questions, we specifically noted that sections to be filled out by students should be completed with parental assistance. The legal guardians of all participants signed informed consent forms after being briefed on the purpose of the survey, and their information is strictly protected in accordance with relevant regulations. The survey collected information on various aspects, including students’ personal and family backgrounds, health status, and subjective environmental perceptions. After excluding questionnaires with incomplete information (such as home and school addresses), anomalies, and those with low reliability, we obtained 1,583 valid questionnaires, yielding an effective rate of 86.45%. These samples were distributed across 606 residential communities in the five districts. Given the limitations and representativeness of the urban built environment data, we further refined the sample to 1,388 valid responses within the study area. Research indicates that children aged 7 to 12 develop more logical and organized ways of thinking compared to children under the age of 7 (58). Therefore, to more accurately capture adolescents’ self-perception of the environment and health conditions, we excluded students under 7 years of age, yielding a final sample of 1,355 for subsequent analysis.

In addition to the survey data, we collected the following multi-source urban spatial data: (1) Road network data was obtained from OpenStreetMap.1 The raw road network data were processed using ArcMap 10.8.1, including clipping, cleaning, and topological adjustments, with interruptions at intersections. (2) Points of Interest (POI) data was acquired from the Gaode Map.2 (3) Street view image was collected from the Baidu Map.3 A Python program was used to sample street view panoramic images at 100-meter intervals from the road network, resulting in 54,431 images. These images were analyzed using a PSP Net model pre-trained on the MIT ADE20K dataset to identify and calculate the area proportions of various visible spatial elements, such as sky, roads, and vegetation. (4) Normalized difference vegetation index (NDVI) was obtained from the National Ecological Science Data Center.4



3.2 Variables


3.2.1 Dependent variables

The dependent variables include participants’ self-reported status for physical and mental health. In terms of the physical health, students were asked, “How would you rate your physical health?,” with responses recorded on a Likert scale from 1 (very poor) to 5 (very good). In terms of the mental health, we used the “Chinese Adolescents’ Emotional and Behavioral Problems Simplified Scale,” which has demonstrated high reliability and validity in a survey involving 4,727 students in Hunan Province, China (59). We assessed mental health across three dimensions: anxiety, depression, and social problems. Each dimension comprises 10 to 13 questions, with response options and scoring as follows: Never/Rarely (1), Sometimes (2), Often (3), and Most of the time (4). Notably, since most response options are negative indicators, we converted all responses to positive values for the calculation of mental health scores, thereby measuring positive levels of mental health.

In this study, we assessed the relative health status of the surveyed students. First, participants who rated their physical health as “good” or “very good” were classified as “healthy,” while those with remaining ratings were classified as “unhealthy” (15). Second, for mental health, we calculated the average scores for each dimension across all questions. Participants with average scores below 3 were classified as “unhealthy,” while those with scores above 3 were classified as “healthy.”



3.2.2 Independent variables

Based on the multidimensional definitions of environmental factors influencing health in Healthy Cities theory and socioecological theory (including the natural, built, and social environments), along with extensive discussions on objective and subjective environments in neighborhood studies on adolescent health, we developed an analytical framework for examining the impact of neighborhood environments on health (Figure 3). Regarding the neighborhood environment, we referenced the classification of residential environment attributes into subjective and objective components in the neighborhood satisfaction model (60), and reviewed evaluation variables related to both objective environments and subjective perceptions in existing research. A total of 26 indicators were selected, covering aspects of the objective environment, subjective environment, and socioeconomic attributes (Table 1). The following sections will provide a detailed introduction to the variables for both objective and subjective environments.

[image: Diagram illustrating a random forest model with multiple decision trees. Data is randomized to create diverse decision trees. Predictions from each tree are combined through voting to produce final results.]

FIGURE 3
 The process of random forest algorithm [adapted from Xu et al. (15)].




TABLE 1 Description of variables.
[image: A detailed table presenting various environmental and socioeconomic variables, descriptions, and statistical measures such as mean, standard deviation, and proportions. Categories include objective environment (natural environment, density, street design, distance to transit), subjective environment (community management, image), and socioeconomic attributes (community capital, demographics). The table quantifies factors like NDVI, intersection density, land use mix, safety facilities, community perception, and housing characteristics, offering a comprehensive overview of urban analysis metrics.]


3.2.2.1 Objective environment

Previous research on objective environment and adolescent health consistently highlights the significant health impacts of factors such as greening levels, road design elements, and built environment attributes. These factors influence adolescent health both directly and indirectly by shaping landscape quality, residential conditions, service accessibility, and transportation connectivity, ultimately impacting health behaviors and social interactions. Recent advancements in street view image semantic segmentation via machine learning have enhanced understanding of the built environment by measuring three-dimensional street visual elements, which have increasingly been applied in studies on adolescent health behaviors.

Based on previous studies and the widely used “5Ds” model in built environment and health research, we measured the objective environment using 11 variables across five dimensions. We created a circular buffer with 800-meter radius, commonly referred to as a 15-min pedestrian-scale neighborhood, within which residents can generally access essential service facilities. The natural environment is measured by NDVI (13, 15), reflecting adolescents’ access to natural surroundings. Density is measured by intersection density (8, 25), reflecting the street network layout within the community. Diversity is measured by land use mix, reflecting the variety of functional facilities within the community (7, 25, 26). Street design is evaluated through the sky view index, greening view index, relative pedestrian width, and ratio of traffic safety facilities (61, 62), reflecting the three-dimensional visual conditions encountered by adolescents on streets. These indicators were determined by averaging the pixel ratio from street view images at each sampling point. Accessibility to transportation and facilities is measured by the distance to nearest bus stop, subway station, park or square, and sports facilities, reflecting adolescents’ access to transportation, natural or open spaces, and recreational spaces in the neighborhood (7, 13, 20). These indicators were determined using the tool of “Find Closest Facilities” in ArcMap 10.8.1.



3.2.2.2 Subjective environment

Similarly, previous studies have demonstrated that the perceptions of natural, built, and social environments significantly impact adolescent health by fostering positive lifestyles and attitudes. Based on these studies, we measured the subjective environment using 9 variables across three dimensions. Community management is measured by perceived sanitary condition and property management quality, and community safety (11, 36, 37, 63), reflecting perceptions of community management quality and safety. Community image is measured by subjective air quality and noise quality, and perceived landscape environment (10, 34), reflecting perceptions of the neighborhood’s physical environment. Community capital is measured by sense of community belonging, neighborhood familiarity, and frequency of community events (6, 9, 38, 39), reflecting social support and interpersonal interactions within the community. All subjective environmental indicators were evaluated using a five-point Likert scale.





3.3 Method

The Random Forest (RF) model, introduced by Leo Breiman in 2001, is a decision tree-based machine learning algorithm, particularly effective at handling large datasets while minimizing the risk of overfitting (64). In classification tasks, as illustrated in Figure 4, the core principle involves repeatedly drawing M sample sets from the original dataset using the bootstrap resampling method, generating M decision trees that collectively form a random forest. At each tree node, a random subset of n features is selected from the total of N features, and the feature that minimizes the Gini index is chosen to split the node. Each tree is fully grown, and the ensemble of M trees provides the final classification result, which is determined by majority voting across all trees.

[image: Flowchart illustrating the impact of neighborhood environment on mental and physical health. It divides the environment into objective aspects, like natural environment, density, diversity, street design, transit access, and destination accessibility; and subjective aspects, like community management, image, and capital. Socioeconomic attributes influence both objective and subjective environments.]

FIGURE 4
 The framework for neighborhood environments on health.


In this study, we utilized the “Random Forest “package in Python 3.6, Jupyter Notebook 5.7.10. The model construction and validation process involves two main steps. First, using the ‘train_test_split’ module randomly allocates 70% of the analysis samples to the training set for model building, while the remaining 30% are reserved as the test set to assess the model’s performance. Second, to optimize the model and avoid issues of underfitting and overfitting, based on previous study (65), three key hyperparameters are fine-tuned. The search ranges for these hyperparameters are as follows: max_depth ranging from 3 to 7 (step size of 1); n_estimators ranging from 100 to 500 (step size of 100); and max_features ranging from 1 to 5 (step size of 1). Grid SearchCV from Scikit-learn is used for grid search and five-fold cross-validation to evaluate 125 possible hyperparameter combinations and determine the optimal set that delivers the best model performance: max_depth is set to 3, n_estimators is set to 100, max_features is set to 1.




4 Results


4.1 Model performance

To assess the suitability of the Random Forest model for this study, we trained and tested three commonly used machine learning models: RF, XGBoost, and LightGBM. The performance of these models is evaluated using commonly used metrics in supervised machine learning: Accuracy, Precision, Recall, and F1 scores. The value closer to 1 indicates better model performance (13, 15). As shown in Table 2, RF outperformed the other models in accuracy, recall, and F1 score. Although RF did not achieve the highest precision value among the models, it was very close to the maximum value. Overall, the Random Forest model demonstrated high accuracy, adaptability, and excellent predictive performance, making it effective for uncovering the complex nonlinear relationships between neighborhood environment and adolescent health. To further assess the robustness of the selected research units and study results, we constructed an 800-meter network buffer to measure the objective environment. The results indicate that the Random Forest model also exhibits strong robustness. Furthermore, the relative importance rankings of both subjective and objective environmental factors remained largely consistent. Specifically, with the exception of a few variables, the rankings of the top 12 factors remained stable across each control group.



TABLE 2 Model performance metrics.
[image: Table comparing the performance of three machine learning models, Radom Forest, XGBoost, and LightGBM, on physical and mental health prediction. For physical health, Radom Forest achieves highest accuracy (0.8771), precision (0.8837), recall (0.9917), and F1 score (0.9346). For mental health, Radom Forest also leads with accuracy (0.8157), recall (0.9910), and F1 score (0.8985), but has a precision of 0.8210. Other models show slightly lower metrics.]



4.2 Relative importance of predictors

Table 3 displays a comparison of the relative importance and rankings of all variables. Among the three types of independent variables, the objective environment has the greatest significance for both physical and mental health, with relative importance percentages of 51.03 and 53.30%, respectively. The subjective environment ranks next in importance, with its significance notably exceeding that of socioeconomic attributes. When comparing the relative importance rankings and percentages of various indicators, the following observations are made: (1) The greening view index, relative walking width, and ratio of traffic safety facilities in representing the three-dimensional environment of streets are comparable. (2) In contrast, the NDVI is more strongly associated with physical health, whereas intersection density, distance to bus stop, and community safety are more strongly associated with mental health.



TABLE 3 Relative importance of variables.
[image: Table comparing the impact of various factors on physical and mental health. Categories include objective environment, subjective environment, and socioeconomic attributes. Each factor is listed with its relative importance percentage and rank for both health types. Objective environment factors are most significant, with "sense of community belonging" ranking highest for physical health and "distance to bus stop" for mental health.]

In terms of physical health, the most significant variables in the neighborhood environment are sense of community belonging, distance to subway station and greening view index. The relative walking width, sky view index and land use mix are also closely associated with physical health. However, the relative importance of community safety and perceived sanitary condition is comparatively lower.

In terms of mental health, the most significant variables are distance to bus stop and subway station, sense of community belonging. Next in importance are intersection density, greening view index, and land use mix. Conversely, the relative importance of perceived landscape environment and distance to sports facility is comparatively lower.

Additionally, among socioeconomic attributes, housing area plays a significant role in influencing the physical health of adolescents, with its relative importance ranked 3rd for physical health and 2nd for mental health. Other personal socioeconomic attributes, such as gender and household registration, do not exhibit a significant impact on adolescent health.



4.3 Non-linear relationship

We visualize the non-linear relationships and threshold effects between various variables and adolescent physical and mental health using partial dependence plots. Additionally, we apply a fitting curve to smooth the effects of objective environmental factors and some socioeconomic attributes on health outcomes (66). Based on the relative importance ranking of factors influencing adolescent health, we individually analyze the top 12 most significant neighborhood environment variables.


4.3.1 Adolescent physical health

Figure 5 displays the partial dependence plots for the top 12 variables influencing adolescent physical health. In terms of the objective environment, the greening view index, ratio of traffic safety facilities and NDVI are positively associated with the probability of positive physical health status, with evident threshold effects. Specifically, the greening view index shows no significant effect once it exceeds approximately 14%, while ratio of traffic safety facilities and NDVI exhibit local low values around 0.8 and 0.38, respectively. Conversely, the relative walking width, distance to subway station and park or square are negatively associated with the probability of positive physical health status. Specifically, the relative walking width shows no significant effect once it exceeds approximately 0.4. Additionally, the sky view index and land use mix exhibit differentiated relationships with the probability of positive physical health status. Specifically, the sky view index leads to a “decrease–increase” trend in the probability, with a threshold at approximately 52%. The land use mix leads to an “increase–decrease” trend in the probability, with a threshold at approximately 0.71.

[image: Twelve graphs show the relationship between physical health and various factors. Each graph displays a line chart with variables like sense of community belonging, distance to subway, housing area, greening view index, pedestrian width, sky view index, land use mix, traffic safety ratio, subjective noise, distance to park, NDVI, and subjective air quality. Physical health is plotted on the vertical axis. Each graph also includes a dashed line representing the original data.]

FIGURE 5
 The non-linear association between key variables and adolescent physical health.


In terms of the subjective environment, the sense of community belonging, subjective noise quality and air quality are positively associated with the probability of positive physical health status. Specifically, the probability is maximized when sense of community belonging is rated as “normal,” subjective noise quality is rated as “very quiet,” and subjective air quality is rated as “good.”



4.3.2 Adolescent mental health

Figure 6 displays the partial dependence plots for the top 12 variables affecting adolescent mental health. In terms of the objective environment, the intersection density is positively associated with the probability of positive mental health status. Conversely, the distance to park or square, distance to bus stop, relative walking width, and ratio of traffic safety facilities are negatively associated with the probability of positive mental health status. Specifically, the probability significantly decreases when distance to bus stop exceeds approximately 0.5 km. Additionally, the distance to subway station, land use mix and greening view index exhibit differentiated relationships with the probability of positive mental health status. Specifically, the distance to subway station and land use mix lead to an “increase–decrease” trend in the probability, with a threshold at approximately 1.2 km and 0.71. The greening view index leads to a “decrease–increase” trend in the probability, with a threshold at approximately 10%.

[image: Twelve line graphs depict the relationship between mental health and various urban factors, including distance to bus stops and subway stations, housing area, sense of community belonging, intersection density, greening view index, land use mix, pedestrian width, traffic safety facilities, noise pollution, park distance, and community safety. Each graph includes original and smoother data lines. Mental health is measured on the vertical axis, and each factor on the horizontal. Patterns vary, showing different trends and impacts on mental health across these urban variables.]

FIGURE 6
 The non-linear association between key variables and adolescent mental health.


In terms of the subjective environment, the perceived sanitary condition, subjective quality pollution, and community safety are positively associated with the probability of positive mental health status. When these three factors are rated at the highest levels, the probability of mental health is maximized.





5 Discussion

This study, utilizing questionnaire data and multi-source urban spatial data, employs the Random Forest model to explore the non-linear relationships between neighborhood environments and adolescent health. It assesses the relative importance of both objective and subjective environmental factors on adolescent physical and mental health and examines the impact of various variables on health status. To our knowledge, this is the first study to thoroughly explore the non-linear associations between neighborhood environments and adolescent health from both subjective and objective perspectives. The study enriches the perspectives and methods of research on neighborhood environments and adolescent health. Furthermore, it provides valuable insights for the planning of healthy communities, environmental interventions, and health promotion in specific dimensions among adolescents.


5.1 Contribution of the neighborhood environment to adolescent health

Compared to subjective environments, objective environments have a more significant impact on adolescent physical and mental health. This finding contrasts with existing research, which emphasizes the substantial influence of subjective environments on residents’ health and older adults health (15, 67, 68), considering them as crucial predictors of health status. Unlike adults, who possess fully developed judgment and cognitive abilities, adolescents are still undergoing developmental changes, and their mental and cognitive faculties are not yet fully mature. Therefore, their health status is more directly influenced by objective material conditions than by perceptions of social environment (e.g., neighborhood relationships, facility conditions and community image).

Additionally, we observed notable differences in the contribution of specific key variables between physical and mental health. For instance, NDVI plays a more significant role in physical health. One possible explanation is that vegetation coverage directly reflects the air quality, heat, humidity conditions (e.g., local heat island effects), and opportunities for natural contact, which are closely associated with adolescents’ respiratory and cardiovascular health (69), thereby having a more pronounced impact on physical health. In contrast, distance to bus stop and community safety are more influential for mental health. One possible explanation is that the distance to bus stop reflects the convenience of accessing social places, which plays a crucial role in the development of adolescents’ independent social capabilities and participation in activities. Similarly, during the adolescent mental development stage, fostering independent travel abilities also contributes to enhancing self-efficacy. Environmental psychology theory posits that a safe and comfortable environment can reduce anxiety and stress (70), thereby enhancing personal well-being and a sense of security. Similarly, for adolescents, the security level of the neighborhood environment (e.g., the frequency of criminal or violent incidents) indirectly influences patterns of social interaction and emotional stability, which may lead to increased anxiety and depression (63, 71, 72).



5.2 The impact of objective environment on adolescent health


5.2.1 Non-linear relationship between the objective environment and adolescent health

The presence of non-linear relationships and threshold effects between key objective environmental variables and adolescent physical and mental health is notable. For instance, the land use mix leads to an “increase–decrease” trend in the probability of adolescent health. An appropriate level of land use mix reflects the diversity of public facilities, potentially reducing the need for long commutes and promoting active travel modes (e.g., walking and cycling) (73, 74), thereby enhancing physical health. Furthermore, social interactions within diverse public spaces can facilitate expansion of social networks, and the development of self-confidence. However, an excessive degree of land use mix often leads to high-frequency, prolonged population activities within the community, creating a bustling neighborhood atmosphere that may negatively impact both sleep quality and academic performance.

The distance to park or square is negatively associated with physical and mental health, while the NDVI is positively associated with physical health. This observation aligns with the biophilia hypothesis, which describes humans’ intrinsic connection to nature and an innate tendency for outdoor exploration (75). Adolescents foster positive health outcomes through participation in physical activities, nature exposure, and social interactions within natural or open spaces (6, 28, 29). Furthermore, high-quality outdoor environments (e.g., good air circulation and low noise levels) benefit respiratory and physical health (21, 22). The relatively smooth curve observed for NDVI suggests that the health-promoting effects of nature are more evident in well-maintained, landscaped natural and open spaces.

The probability significantly decreases when distance to bus stop exceeds approximately 0.5 km. The 0.5 km radius around a bus stop is generally sufficient to meet residents’ travel needs and is a fundamental feature of a 5-min pedestrian-scale neighborhood (76). Therefore, the distance may not directly affect adolescents’ mood through promoting physical activity. However, when bus stops are located farther than 0.5 km, transportation inconvenience restricts adolescents’ opportunities and willingness to engage in outdoor social activities. This reduced accessibility may foster feelings of anxiety and social isolation, ultimately exerting a negative impact on mental health.

The relative pedestrian width is negatively associated with physical and mental health. In urban road design, sidewalk width is often closely related to the road classification. As a result, wider sidewalks are typically found along primary and secondary arterial roads, which are less likely to be chosen for active commuting by residents (77). For instance, as demonstrated in this study, relative pedestrian width exceeding 0.4 no longer shows a significant impact on physical health. While wider pedestrian spaces provide opportunities for social interaction (e.g., certain sidewalk widths may promote mental health), the higher traffic flow on major roads often presents perceived safety risks and psychological stress for adolescents when walking or crossing these roads.

The intersection density is positively associated with mental health. Communities with higher intersection density generally feature a more diverse distribution of facilities and more active interpersonal interaction patterns (e.g., with more flexible land use layouts). Consequently, in such high-access environments, adolescents can more easily and freely access social activity locations. The social interaction opportunities provided help alleviate stress, improve life satisfaction, and foster a sense of community belonging.

The sky view index leads to a “decrease–increase” trend in the probability of physical health. Low levels of sky openness create a sense of spatial enclosure, resulting in visual interference with traffic-related travel activities on the streets, thereby reducing adolescents’ willingness to engage in active travel. However, similar to existing studies, as the spatial view gradually opens up, active physical activities such as walking and cycling are more likely to occur on the streets (78, 79), thereby promoting individuals’ physical fitness, cardiovascular health, and overall well-being.



5.2.2 Differences in the impact of objective environment on adolescent physical and mental health

It is noteworthy that some variables exhibit significant differences in their impact on physical versus mental health. Firstly, compared to physical health, the distance to subway station exhibits a clear trend of initially increasing and then decreasing. At an optimal proximity to the subway station (approximately 1.2 km), adolescents can conveniently access entertainment, sports, and recreational spaces through the “subway +” travel mode, which in turn enhances social connections, reduces feelings of loneliness, and improves life satisfaction. However, the distribution of subway stations reflects urban location differences and functional layout needs, with demand primarily concentrated on long-distance commuting rather than daily short trips, thus failing to significantly promote travel modes that support physical activity. Furthermore, as the distance to the subway station increases, the probabilities of both physical and mental health decline. On one hand, this result suggests that greater distances from transportation (including bus stops and subway stations) limit opportunities for social participation, leading to “social isolation.” On the other hand, increased commuting time reduces opportunities for active commuting to school and outdoor physical activities, resulting in an overall decrease in adolescents’ physical activity, which negatively impacts physical health. This result confirms that, beyond the positive effects of transportation stations within a fixed proximity (7, 13), excessive distance may even have negative effects.

Secondly, the ratio of traffic safety facilities is positively associated with physical health, while negatively associated with mental health. Well-established traffic safety features (e.g., traffic lights, barriers, curbs) regulate pedestrian spaces and behaviors on streets (80), which reduces the risk of injury or traffic accidents for adolescents and encourages them to actively choose walking, cycling, and other modes of participation in street activities. However, an excessive number of traffic safety facilities can introduce environmental warnings, visual complexity, and a sense of safety dependence. On one hand, this may cause confusion among adolescents about the external environment and a sense of helplessness regarding potential dangers. On the other hand, the overly “formal” atmosphere created by these facilities hinders adolescents from developing an exploratory desire based on the complexity and diversity of the environment.

Thirdly, compared to physical health, the greening view index significantly induces a “decrease–increase” trend in mental health within certain intervals. A possible explanation is that in areas with low levels of street greening, adolescents are more likely to feel mentally oppressed or uncomfortable (e.g., high levels of spatial construction intensity) and unsafe (e.g., vast open spaces) due to the lack of natural exposure, which can lead to negative emotions. As the level of greenery increases (particularly after exceeding 10%), both the physical and mental health of adolescents gradually improve. This further demonstrates that, in addition to the proximity and coverage of green spaces within neighborhoods, well-visible green spaces on streets can also promote health through environmental contact and activity (expressed through active commuting behaviors) (62, 81). However, excessively high levels of green visibility imply excessive obstruction of street space and a lack of construction activity, which leads to fewer adolescents engaging in physical activities or social interactions in these areas.




5.3 The impact of subjective environment on adolescent health

We found that the subjective environment typically has a beneficial impact on promoting adolescent health. For instance, among the key variables related to community management, such as community safety is positive associated with adolescent mental health. Poor maintenance of facilities, littering, and other signs of environmental disorder can lead to increased concerns about public safety and crime (71, 72). In contrast, a well-maintained and safe community environment enhances adolescents’ sense of security and comfort during outdoor activities, which can alleviate potential sleep difficulties and reduce life stress (6).

Among the key variables related to community image, a quieter noise environment is beneficial to physical and mental health. Previous studies have indicated that urban traffic noise leads to sleep disturbances (82). Similarly, exposure to high levels of noise (including traffic and activity noise) can induce stress responses in adolescents, potentially affecting academic performance and sleep quality. Air quality can directly affects respiratory and cardiovascular health (69). Exposure to low levels of air pollution (e.g., NO2, PM2.5), is more likely to lead to physiological issues such as insomnia and cardiovascular diseases during adolescence (6, 23).

Among the key variables related to community capital, sense of community belonging positively influences both adolescent physical and mental health. Existing research indicates that social cohesion among neighbors helps alleviate psychological stress and enhances social connections in adults (83, 84). Similarly, a supportive and emotionally connected neighborhood environment promotes positive health behaviors and psychological well-being in adolescents (40, 85).



5.4 Limitations

This study has two limitations due to the study area and sample constraints. First, due to the sample size of the survey data, it is challenging to control for geographic environmental differences that may arise from residential self-selection (16). For instance, parents of students living in commercial properties or rental accommodations might choose residences with better scenic environments and amenities based on their economic status and social position. Second, although we explored the optimal impact range of the built environment on adolescent physical and mental health, the threshold effects of the built environment may differ under varying regional conditions. Therefore, future research should aim to enhance the generalizability of the findings by conducting comparative studies across different cities and increasing sample size. Nonetheless, considering the challenges of data acquisition, the non-linear and threshold effects of neighborhood environments highlighted in this study offer valuable insights for adolescent-friendly community planning, construction, and management, particularly for large cities along the southwestern border of China.




6 Conclusion

This study, leveraging survey data, multi-source urban spatial data, and machine learning techniques, examines the relative importance of subjective and objective environmental factors on adolescent physical and mental health, and analyzes the non-linear relationships between various environmental variables and health status. The findings reveal that: (1) Objective environments exert a greater influence on adolescent physical and mental health compared to subjective environments. (2) Within objective environments, the relationship between different variables and adolescent health is typically non-linear, displaying threshold effects. Notably, the distance to subway station, ratio of traffic safety facilities, and greening view index have differing impacts on physical and mental health. (3) Within subjective environments, key factors related to community management, community image, and community capital generally positively influence adolescent health.

Based on the above conclusions, this study explores three aspects of interventions in the neighborhood environment (including both subjective and objective elements), and aims to provide policy recommendations for policymakers, planners, and community managers in planning and managing of healthy communities. Firstly, in urban planning and the layout of community facilities, policymakers and planners should consider flexible facility models, with an emphasis on the rational arrangement of landscape spaces, open spaces, and transportation facilities. For instance, considering the health-promoting effects of green landscapes and open spaces, the construction of community parks, gardens, and playgrounds should be prioritized (86). A distance exceeding 450–500 meters from bus stations has been associated with reduced adolescent health levels. Therefore, their layout should ensure a service radius of 500 meters within the 5-min pedestrian-scale neighborhood. Secondly, in the renovation of community street microenvironments, planners should consider the nonlinear impacts and potential threshold effects of three-dimensional spatial boundaries on adolescent health. For instance, excessively high greenery coverage (over 14%) no longer significantly impacts physical and mental health, while low sky openness (below 52%) is detrimental to health. Therefore, urban planners should adopt refined spatial strategies in street renovation and optimization for these specific environmental elements. Thirdly, community management efforts should focus on enhancing a positive community atmosphere. Given the general health-promoting effects of the neighborhood’s perceived environment on adolescent health, policymakers and community managers should focus not only on improving the provision of “hardware” such as landscape environments, sanitation conditions, and security facilities but also on fostering a supportive “software” atmosphere, including social cohesion, networks, and support.
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This study investigates the inequities in life expectancy among individuals aged 65 and above in urban and rural areas of Zhejiang Province, China, with a primary focus on promoting health equity among the older adults population. The objective is to analyze the trends and factors contributing to the urban–rural gap in life expectancy and to propose strategies for reducing this disparity. Data from the 2010 and 2020 statistical records and census data were analyzed using cohort life tables and gray correlation analysis. Results indicate an overall increase in life expectancy among the older adults, with a more pronounced improvement in rural areas, thereby narrowing the urban–rural gap from 1.53 years in 2010 to 1 year in 2020. Income inequality emerges as the primary factor influencing life expectancy, followed by educational attainment, with variations across different age groups and gender. This underscores the importance of tailored interventions that consider the specific needs of older adults individuals in diverse geographical areas and age brackets to extend life expectancy and promote health equity. By tackling these unfair differences, health equity can be ensured and the overall well-being of the older population in both urban and rural areas can be improved.
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1 Introduction

Health equity, defined as the endeavor to reduce avoidable disparities in health and its determinants—encompassing not only healthcare but also broader factors—among groups of people characterized by varying levels of underlying social advantage or privilege (1). Societal-level inequality inherently harms the entire population (2), and these inequalities can be reflected in the life expectancy of populations in different regions. According to the data disclosed in the World Health Statistics Report (2023) published by the World Health Organization, global life expectancy jumped from 46.5 to about 73.0 years from 1950 to 2019. It is projected that by 2048, the average global life expectancy is expected to reach 77.0 years (3). China’s National Health and Wellness Commission released the Healthy China Initiative (2019–2030), which explicitly sets specific target values for China’s life expectancy to reach 77.7 years in 2022, and aims to reach 79.0 years by 2030 (4). Throughout the Yangtze River Delta (YRD) region, many health policies have also been proposed individually. By analyzing Zhejiang’s practices in the context of the YRD, we can gain insight into the factors affecting life expectancy and identify opportunities for collaboration and improvement. In Zhejiang Province, particular attention has been paid to reducing the gap between urban and rural life expectancy, as reflected in the province’s specific development strategies. Guided by the “Eight-eight Strategy,” which clearly states that the goal of Zhejiang Province is to achieve a life expectancy of 82.4 years by 2027 (5), this strategy emphasizes urban–rural integration, by investing in rural infrastructure, medical facilities and education, in order to promote the sustainable development of society. It can be seen that, along with the policy orientation, the attention from society and academia towards the measurement indicators and influencing factors of healthy life expectancy has also increased (6).

Life expectancy serves as a crucial indicator of population health and social development, and it has witnessed a general increase in recent years due to advancements in medical technology, living conditions, and public health policies. However, this increase is not solely linear; rather, it is influenced by a variety of factors leading to diverse outcomes. Despite the overall increasing trend in global life expectancy, significant inequalities persist among different countries, regions, and races (7, 8), largely influenced by disparate living habits, cultural practices, and socioeconomic status (9). Furthermore, the unique characteristics of groups affected by social determinants of health, including territorial factors, gender differences and disability status, significantly shape their access to healthcare resources and quality of life, thereby influencing their life expectancy in profound ways. For instance, in certain less developed regions, life expectancy remains lower due to issues such as resource scarcity and poverty (10). Moreover, significant disparities in life expectancy exist between urban and rural areas (11, 12). Rural residents tend to have lower life expectancy than urban residents due to relatively inadequate social and medical conditions and differences in living environments (13). Nevertheless, the urban–rural gap is gradually narrowing with the enhancement of economic and medical conditions in rural areas (14, 15). Gender differences should not be overlooked. Generally, female life expectancy exceeds that of males in most countries and regions (16), except for a few of the world’s poorest nations (17). Nonetheless, gender differences are somewhat mitigated by a combination of various factors, potentially resulting in subsequent alterations in their correlation with life expectancy (18). In addition, the analysis showed significant differences in life expectancy based on disability, with years lost to disability being a linear function of life expectancy at birth (19). Older adults individuals face an increasing risk of disability (20). Each of these factors has a significant impact on social groups, and in more detail, territory differences that generate geographic and cultural differences in access to health services, gender differences that may affect health outcomes from an innate perspective, and disabilities that can affect quality of life by limiting mobility and social participation, all further exacerbate these inequalities. Presently, greater research emphasis is placed on investigating the specific factors influencing life expectancy. Particularly, socio-public factors such as socio-economic development, health expenditures, and health services have been identified as significant determinants affecting life expectancy (21–24). It is noteworthy that environmental factors, including carbon emissions and energy, have garnered considerable attention (25–27). Additionally, personal factors such as income level, education level, and health behaviors are deemed to be closely intertwined with life expectancy (28–31). Nonetheless, there remains a dearth of current research on the precise degree of correlation between these social factors and life expectancy among the older adults population, delineating primary and secondary factors. Considering that social roles are in a state of continual flux, the influence of these factors on the life expectancy of the older adults population may adopt a more intricate and multifaceted stance. Hence, there is an urgent need for further in-depth studies and research.

With societal progress and advancements in medical technology, the current focus on increasing population life expectancy has shifted towards reducing mortality rates among the older adults (32). Zhejiang Province is among the provinces experiencing relatively high levels of aging. Additionally, Zhejiang Province experiences the phenomenon of “urban–rural inversion” in aging. According to the results of the seventh population census, in 2020, the proportion of individuals aged 65 and above in urban areas of Zhejiang Province was 10.32%, compared to 20.90% in rural areas, reflecting a difference of approximately 10.6 percentage points (33). The degree of aging in rural areas is much higher than that in urban areas, and some studies predict that this phenomenon will further intensify (34). In contrast to inverted ageing, the coexistence of urban and rural systems has resulted in urban residents generally having better access to health care (35). However, differences in health outcomes between urban and rural residents are more likely to be due to the social determinants of health rather than just the availability of health care services. In the current society, resource allocation is usually more skewed towards urban areas, these phenomena appear to be inevitable consequences of urbanization, which also results in rural residents often facing significant challenges due to reasons such as lower socioeconomic status, limited education, and inadequate social support networks. This suggests that the health needs of a significant portion of the rural older adults population may have been overlooked to some extent, highlighting a substantial inequity between urban and rural regions (36), posing significant challenges to societal sustainability. Thus, investigating inequities in life expectancy and its determinants among urban and rural older adults populations in Zhejiang Province can offer a scientific foundation for the government to devise more precise geriatric health policies. This, in turn, can help bridge the urban–rural gap and foster social equity, ultimately promoting sustainable societal development in Zhejiang Province.

The main objectives of this study are as follows: (1) Constructing a life table and measuring life expectancy using data from the Sixth and Seventh Population Census of Zhejiang Province, the database of the Zhejiang Provincial Health and Health Commission, and data published by the Zhejiang Provincial Bureau of Statistics; (2) Calculating the degree of correlation between life expectancy and the specific characteristics of the population in different regions (urban and rural) that are related to differences in life expectancy, using a gray correlation analysis method. (3) Analyzing changes in life expectancy and its influencing factors based on the study results for the years 2010 and 2020, including horizontal analysis of time trends and vertical comparison of urban and rural geographic differences; (4) Analyze key gender differences in life expectancy factors, to inform ageing health policies promoting social equity and sustainable development.



2 Materials and methods


2.1 Study design

This section outlines the detailed plan and methodology employed in the study. It begins with a visual representation of the study design, specifically a descriptive study, in the form of a mind map. This mind map provides a concise overview of the research process, including the background of the study, data sources, research methodology and analysis, and steps for the purpose of the study. As shown in Figure 1.

[image: Flowchart illustrating a study on urban-rural health inequalities and life expectancy. It begins with background factors like population trends, policy orientation, and social problems. Data from Zhejiang Province's agencies contribute to the period life table, influencing life expectancy. Grey correlation analysis identifies influencing factors. The analysis considers geographic and temporal differences in life expectancy, and urban-rural and gender comparisons. Conclusions focus on health equity, highlighting differences in life expectancy and influencing factors.]

FIGURE 1
 Study design.




2.2 Materials

The calculation of life expectancy in this study requires data on the survival and death of the older adults population aged 65 years or older, categorized by age group and region. The study sample consists of individuals from Zhejiang Province, China, who were aged 65 and above during the periods covered by the sixth population census (2010) and the seventh population census (2020). These data are primarily sourced from these two censuses and are calibrated using information provided by the Zhejiang Provincial Bureau of Statistics (SPBS) and the Zhejiang Provincial Center for Disease Control and Prevention (CDC), as detailed in Table 1. Additionally, this study adhered to international standards by defining the age of the older adults population as 65 years old to ensure result generalizability and comparability. To maintain data consistency, urban administrative divisions comprising “city” and “town” were consolidated into the urban category, while rural areas retained their original administrative divisions. This approach facilitates a more accurate analysis of disparities between urban and rural areas and their impact on older adults population life expectancy.



TABLE 1 Survivors and deaths of the older adults population aged 65 and above in urban and rural areas of Zhejiang Province in 2010 and 2020 (persons).
[image: Table comparing urban and rural life expectancy for different age groups in 2010 and 2020. It lists the number of survivors and deaths for each age group: 65–69, 70–74, 75–79, 80–84, 85–89, and 90+.]

The data on influencing factors required for this study primarily originate from the sixth population census of Zhejiang Province in 2010, the seventh population census in 2020, the Zhejiang Provincial Bureau of Statistics, and the statistical yearbook. These variables encompass three levels: social, economic, and personal. These include social welfare, income, education, health status, gender, and whether the older adults lives alone. Specifically, the social dimension includes “social welfare,” which in our study refers to social security programs such as retirement pensions, unemployment insurance, and minimum living allowances, measured as a proportion of the total population. The economic dimension encompasses “income” calculated as the average income of the study population across various age groups. The personal dimension spans “education” measured by the duration of educational attainment. The “health status” primarily referring to an individual’s capacity to live independently and categorized into “healthy” and “unhealthy” based on survey data from the censuses. And “whether the older adults lives alone” determined by the household population size in the survey. These factors, which are well-established in previous studies (21–31) as being correlated with life expectancy, were selected for analysis to determine the specific degree of association with life expectancy and identify primary and secondary factors.



2.3 Methods


2.3.1 The period life table

This study employed the construction of period life tables to measure life expectancy. The life table is a statistical model compiled based on the probability of death at each age, noted for its ease of production, intuitiveness, and simplicity (37). The life table examines the survival of individuals born in the same period at different ages (38). It can be divided into the Cohort Life Table and the Period Life Table. The latter conducts a cross-sectional analysis of the life process by assuming the current age-specific probability of death throughout life to measure life expectancy. This latter approach calculates the average number of years of survival for the same group of people, considering the current probability of dying at the current age (5). In this study, 65 years of age were utilized as the starting point for the older adults age group, with a subsequent age interval of 5 years. The final age group comprised individuals aged >90 years, while the remaining age groups were divided based on a 5-year criterion. Compilation followed the methodology outlined in prior studies (5, 39).

The number of survivors [image: The image displays the mathematical notation "h sub x" (hₓ), commonly used to represent a variable or function indexed by x.](where [image: Mathematical symbol "x" displayed in a serif font style.] represents age) and deaths [image: The image shows the mathematical notation "d" with the subscript "x".] by age group, as per the data published by the respective statistical offices, are displayed in Table 1. The fundamental data for computing the period life table is the mortality rate [image: The image shows the mathematical notation "m" with a subscript "x".] for each age group, serving as the basis for deriving all other indicators (40). This ratio, calculated by the formula, represents the number of deaths relative to the number of survivors:

[image: The formula shown is \( m_x = d_x / h_x \), representing a mathematical equation.]

The probability of death [image: The alt text for this image cannot be provided as there is no visible image. Please upload the image to receive an appropriate description.] represents the likelihood that individuals who have reached age [image: Mathematical symbol "x" in black font, likely representing a variable or multiplication, on a transparent background.] will die before reaching age [image: Mathematical expression showing "x plus n".], assuming a uniform distribution of deaths within the age interval. This probability is calculated using this formula:

[image: The image shows a mathematical formula: q sub x equals n d sub x over h sub x, equals open parenthesis 2 times n times m sub x close parenthesis, divided by open parenthesis 2 plus n times m sub x close parenthesis.]

The number of survivors [image: Mathematical expression showing the capital letter "L" subscripted with the variable "x".] refers to the count of individuals within each age group who have survived, typically beginning with the first group [image: The mathematical expression shows \( m_x = 10{,}000 \).]:

[image: Equation showing \( l_x = l_{x-1} - D_x \), representing a decrement operation where \( l_x \) is calculated by subtracting \( D_x \) from \( l_{x-1} \).]

The number of life table deaths [image: The image presents a mathematical expression featuring the letter "D" with a subscript "x".] represents the individuals in each age group expected to die among the number of survivors [image: It appears there might be an issue with the image upload. Please try uploading the image again, and I’ll be happy to help with generating the alternate text.], based on the prevailing probability of death [image: Sorry, I cannot generate alt text for the provided content as it appears to be incomplete or formatted incorrectly. Could you please provide the full image or more context?]. It is calculated using the formula:

[image: Mathematical equation showing \(D_x = q_x \times l_x\).]

Survivor years [image: Mathematical notation showing the symbol L with a subscript x, representing a variable or value specific to x.] represent the cumulative number of years survived by each age group, with the number of survivors [image: The lowercase letter "l" with a subscript "x", indicating a mathematical notation or variable.] aged 65 serving as the baseline:

[image: Equation for calculating \( L_x \) based on different conditions: For non-highest age groups, \( L_x = \frac{(l_x + l_{x+n}) \times n}{2} \). For the highest age group, \( L_x = \frac{l_x}{m_{x}} \) where \( m_x \) is used.]

Total survivor years [image: A mathematical expression showing a variable \( T_x \), typically used to denote a transformed version of a variable \( T \) with respect to \( x \).] represent the cumulative survivor years from age [image: The image shows a lowercase letter 'x' in a serif font style.] to the maximum age, where the maximum age is denoted as [image: Lowercase Greek letter omega symbol in black.]:

[image: Mathematical formula showing \( T_x = \sum_{x}^{\omega} L_x, L_{\omega} \).]

Finally, calculating life expectancy [image: Text showing the capital letter E with a subscript x.]:

[image: Mathematical equation showing \(E_x = T_x / l_x\), where \(E_x\) equals the ratio of \(T_x\) over \(l_x\).]



2.3.2 Grey correlation analysis

Gray correlation analysis is a scientific method used for quantitatively describing and comparing the developmental dynamics of system changes. Its primary purpose is to calculate the correlation degree of each factor and identify the key factors influencing the independent variable based on ranking (41). Following the steps of gray correlation analysis, the calculated results are categorized into different years, regions, and age groups, corresponding to the gray correlation. Based on the correlation degree calculated from the aforementioned grouping, which indicates the correlation strength of each factor with the reference variable, the variables closely related to the reference variable are determined. Additionally, the magnitude of the data resulting from the relationship between each factor and the reference variable was ranked to precisely convey the influence of each factor on life expectancy, facilitating the identification of primary and secondary factors driving changes in the dependent variable.

In this paper, calculations were conducted following the methods outlined by Zhao (42). Firstly, the analytical series were identified, and the selected variables were categorized into one dependent factor and several independent factors. The series containing the dependent variable served as the reference series [image: Mathematical notation showing a set containing the element \(x_0\).], while those containing the independent variables constituted the comparative series [image: Mathematical notation showing a set containing the variable \( x_m \), typically representing elements indexed by \( m \).]. Secondly, the variables’ series were normalized, and the initial data point of each series was used to normalize the subsequent data points, thereby transforming them into comparable data series. Subsequently, the difference series was derived using the following formula:

[image: Mathematical equation showing delta m of n equals the absolute value of x zero of n minus x sub m of n.]

Maximum Difference:

[image: Formula for \( A \) which equals the product of max functions of \( m \) and \( n \), with \(\Delta m(n)\) and \(\lvert x_0(n) - x_m(n) \rvert\).]

Minimum Difference:

[image: Mathematical formula showing \( B = \min(m) \min(n) \Delta m(n) = \min(m) \min(n) \lvert x_0(n) - x_m(n) \rvert \).]

Next, the gray correlation coefficient is calculated by dividing the sum of [image: A stylized letter "A" in a serif font, rendered in bold and italics, with a sharp, angular design.] and [image: It seems there was an error or missing image. Please upload the image or provide a URL, and I will help generate the alternative text for you.] by the sum of [image: Mathematical expression showing Delta m of n, where Delta is the Greek letter representing change, m is in italics, and n is within parentheses.] and [image: It appears there was an issue. Could you please upload the image file or provide a link to it?]:

[image: Mathematical equation showing η sub m of n equals the absolute value of x sub 0 of n over x sub m of n, with min and max functions, divided by the absolute value of x sub 0 of n minus x sub m of n, including min and max functions, and ϕMax expressions.]

Finally, the gray correlation is obtained by averaging the gray correlation coefficients of each column:

[image: Mathematical formula depicting the average of a sequence, represented as \( S_m = \frac{1}{t} \sum_{n=1}^{t} \eta_m(n) \).]





3 Results


3.1 Life expectancy

In this study, we utilized EXCEL software to prepare and compute life tables using census data, thereby deriving the life expectancy of the older adults population aged 65 and above in both urban and rural areas of Zhejiang Province for the years 2010 and 2020, as depicted in Table 2, respectively. The calculated results are stratified by various years, regions, and age groups, offering a more comprehensive depiction of life expectancy among the older adults population. Based on the life table calculation results, notable trends emerge: firstly, the life expectancy of both urban and rural older adults populations in Zhejiang Province has markedly risen over the decade spanning from 2010 to 2020, aligning with anticipated trajectories and conforming to the principles of social development and advancement. Additionally, the hierarchy of “urban older adults population > rural” in terms of life expectancy persists. This pattern is evident not only across the entirety but also within all age brackets of both urban and rural locales. Conversely, while an urban–rural disparity persists, it has notably diminished over the course of the decade, corroborating the conclusions drawn by numerous scholars (14, 15). This suggests that Zhejiang Province has made strides in mitigating the urban–rural divide and enhancing the health outcomes of the rural older adults population.



TABLE 2 Life expectancy of the older adults population aged 65 and above in urban and rural areas of Zhejiang Province in 2010 and 2020 (years).
[image: Table showing life expectancy for age groups in urban and rural areas for the years 2010 and 2020. In 2010, life expectancy for urban areas starts at 19.71 years for ages sixty-five to sixty-nine, decreasing to 4.64 years for ninety and older. For rural areas, it starts at 17.43 and decreases to 3.66. By 2020, urban life expectancy increases across all groups, starting at 22.08 and decreasing to 5.54, whereas rural areas increase from 20.57 to 4.99.]

In addition, in order to more visually reveal the significant differences in life expectancy that exist between urban and rural areas and over different time spans in Zhejiang Province, we have also plotted the following figures. Figure 2 shows life expectancy in 2010 and 2020, with Panel (C) highlighting the reduction in urban–rural differences over time. Figure 3 depicts changes in the older adults population, distinguishing between urban and rural areas, and indicates an increase in life expectancy from 2010 to 2020. Lastly, Figure 4 compares the added value of life expectancy for urban older adults aged 65+ across all age groups from 2010 to 2020, between urban and rural settings.

[image: Three line graphs labeled A, B, and C show life expectancy for different age groups. Graph A compares urban and rural life expectancies from ages 65-69 to 90+, showing urban slightly higher. Graph B, similar to A, shows a consistent urban-rural trend across age groups. Graph C compares life expectancy in 2010 and 2020, showing a decrease over time for each age group.]

FIGURE 2
 These illustrates the differences in life expectancy between urban and rural areas between different years: (A) 2010; (B) 2020; and (C) Urban–rural differences between 2010 and 2020.


[image: Life expectancy graphs depict changes from 2010 to 2020 across age groups. Panel A shows rural life expectancy decreasing over time. Panel B reflects a similar urban trend. Panel C compares life expectancy loss between urban and rural areas, highlighting urban advantages.]

FIGURE 3
 The difference of the older adults population in Zhejiang Province between 2010 and 2020 in different areas: (A) urban; (B) rural; (C) increase in life expectancy between 2010 and 2020.


[image: Bar charts labeled A and B show life expectancy in years across different age groups. Chart A represents urban data and Chart B represents rural data for 2010, both featuring added values. Life expectancy decreases as age increases for both urban and rural settings. The added value is highlighted in each bar.]

FIGURE 4
 These illustrates the added value of life expectancy of urban older adults population aged 65 and above in Zhejiang Province at all age group, from 2010 to 2020: (A) Urban; (B) Rural.




3.2 Factors

Correlations among various influencing factors were determined through gray correlation analysis (Table 3), and the resultant calculations were stratified across different years, regions, and age groups. A higher correlation value (closer to 1) indicates a stronger relationship with the reference variable.



TABLE 3 Correlation degree of influencing factors on life expectancy of the older adults people over 65 in all age groups in urban and rural areas of Zhejiang Province in 2010 and 2020.
[image: Table comparing degree of factors for urban and rural areas across age groups in 2010 and 2020. Categories include welfare, income, education, health status, and non-living alone. Values range from 0 to 1, indicating strength of correlation, with higher values showing stronger correlations. Urban areas generally exhibit higher values than rural areas.]

In urban areas in 2010, income, educational attainment, and health status exhibited a notably strong correlation with life expectancy. Their correlations, surpassing 0.8 across all age groups, underscore the critical significance of these factors for the urban older adults population (30). Health status also demonstrates a strong correlation, albeit slightly lower than that of education and income. Conversely, in rural areas, the 2010 data reveal notably elevated correlations between income status, educational attainment, and life expectancy, surpassing those observed in urban areas. Although the correlation for health in rural areas is relatively modest, it still exceeds 0.7. The urban–rural disparity in welfare is most pronounced, particularly among older age groups, wherein the gap notably widens with advancing age. Furthermore, the correlation of non-living alone status is consistently the lowest across all age groups in both urban and rural areas, diminishing notably with increasing age. In particular, the correlation decreases significantly among those aged 70 and over, for example from 0.764 in the 65–69 age group to 0.333 in the 90 and over age group in urban areas.

In 2020, the correlation for income in urban areas has diminished slightly but still maintains a high level exceeding 0.8. Similarly, the correlation for educational attainment experiences a slight decrease yet remains significant, indicative of the enduring impact of education on individuals’ health and socioeconomic status (29). Conversely, the correlation for health status has strengthened, persisting above the 0.9 threshold for the 65-year age group.

Table 4 presents gender comparisons of the correlation between influencing factors and the life expectancy of older adults people over 65 years old, across all age groups in both urban and rural areas of Zhejiang Province, for the years 2010 and 2020. Income stands out as the top factor for both males (M) and females (F), highlighting its crucial role. Education is significant, especially in rural areas in 2020. Health status is also key, with a slightly higher impact on males. Welfare and non-solitary status have lesser associations, gender differences in these factors’ impact are minimal.



TABLE 4 Gender comparisons of the correlation of influencing factors on life expectancy of the older adults people over 65 in all age groups in urban and rural areas of Zhejiang Province in 2010 and 2020.
[image: A table compares the degree of factors affecting welfare, income, education, health status, and non-living alone status for different age groups in urban and rural areas for the years 2010 and 2020. Values are categorized by gender, with higher values indicating stronger correlations.]




4 Discussion


4.1 Differences in life expectancy between urban and rural

The life expectancy of the older adults population aged 65 and above in Zhejiang Province in 2010 by age group is shown in Figure 2A, which provides visual information on the health status and medical care level of the older adults population. It’s noteworthy that the solid line in Figure 2C delineates the disparity in life expectancy between urban and rural older adults populations. Figure 2A illustrates that the life expectancy of the older adults population in urban generally exceeds that in rural, possibly attributable to superior medical facilities, living standards, and older adults care in urban areas (43). Nevertheless, it is observed that the disparities between urban and rural areas among different age groups of the older adults population exhibit varying characteristics. Specifically, Figure 2C depicts that the urban–rural disparities in life expectancy among the older adults, from the age group of 65–69 to 85–89, exhibit a significant yet consistently diminishing trend, with the disparities tapering off in the age group of 90 and above. This trend may reflect advancements in rural areas concerning enhanced living conditions and improved medical care for the older adults (44).

Figure 2B illustrates the life expectancy of the older adults population in Zhejiang Province in 2020 for all age groups aged 65 and above, while the dotted line in Figure 2C further reveals the changes in the differences between urban and rural areas. Observing Figure 2B, it’s evident that the life expectancy of the older adults population has generally risen. However, the consistent pattern persists whereby the life expectancy of urban older adults individuals surpasses that of their rural counterparts, aligning with research on the overarching urban–rural disparity in life expectancy in China (12), and globally (11, 45, 46). Upon juxtaposing Figures 2B,C, it’s apparent that the gap in life expectancy between urban and rural areas for both younger and older adults individuals in 2020 exhibits a consistent trend of reduction and uniform narrowing in comparison to 2010.

The urban–rural disparities in life expectancy among the older adults population aged 65 and above in Zhejiang Province for 2010 and 2020 are examined using descriptive statistics based on the aforementioned data, with the findings presented in Table 5. Considering Figure 2C alongside, it’s evident that the urban–rural disparity across all age groups was greater in 2010 compared to 2020. The average urban–rural difference was 1.53 years in 2010, and 1.00 years in 2020, indicating a 33.3% reduction. Concerning disparities among age groups, the urban–rural difference demonstrates a pattern of narrowing followed by widening. Notably, the widest gap is observed in the 65–69 age group, at 0.78 years, while the narrowest disparity is found in the 85–89 age group, at 0.36 years.



TABLE 5 Descriptive statistics of changes in life expectancy between 2010 and 2020 for urban and rural older adults populations in Zhejiang Province (years).
[image: Table comparing statistics from 2010 and 2020, including averages, standard deviations, medians, maxima, minima, and ranges. D-values show differences between 2010 and 2020: average is 0.53, standard deviation 0.15, median 0.47, max 0.78, min 0.36, and range 0.41.]



4.2 The time trend of life expectancy

Figure 3 illustrates the life expectancy of the older adults population of all ages in urban areas (A) and rural areas (B) for 2010 and 2020 is presented below, while Figure 3C illustrates the rise in life expectancy among the older adults population in urban and rural areas of Zhejiang Province from 2010 to 2020, alongside the urban–rural disparity. Overall, it’s evident that the life expectancy of the older adults population of all ages has increased in both urban and rural areas between 2010 and 2020. This increase is closely associated with ongoing socio-economic development, advancements in medical technology, and enhancements in public health services (44).

In urban areas, while the growth in life expectancy of the older adults population is not as significant as in rural areas, there is a noticeable increase across all age groups, as shown in Figure 4A. In comparison to 2010, the most substantial rise in life expectancy in 2020 was observed in urban areas among the 65–69 age group, with an increase of approximately 2.36 years, whereas the smallest increase was noted among individuals aged 90 years and older, at around 0.90 years. An analysis of the rise in life expectancy across different age groups indicates a tendency for the increase to decelerate with advancing age.

Similarly, in rural areas, life expectancy shows an upward trend across all ages from 2010 to 2020, as shown in Figure 4B. Although it remains higher among the urban older adults population compared to rural areas. Additionally, Figure 3C illustrates that the increase in life expectancy is more notable among the older adults population compared to urban areas. The age groups exhibit distinct trends, with the most substantial increase in life expectancy observed in 2020 among the older adults population aged 65–69 years in rural areas compared to 2010, showing an increase of over 3 years to 3.14 years. The smallest increase in life expectancy is for those aged 90 years and above, with an increase of about 1.33 years. An examination of the rise in life expectancy across different ages reveals a tendency for fluctuation and deceleration with advancing age.

Regarding the disparities between urban and rural areas in the increase of life expectancy, as depicted in the calculation results, as shown in Figure 3C. These differences exhibit an initial narrowing followed by widening with age. Particularly, the highest disparity in life expectancy increase occurs in the 65–69 age group, reaching 0.76 years. Subsequently, from the 85–89 age group onwards, this difference progressively diminishes to 0.34 years, before ascending to 0.39 years in the 90 and above age group. Table 6 presents descriptive statistics concerning the increase in life expectancy among the older adults population aged 65 and above in urban and rural areas of Zhejiang Province in 2010 and 2020, respectively. Analysis of Table 5 indicates that over a decade of development, life expectancy among the older adults population in urban areas rose by an average of 1.65 years, compared to a 2.18-year increase in rural areas. This difference signifies a substantially greater increase in life expectancy in rural areas, the gap between urban and rural areas is gradually narrowing, consistent with findings from established studies (14, 15). This trend can be attributed to the equitable allocation of medical resources, enhancements in the social security system, and ongoing improvements in the living environment (47). The cumulative impact of these favorable factors enabled rural older adults individuals to access more timely and efficient medical services, alleviate financial burdens, enhance living conditions, and adopt healthier lifestyles, consequently enhancing their quality of life and life expectancy (28, 30). This trend underscores the notable achievements of Zhejiang Province in fostering coordinated urban–rural development and enhancing the well-being of the older adults.



TABLE 6 Descriptive statistics of life expectancy of older adults population in Zhejiang Province between urban and rural (years).
[image: A table compares statistical measures between urban and rural areas. The urban average is 1.65, standard deviation 0.51, median 1.64, max 2.36, min 0.90, and range 1.47. The rural average is 2.18, standard deviation 0.65, median 2.10, max 3.14, min 1.33, and range 1.81.]



4.3 Urban–rural comparison of influencing factors in 2010, 2020

Utilizing the correlations calculated from the aforementioned groupings, major and minor factors are ranked to provide a more comprehensible overview (Figure 5). Comparative analysis of correlation values between 2010 and 2020 enables an assessment of the influence of these factors across various age groups, urban and rural settings, and temporal changes, facilitating an exploration of urban–rural inequities.

[image: Line graph showing correlation rankings from 2010 to 2020 in urban and rural areas. Five categories are analyzed: Welfare, Income, Education, Health, and Non-solitary. Income consistently ranks highest, peaking at 0.928 in 2010-Rural. Education and Health show moderate correlations, while Welfare ranks lowest, with a notable drop in rural areas by 2020.]

FIGURE 5
 Ranking of the average value of the correlation between urban and rural elements in Zhejiang Province in 2010 and 2020.



4.3.1 Welfare

From the results, this factor consistently falls within the range of 0.6 to 0.8, holding the fourth position in the rankings (Figure 5). Nonetheless, concerning specific correlation values, it does not exert an identical degree of influence on the life expectancy of the older adults population across different years and regions. The public welfare system may contribute to divergent mortality rates (48). In 2010, welfare correlation values were higher in urban areas compared to rural areas, indicating a stronger association between welfare and life expectancy among older adults population in urban settings. This phenomenon may be attributed to the superior social security system in urban areas, where older adults population are more reliant on welfare (49). In 2020, the welfare correlation experiences a slight decline in urban areas but registers a significant increase in rural areas, possibly attributable to the restructuring of social security policies in rural regions (50). In the 1950s, China implemented a free public healthcare program in urban areas, specifically targeting public sector employees and their family members, as part of a broader welfare system that aimed to provide comprehensive support to its citizens (51). The healthcare program was one aspect of the welfare system, which also included social insurance, unemployment benefits, pensions, and other forms of social protection. Notably, in 2016, China took a significant step towards achieving greater equity by extending welfare benefits, including healthcare, to rural residents on par with their urban counterparts (52). However, despite these efforts, the correlation between welfare protection and social security indicators remains higher in urban areas compared to rural areas, as evidenced by data from both 2010 and 2020 (53). This observation underscores the need for continued efforts to address the relatively low level of welfare protection in rural areas, ensuring that all citizens, regardless of their location, have access to comprehensive social protection and healthcare services.



4.3.2 Income

Based on the calculation results, this factor emerges as the primary influencer of life expectancy among the older adults population in both urban and rural areas, except for rural areas in 2010 (Figure 5), aligning with previous research (54). A study pointed out that the evidence linking income inequality to population health status has primarily been observed at a broad geographic scale (55), a phenomenon likely observable in the provincial context of this study. In 2010, the urban older adults exhibited a strong correlation with income, suggesting that income played a pivotal role in meeting their fundamental needs and exerting a significant influence on life expectancy (56). Nevertheless, as society rapidly advances and progresses, the variety and complexity of factors impacting life expectancy are expanding and evolving. Amidst the intricate interplay and moderating influences of these factors (30), the correlation between income and life expectancy exhibits a subtle downward trajectory. This transition mirrors the diverse repercussions of social advancement and may indicate a more intricate and uncertain trajectory for the relationship between life expectancy and income in the future (36). The comparatively lower income correlation in rural areas in 2010 could stem from the relatively underdeveloped economic conditions in rural regions, a phenomenon observed in a study conducted in South Korea, which highlighted the likelihood of rural residents experiencing lower socio-economic status and enduring multidimensional poverty compared to their urban counterparts (57). Nonetheless, by 2020, there is a significant increase in income correlation alongside economic growth and rising income levels among rural residents. However, despite the 2020 increase, income correlation in rural areas remains lower than in urban areas due to the economic disparity between urban and rural regions.



4.3.3 Education

Based on the findings, it seems that educational attainment plays a secondary role in influencing life expectancy among both urban and rural older adults populations (Figure 5), consistent with established research indicating its significance (58). Nevertheless, it’s noteworthy that the correlation was notably higher in 2010 than in 2020 for both urban and rural areas, and the disparity between urban and rural correlations was more pronounced in 2010 than in 2020. This shift may be attributed to the increased emphasis on and promotion of basic education for the older adults population in Zhejiang Province in recent years, resulting in a general improvement in education levels among both urban and rural older adults populations, particularly in rural areas (34). Consequently, this has reduced the disparity in educational attainment between urban and rural older adults populations and has fostered greater homogeneity within the population, resulting in a slight decline in the level of association. Overall, the degree of educational association remains substantial in both urban and rural areas in both 2010 and 2020. Notably, in rural areas in 2010, the correlation between educational attainment and life expectancy reached as high as 0.929. This may be due to the relative lack of educational resources in rural areas in 2010, which has led to a low emphasis on knowledge. Similar conclusions were reached in a study of healthy life expectancy among the older adults in China, which revealed through a careful social stratification analysis that only a minority of groups in rural areas had good access to education, further exacerbating inequalities in educational attainment among the population (56). These findings underscore the crucial role of education in shaping the life expectancy of the older adults population, as education levels influence individuals’ career paths, income levels, and social standing (59), enhance cognitive abilities and decision-making skills, consequently promoting health and positively impacting life expectancy (60).



4.3.4 Health status

Health status consistently occupies a mid-level position (Figure 5), with its correlation to life expectancy exhibiting a similar pattern across different years in both urban and rural areas. This is likely attributable to Zhejiang Province’s status as one of China’s most developed provinces, prioritizing the health status of its residents and ensuring equitable distribution of medical resources between urban and rural areas. To be specific, in both 2010 and 2020, rural areas exhibit slightly higher health status correlations compared to urban areas. This reflects the fact that urban areas are relatively balanced in terms of healthcare resources and services, while rural areas are slightly less well-equipped in this regard (61). Nonetheless, it’s noteworthy that the correlation decreased in 2020 compared to 2010. This could be attributed to ongoing advancements in medical infrastructure in recent years, coupled with increased government investment in the healthcare sector. As medical resources continue to improve and optimize, the risk of reduced life expectancy among the urban and rural older adults populations due to inadequate healthcare resources is gradually diminishing, prompting a greater focus on healthy living practices (62). This clearly demonstrates that Zhejiang Province’s initiatives to enhance healthcare and boost investment in health are yielding favorable outcomes, ensuring robust health and life expectancy among both urban and rural older adults populations.



4.3.5 Residential status: non-living alone

The correlation between non-living alone and life expectancy appears relatively low in both urban and rural areas, ranking at the bottom of the list (Figure 5). This suggests that the mode of residence may have a relatively minor impact on the life expectancy of the older adults population, or its influence is less significant compared to other factors. On the one hand, with urbanization accelerating, the older adults population in urban areas may prefer independent living or residing in care facilities; on the other hand, the older adults population in rural regions may adhere to traditional living arrangements with family members due to entrenched family values and customs. The companionship and care provided by family members play an irreplaceable and crucial role in fulfilling the emotional needs of the older adults population (34). Consequently, the disparity in non-living alone associations between urban and rural areas may fluctuate between 2010 and 2020. This trend hinges on shifts in social structures, familial dynamics, and residential preferences across diverse regions, often constrained by individuals’ abilities and opportunities to make choices (63). However, by 2020, the correlation with non-living alone had increased in both urban and rural areas, particularly in the former, resulting in a slight widening of the urban–rural disparity. This could be attributed to a rise in non-living alone arrangements accompanying shifts in family structures and increased empty-nesting in rural areas (64) (see Figure 5).




4.4 Gender comparison of influencing factors in different areas and years

Figure 6 shows the ranks and correlations of factors influencing life expectancy in Zhejiang Province for people over 65 years of age in different years (2010 and 2020) and in different regions (urban and rural), with comparisons for male and female, respectively.

[image: Bar chart showing correlations across various factors: welfare, income, education, health, and non-solitary status, segmented by gender and location for 2010 and 2020. Each category is ranked by correlations, depicted with distinct bar patterns for urban and rural males and females. The chart includes a table for detailed correlation values and ranks, with the highest correlation for income in 2020 rural males at 0.945.]

FIGURE 6
 Gender comparison of influencing factors on life expectancy for older adults people over 65 in Zhejiang Province.


From the results, it is clear that the welfare factor, both urban and rural, ranked lower in terms of association in both 2010 and 2020, with little gender difference. In contrast, the income factor has a significant impact on life expectancy in 2010 and 2020 for both males and females, ranking first in most cases in both urban and rural areas. For men in particular, the association is tops in both cases. At the same time, the education factor is also an important influence on life expectancy. For males, the effect is more pronounced in rural areas, probably because urban males usually have more resources and opportunities to compensate to some extent for the lack of education level. For females, the impact of education is more pervasive. Education has a significant impact on female life expectancy in both urban and rural areas. Meanwhile, health status does not have a strong impact, with all of its correlations ranked in the middle, and overall the gender differences are not significant. Residential status (non-living alone) ranks lower in the table, but also increases. This suggests that socializing or being accompanied has a positive impact on life expectancy in old age.




5 Conclusion

From the life table calculations, it is evident that the life expectancy of the older adults population in Zhejiang Province is on the rise, with a more pronounced increase observed in rural areas compared to urban areas, leading to a narrowing gap between the two regions. Nonetheless, rural areas still lag behind urban areas in terms of development, posing significant challenges to achieving sustainable societal progress. The findings from the gray correlation analysis indicate that economic income disparity serves as the primary determinant, with educational attainment acting as a secondary factor. Nonetheless, the correlation of each factor varies across different regions and age groups within the older adults population. Tackling these unfair differences is crucial not only for promoting social equity but also for fostering sustainable development, ensuring the well-being of current and future generations.

Consequently, targeted interventions for the older adults should be formulated on the basis of the data collected on various influencing factors and in the light of practical realities. For example, Zhejiang Province, at a press conference on the twentieth anniversary of the implementation of the “Eight-Eight Strategy,” pointed to the highlight of “digital health care,” which is aimed at building a new system of health care that is more convenient and more accessible in order to better serve all residents. However, it remains to be seen whether this initiative will be extended to rural areas to ensure that rural residents have access to the same medical services as their urban counterparts. In addition, in addition to external help, self-health awareness of the older adults is also very important, according to the research in this paper, it is known that the level of education is one of the main factors affecting life expectancy. It is suggested that geriatric education needs to be strengthened, especially in rural areas, to increase the awareness of health issues among the older adults, which enables them to better monitor their health status. Furthermore, given the high correlation between socioeconomic status and life expectancy identified in this study, policies addressing socioeconomic disparities should also be prioritized. This may involve providing financial support and access to social services for economically disadvantaged individuals and families, especially in rural areas. In summary, these initiatives also require the concerted efforts of the Government and all sectors of society in an effort to reduce urban–rural inequities.
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Introduction: Urban green spaces play a critical role in addressing health issues, ecological challenges, and uneven resource distribution in cities. This study focuses on Wuhan, where low green coverage rates and imbalanced green space allocation pose significant challenges. Adopting a healthy city development perspective, the research aims to assess the impact of green space optimization on urban health, economic performance, and social structure.
Methods: A multivariable model was constructed using random forest and Support Vector Machine (SVM) algorithms to evaluate the influence of key indicators on urban green space. Core indicators were integrated from three dimensions: residents' health, environmental quality, and community interaction. Multiple linear regression analysis was employed to quantify the potential benefits of green space optimization on economic and social outcomes.
Results: The findings reveal that optimizing health and environmental quality indices significantly enhances green space development. Green space improvements drive a 73% increase in economic efficiency by improving residents' health and extending life expectancy. Additionally, enhancements in social structure are achieved at rates of 61% and 52% through strengthened community cohesion and improved environmental quality, respectively. The model demonstrates high stability and adaptability after multiple iterations, providing a robust quantitative foundation for green space optimization.
Discussion: This study highlights the multidimensional value of green space optimization in promoting urban health, economic growth, and social stability. The results offer a solid theoretical basis and practical guidance for green space planning and management in healthy cities, contributing to scientific decision-making and sustainable urban development.
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1 Introduction

Amid rapid technological advancements, the accelerated urbanization process has led to a sharp increase in population density and resource allocation pressures, making urban green space planning and management an urgent issue (1, 2). As an important central city in China, Wuhan faces uneven distribution of green space resources in its urban areas, with an overall insufficient green area and a need for further improvement in green coverage. This situation poses significant challenges to both residents' quality of life and the sustainability of the urban ecosystem (3–5). The lack of urban green space may not only lead to a continuous decline in environmental quality but also significantly exacerbate residents' psychological stress and physical health issues.

Therefore, a comprehensive investigation into the intricate relationship between the optimization of green space layout and residents' health is crucial for understanding the mechanisms through which urban green spaces influence living environments. Such research can provide essential theoretical and practical support for enhancing urban planning and improving residents' quality of life (6).

In recent years, research exploring the relationship between urban green space and residents' health has advanced significantly. Studies have increasingly employed machine learning (ML) and spatial modeling techniques to examine the role of green space in optimizing living environments. For instance, Wu (7) developed a livability prediction model for Dutch cities using ML algorithms. By integrating features through decision jungles and decision forests, the model achieved over 90% prediction accuracy. This study highlighted that air pollution was a key factor affecting urban livability and demonstrated that green space, acting as an ecological buffer, could mitigate the effects of air pollution. ML techniques have proven to be highly effective in processing dynamic data and updating knowledge, offering valuable insights for analyzing complex urban ecosystems. Furthermore, Tella et al. (8) demonstrated the efficacy of the Random Forest (RF) algorithm in air pollution modeling, accurately predicting PM10 hotspots in Selangor, Malaysia. They revealed that the spatiotemporal distribution of air pollution could reflect deficiencies in green space in urbanized areas, which could exacerbate the negative health impacts of pollution exposure. While these studies have emphasized the environmental buffering role of green space, they have given less attention to its direct health benefits for urban populations.

From the perspective of urban expansion and land use, Elhamdouni et al. (9) analyzed the dynamic expansion of Khenifra city in Morocco from 1991 to 2017 using SVM techniques. Their findings revealed that the urban spatial occupancy rate surged from 12% to 36%, accompanied by a notable imbalance in the expansion pattern. This highlighted the potential adverse effects of rapid urbanization on the equity and spatial balance of green space distribution, which in turn exacerbates the reduction of residents' activity spaces and weakens community cohesion. In a similar vein, Chowdhury (10) compared the classification performance of ML algorithms and identified the high efficiency of SVM, RF, and Artificial Neural Networks (ANNs) in land use and cover classification, providing a scientific approach to modeling urban spatial dynamics. While these studies offer valuable technical insights into land use and urban expansion, they have not fully explored how the lack of green spaces indirectly affects overall quality of life by impacting residents' mental health and social interactions. As such, further systematic research is required to explore the specific roles of green spaces in enhancing both urban ecological and social functions.

The key findings of existing research can be summarized in two main points: first, the optimization of urban ecosystem stability and environmental quality through green space; and second, the positive impact of green space on residents' mental health and community interactions. However, from a critical perspective, there are still some issues in the current research. Most studies remain at the level of single-factor analysis and lack comprehensive research that considers urban environments, social factors, and other dimensions. Building upon these considerations, this study, based on machine learning algorithms, integrates both the RF and Support Vector Machine (SVM) algorithms to construct a new multivariable model. This model aims to systematically reveal the complex relationship between the layout of green space and residents' health in Wuhan's urban areas. Through nonlinear fitting and feature weight analysis, the model precisely captures the interactions between green space and various health indicators. Additionally, by optimizing kernel parameters and selecting decision tree features, it enhances the explanatory power of the relationship between health city indicators and green space, enabling data-driven prediction and optimization. Ultimately, the model provides a scientific basis for achieving health and sustainable urban development.



2 Relevant ideas of urban green space optimization based on ML from the perspective of healthy city


2.1 Healthy city

According to the World Health Organization (WHO) definition in 1994, a healthy city is one that places human health at its core, ensuring a healthy living and working environment for its citizens through systematic efforts in urban planning, construction, and management. The goal is to achieve the organic integration of healthy populations, environments, and societies (11). In recent years, this concept has been widely adopted, with its core focus on promoting comprehensive urban health development through improvements in environmental quality, the health of residents, and community cohesion (12, 13). The development of a healthy city requires the coordination of multiple sectors, including environmental protection, public health services, the implementation of social and economic policies, as well as community development and resident participation (14). For example, increasing urban green spaces and public open areas not only enhances residents' physical and mental health but also promotes community cohesion and social interaction (15). Studies have shown that the development of healthy cities can improve residents' quality of life, foster social harmony, and promote sustainable economic growth (16).

This study extracts key indicators from extensive research and practice, categorizing them into three main domains: residents' physical health, urban environmental quality, and community cohesion and interaction. First, urban green spaces are closely linked to residents' physical and mental health. Contact with natural environments has been shown to reduce psychological stress, improve mental health, and increase the frequency of physical activities (17). Second, optimizing urban environmental quality has a direct impact on improving residents' health. Properly planned green spaces can reduce air and noise pollution, thereby enhancing the overall environmental quality (18). Finally, community cohesion plays a vital role in healthy cities. The provision of green spaces and public areas not only strengthens community interaction and a sense of belonging but also promotes the integration and shared development of diverse cultures (19). These factors are interwoven, collectively forming a comprehensive system for healthy city development.



2.2 Optimization of urban green space

The optimization of urban green space involves enhancing both the quantity and quality of green areas through scientifically informed planning and management. This process aims to improve the urban ecological environment and, consequently, the quality of life for residents. Urban green spaces not only offer aesthetic value and recreational opportunities but also play a crucial role in climate regulation, air and soil purification, and water conservation (20). For example, urban green spaces can significantly mitigate the urban heat island effect by providing shade and evaporative cooling, thus lowering local temperatures. Additionally, these spaces contribute to improving air quality by absorbing carbon dioxide and other pollutants (21). Optimizing the layout of urban green spaces can bolster the stability and sustainability of urban ecosystems, while also enhancing residents' wellbeing and overall health (22, 23). Research has demonstrated that green spaces can substantially reduce the urban heat island effect, adjust local temperatures, and promote evaporative cooling (24, 25). Furthermore, green spaces improve air quality by capturing carbon dioxide and other pollutants, which in turn reduces the incidence of respiratory illnesses (26, 27). Properly optimizing the distribution of urban green spaces contributes to ecosystem stability and sustainability while simultaneously improving residents' health and happiness. Studies have shown that residents living in proximity to green spaces report better mental health and more frequent social interactions compared to those in areas without access to green space (28, 29). Additionally, the rational allocation of green spaces, along with efforts to increase their accessibility and diversity, enables better fulfillment of the needs of various age groups and social sectors. This promotes social equity and enhances public health and wellbeing (30). Modern urban planning should embrace a multi-center approach, creating self-sustaining urban communities that reduce residents' dependency on automobile transport while improving overall health and safety (21). This model has been successfully implemented in various global cities, such as the “15-min city” concept in Paris, where residents can meet all their daily needs within a 15-min walk or bike ride (31). Through these strategies, optimizing urban green spaces not only enhances environmental quality but also provides residents with improved health and social opportunities, thereby fostering the sustainable development of the city as a whole.



2.3 The ML algorithm

Machine learning (ML), as a critical branch of artificial intelligence, enables computers to learn from data and continuously optimize their performance by analyzing data, recognizing patterns, and building predictive models (32). Based on statistical and mathematical principles, ML constructs mathematical models to identify patterns in data, thereby automatically improving the performance of computational systems (33). RF and SVM are two classic machine learning algorithms that are widely applied due to their excellent performance in classification and regression tasks. The differences between these two algorithms are not only reflected in their specific implementation mechanisms but also in the types of scenarios they are best suited for. RF is particularly suitable for datasets with large amounts of redundant features and noise, as it can efficiently extract key features and perform classification tasks. On the other hand, SVM excels in solving nonlinear problems due to its ability to accurately describe complex decision boundaries and optimize classification margins. The two algorithms demonstrate highly complementary characteristics when addressing multidimensional and complex issues. RF offers stability and generalization ability, while SVM focuses on optimizing classification performance for nonlinear data. This complementary advantage provides a scientifically sound and efficient solution for handling complex datasets.

RF is an ensemble learning method that performs classification and regression tasks by constructing multiple decision trees. The core concept of RF lies in ensemble learning, where the fundamental unit is the decision tree. In essence, multiple weak classifiers (decision trees) are combined to create a strong classifier, thereby enhancing the overall performance of the model (34, 35). The implementation process of RF is illustrated in Figure 1.


[image: Flowchart illustrating a classification process. Steps: input original training set, random sampling for replacement, form a multi-pack training set, random feature selection, form a feature-based classification model, determine optimal classification. Includes database and selection icons.]
FIGURE 1
 The implementation process of RF.


In RF, each decision tree is constructed using randomly selected features and samples. This randomness reduces the model's variance and enhances its generalization ability (36). When constructing each decision tree, RF ensures diversity by employing bootstrap sampling and random feature selection, which helps differentiate each tree within the ensemble (37, 38). The operational principle of RF is illustrated in Figure 2


[image: Diagram illustrating a random forest model with three decision trees. The process starts with an "Input," moves through the individual trees, and culminates in a "Forecast output." Each tree contains layers with nodes colored red, orange, and yellow, representing different decision levels.]
FIGURE 2
 Schematic diagram of RF implementation.


SVM is a powerful supervised learning method designed for classification and regression tasks (39, 40). The core idea of SVM is to maximize the margin between distinct sample points by identifying an optimal hyperplane (41). In classification tasks, SVM maximizes the distance between the nearest support vector and the decision boundary (42). When the data is not linearly separable, SVM employs a kernel function to map the data to a higher-dimensional space, where an optimal hyperplane can be identified in the nonlinear space (43).

The advantage of SVM lies in its strong generalization ability and its adaptability to high-dimensional data. It is particularly effective when dealing with small sample sets and nonlinear data. The core principle of SVM is to identify the optimal classification boundary by maximizing the margin between classes, thereby improving the model's robustness and classification accuracy (44). The flowchart depicting the implementation process of SVM is shown in Figure 3.


[image: Flowchart illustrating a machine learning process. Steps include data preparation, feature standardization, and data partitioning. It continues with cross-validation, kernel function selection, and selecting normalization parameters in blue. Concludes with model training and optimization.]
FIGURE 3
 Flow chart of SVM implementation.





3 Multivariable model design of Wuhan urban green space based on the ML algorithm

Urban green spaces play a vital role in addressing climate change. They serve as natural infrastructure for regulating microclimates and mitigating the urban heat island effect. Additionally, they help reduce carbon emissions and enhance urban ecological resilience. Extreme climate events triggered by climate change—such as heatwaves, droughts, and heavy rainfall—have profoundly affected the stability and functionality of green space systems. Specifically, rising temperatures intensify evaporation and reduce soil moisture content, significantly impacting the growth cycles and biodiversity of vegetation within green spaces. Changes in precipitation patterns cause uneven spatial and temporal distribution of rainfall. This increases the complexity of water resource management in green spaces. As a result, their ecological functions and residents' quality of life are affected. Moreover, extreme weather events such as heavy storms and heatwaves are becoming more frequent. These events raise management costs and pose challenges to green space infrastructure, plant growth, and ecosystem service functions.

From an ecosystem services perspective, the relationship between urban green spaces and climate change is characterized by multiple interactions. Urban green spaces can effectively mitigate the negative impacts of climate change by expanding vegetation coverage, enhancing soil water retention, improving air quality, and regulating temperature and humidity. As the “carbon sinks” of cities, green spaces absorb and store carbon dioxide, thereby playing a crucial role in slowing climate change. However, climate change itself imposes new challenges on green space systems. High temperatures and drought put stress on plants in green spaces. Some may experience growth stagnation, reduced adaptability, or even death. This weakens their ability to sequester carbon and provide ecological protection. Additionally, extreme climate events such as heavy rainfall and flooding are becoming more frequent. These events cause soil erosion and waste water resources in green spaces. They may also lead to the collapse of ecological structures, further increasing urban vulnerability to climate change.

This study employs a multivariable modeling approach to explore the relationship between urban green spaces and healthy cities. It integrates diverse data on climate, the environment, and public health to reveal these complex interactions. The analysis of green spaces in urban Wuhan incorporates multiple indicators, including residents' health, environmental quality, and community interactions, to construct a comprehensive research framework. To capture the nonlinear relationships among these multidimensional data, this study utilizes two powerful machine learning algorithms: RF and SVM. These algorithms were selected due to their superior performance in handling complex datasets, uncovering latent patterns, and optimizing predictive accuracy.

In terms of theoretical methodology, the RF algorithm offers high tolerance and adaptability, while SVM excels in solving nonlinear problems in high-dimensional spaces. Specifically, RF learns from data by constructing multiple decision trees, employing bootstrap sampling and random feature selection during tree generation. This enhances the model's adaptability to complex relationships while reducing the risk of overfitting due to data noise. Furthermore, RF's ensemble nature allows it to process diverse input features, making it well-suited for heterogeneous urban health and environmental data, ensuring more accurate and stable predictions. Meanwhile, SVM achieves data classification by identifying the optimal decision boundary that maximizes the margin between support vectors and the hyperplane. When handling nonlinear relationships, SVM employs kernel functions to map data from lower-dimensional to higher-dimensional spaces, enabling the construction of more precise classification models. Notably, by optimizing kernel function parameters through grid search and cross-validation, the model's classification capability in complex data environments can be further enhanced. This advantage makes SVM particularly effective in analyzing the multifaceted impacts of urban green spaces on healthy city indicators, as it can identify subtle and latent associations.

The index data used in this study are sourced from publicly available official datasets, including annual statistical reports, environmental quality monitoring reports, and health survey data published by the Wuhan Municipal Bureau of Statistics and the Environmental Protection Bureau. As these datasets are publicly accessible, ethical concerns are not involved. However, potential sample selection biases may arise. For example, some indices may not fully represent the spatial distribution of Wuhan due to sampling being concentrated in specific urban districts. Additionally, certain environmental quality data may be limited by fixed monitoring schedules, which may hinder the capture of dynamic trends. To mitigate the impact of these biases, all raw data undergo a preprocessing stage, during which data cleaning is performed to address missing values and outliers. For missing data imputation, the k-nearest neighbors (k-NN) method based on similar samples is employed. This approach fills in missing values by calculating the mean of the nearest neighbors in the feature space, effectively preserving the overall relationships within the data. Specifically, for each missing value, the Euclidean distance between the target sample and other samples is first computed. The sample values of the k-nearest neighbors are then selected as references and imputed according to a weighted similarity, thereby retaining the intrinsic structural information of the dataset. For outlier detection, the 3σ rule is applied. The mean and standard deviation of each variable are calculated, and any values outside the range defined by the mean ± three times the standard deviation are identified as outliers and removed. This step prevents extreme values from distorting the model analysis. Subsequently, the Min-Max normalization method is used to standardize the data across different dimensions, scaling all values to the [0, 1] range to ensure consistency and comparability. To further optimize the dataset, Principal Component Analysis (PCA) is employed to reduce dimensionality, minimizing redundant information and enhancing the efficiency and accuracy of the model. During the PCA process, the number of principal components is selected based on a cumulative variance contribution rate of 95%. This dimensionality reduction not only improves data quality and consistency but also provides a solid foundation for the subsequent machine learning models. After preprocessing, the dataset is transformed such that each sample contains a set of standardized features, effectively reflecting the relationship between urban green space and healthy city indices in Wuhan.

This study adopts a multi-dimensional and multi-level approach to ensure a comprehensive and scientifically rigorous analysis. The selection of indices is designed to accurately reflect the real-world conditions and functional characteristics of urban green space. In line with established research literature and guidelines on urban greening and the development of healthy cities, the chosen indices are both scientifically sound and practically applicable. Specifically, fundamental indices such as green area, vegetation coverage rate, and green coverage density directly measure the extent and distribution of urban green space. These indices are commonly employed in urban ecology and environmental science research. Additional indices, such as the length of green corridors and the number of parks, offer further insights into the function and structure of green space, emphasizing its connectivity and accessibility for residents. These factors are significant in urban planning and design. Moreover, the garden quantity index captures the actual use and perception of green space by residents, making it a critical indicator for evaluating the social benefits and community interactions facilitated by these spaces. The indices used in this study for Wuhan are summarized in Table 1.


TABLE 1 Indices of Wuhan.

[image: Table listing indices related to Wuhan, categorized into four main types: urban green space, health, environmental quality, and community interaction. Each category includes specific indices, such as green area coverage, chronic disease incidence, air quality, and frequency of community activities, along with descriptions of what they measure or reflect.]

The selection of these indices aligns closely with the study objectives. First, indices such as green area and vegetation coverage directly reflect the scale and quality of urban green space. These factors are crucial for improving residents' health, enhancing air quality, and regulating urban microclimates. Second, indices such as green coverage density and green corridor length provide insights into the distribution and connectivity of green space, facilitating the creation of a cohesive green grid and enhancing the overall functionality of the urban ecosystem. The number of parks and gardens serves as a measure of green space accessibility and utilization, which directly influences residents' outdoor activity levels and the extent of community interaction. By examining these indices, the impact of green space on residents' health, urban environmental quality, and community vitality can be thoroughly evaluated, providing a solid scientific foundation for optimizing green space layout. Ultimately, this approach supports the goal of building a healthy and livable city.

In this study, the parameters of the ML algorithms are optimized to ensure the model's high accuracy and robustness. The objective of parameter optimization is to enhance the model's adaptability and predictive performance by adjusting key parameters in the algorithm, thereby achieving the study goal of optimizing green space in Wuhan. The parameter optimization process is informed by both the characteristics of the algorithms and the specific nature of the data. Specifically, the two primary ML methods used—RF and SVM—each require the optimization of unique parameters. For RF, the focus is on parameters such as n_estimators, max_features, max_depth, and min_samples_split, which directly influence the model's complexity and predictive accuracy. The optimal combination of these parameters is identified through a systematic adjustment process. For SVM, key parameters including the kernel function, regularization parameter (C), gamma, and epsilon value play a critical role in determining the SVM's ability to map and classify data in high-dimensional space. The parameter optimization process for SVM involves grid search and cross-validation, allowing for the selection of the most suitable combination of parameters. The parameter optimization details for both RF and SVM are summarized in Table 2.


TABLE 2 Optimization process of ML algorithms.

[image: Table detailing parameter optimization processes for RF and SVM algorithms. For RF: n_estimators increased to 300, max_features set to sqrt, max_depth to 20, min_samples_split reduced to 2. For SVM: kernel set to RBF, C to 1, gamma remains scale, epsilon adjusted to 0.1.]

In the design of the multivariate model, RF performs random sampling and combines numerous features through feature selection and predictive model construction. This approach effectively identifies key features that significantly influence the dependent variables, thereby enhancing the prediction accuracy and stability of the model (45, 46). The primary mathematical process involved is as follows:

	• Decision Tree Segmentation Calculation

To implement RF, it is necessary to determine the influence of each feature on the target variable through decision tree segmentation. This is achieved by calculating the Information Gain (IG), which quantifies the improvement in information provided by a feature when dividing the data. The feature with the highest IG is selected to split the data, thereby constructing the decision tree nodes. The specific calculation is represented in Equation 1:

[image: Formula showing the calculation of information gain: Gain(X, Y) equals Entropy(X) minus the sum from i equals 1 to n of the fraction of the size of X sub i over the size of X, multiplied by Entropy(X sub i).]

X refers to a feature set. Y represents the target variable. |Xi| stands for the size of the i-th subset in feature X. |X| denotes the total size of feature set X. Entropy(X) indicates the entropy of feature set X. In this way, the optimal features can be selected for segmentation to maximize the IG of the data.

	• Information entropy calculation of decision tree nodes

The information entropy calculation at decision tree nodes measures the uncertainty inherent in the data. Higher information entropy indicates greater uncertainty, while a lower entropy suggests less uncertainty. During the construction of a decision tree, features that most effectively reduce information entropy are selected, thereby minimizing data uncertainty and enhancing the predictive power of the tree. The calculation of information entropy is given by:

[image: Mathematical equation for Shannon Entropy: Entropy of X equals negative sum from i equals one to m of p sub i times log base two of p sub i.]

pi represents the proportion of class i on the node. By calculating the information entropy, the effect of data segmentation with different features can be evaluated, and the features that can minimize the uncertainty can be selected for segmentation.

	• Output of decision tree leaf nodes

Once the decision tree is constructed, each leaf node generates a predicted value, which is obtained by averaging the target variable values of all samples within the node. This approach effectively utilizes all available information in the leaf node to produce stable prediction outcomes. The output of the decision tree leaf node is calculated as follows:

[image: Equation for \(\hat{y}_{\text{tree}}\), representing the average of \(y_i\) values. It is expressed as \(\hat{y}_{\text{tree}} = \frac{1}{N} \sum_{i=1}^{N} y_i\), where \(N\) is the total number of items.]

N represents the sample number of leaf nodes. yi represents the target variable value of sample i. Through this averaging method, the final predicted value of each leaf node can be obtained.

	• Output of RF

Building on this, the final prediction output of the RF is derived by aggregating the predicted values from multiple decision trees. Specifically, the RF output is the average of the predictions from all trees, which serves to reduce the prediction error inherent in individual decision trees and enhances the stability and accuracy of the overall model. The RF output is represented by the following equation:

[image: Equation for random forest prediction: \(\hat{y}_{\text{forest}} = \frac{1}{T} \sum_{t=1}^{T} \hat{y}_{\text{tree}_t}\), labeled as equation (4).]

T represents the number of trees in the RF. ŷtreet refers to the predicted output of the t tree. Through this calculation, RF can synthesize the prediction results of multiple decision trees and provide a more stable and accurate prediction.

	• Calculation of feature importance

In this study, RF determines the features that most influence the model's prediction outcomes by assessing the importance of each feature. This process is carried out by aggregating the IG across all decision trees. Calculating feature importance provides insights into which variables contribute most to the model's predictive power. The calculation is expressed as follows:

[image: The formula shows the importance of a feature \( X_i \) as the sum from \( t = 1 \) to \( T \) of the gain of \( X_i \) on \( Y_t \), labeled as equation (5).]

Xi represents the i-th feature. Yt refers to the target variable of the t-th tree. The features that have a significant impact on the prediction results can be identified by calculating the importance of features, thus optimizing the model's performance.

	• Error calculation

Finally, the model's prediction accuracy and goodness of fit are evaluated through error analysis. Typically, the performance of the RF model is measured by computing the mean squared error (MSE) between the predicted and actual values. The error calculation is given by the following equation:

[image: Formula for calculating the forest error: Error_subscript forest is equal to one over T times the summation from t equals one to T of the square of open parenthesis y hat subscript tree comma t minus y close parenthesis. This is equation six.]

y represents the true value of the target variable. Error calculation is used to assess the model's prediction accuracy and goodness of fit. Based on the aforementioned algorithm and calculation process, RF is capable of capturing complex nonlinear relationships in large-scale, multidimensional data, thereby enhancing the model's robustness and generalization ability. As a result, RF provides a solid scientific foundation for optimizing urban green space in Wuhan.

SVM operates by mapping the data into a high-dimensional feature space to identify a hyperplane that maximizes the margin between different categories, thereby facilitating effective classification and prediction. In the design of a multivariable model, SVM is particularly useful for uncovering nonlinear relationships in the data, enabling effective classification and regression. This improves the model's ability to express and fit complex data relationships. The core mathematical process is outlined as follows:



4 Calculation of the decision function in a linear SVM classifier

SVM begins by determining the classification boundary through the calculation of the linear decision function. This decision function maps the input samples into a high-dimensional space, where classification is based on the distance between the samples and the decision hyperplane. The equation for the decision function of a linear SVM is as follows:

[image: The mathematical equation represents a linear model: y-hat of x equals w-transpose times x plus b, labeled as equation seven.]

ŷ(x) represents the prediction category of the input sample x; w and b refer to model parameters. Through calculation, SVM can classify the input data into different categories.

	• Calculation of objective function of linear SVM classifier

In linear SVM, the objective function is used to optimize the classification hyperplane by maximizing the margin between support vectors while minimizing classification errors. This objective function incorporates both the classification margin and an error term, which together enhance the model's classification performance. The equation is expressed as:

[image: Mathematical equation representing the optimization problem for a support vector machine: minimize one half of the norm of w squared plus C times the sum from i equals one to n of the maximum of zero and one minus y sub i times the dot product of w and x sub i plus b.]

xi and yi respectively represent training samples and their corresponding categories. C stands for regularization parameter. Thus, SVM can find an optimal hyperplane that balances the classification interval and classification error.

	• Calculation of decision function (kernel skill) of nonlinear SVM classifier

For data that is not linearly separable, SVM utilizes a kernel function to map the data into a higher-dimensional space, where it identifies the optimal hyperplane that maximizes the margin. The use of kernel methods enables the handling of complex data structures, thereby achieving more accurate classifications. The decision function equation for nonlinear SVM is:

[image: Mathematical equation representing a support vector machine prediction function: ŷ(x) equals the sum from i equals 1 to n sub sv of alpha sub i y sub i K(x, x sub i) plus b, labeled as equation 9.]

nsv represents the number of support vectors. αi represents the Lagrange multiplier of support vector. K(x, xi) represents the kernel function. Through kernel function, SVM can classify in high-dimensional space and deal with nonlinear problems.

	• The objective function calculation of SVM under kernel technique

In the kernel method, the objective function of SVM is employed to optimize the margin between support vectors, thereby enhancing classification performance by maximizing this margin. The equation integrates the Lagrange multiplier of the support vectors and the kernel function, enabling effective classification of nonlinear data. The calculation is expressed as:

[image: Minimization problem for the variable alpha with respect to \( \frac{1}{2} \sum_{i=1}^{n_{sv}} \sum_{j=1}^{n_{sv}} \alpha_i \alpha_j y_i y_j K(x_i, x_j) - \sum_{i=1}^{n_{sv}} \alpha_i \). Lagrange multipliers \( \alpha_i \), labels \( y_i \), and kernel function \( K(x_i, x_j) \). Equation numbered 10.]

The objective function calculation of SVM based on the kernel technique can find the optimal hyperplane in high-dimensional space and realize the accurate classification of complex data.

	• The Karush-Kuhn-Tucker (KKT) condition of the dual problem is as follows:

During the SVM optimization process, the KKT conditions are applied to ensure the optimality of the solution. The KKT conditions are crucial for solving optimization problems, as they guarantee that the solution is globally optimal. The equation representing the KKT conditions is as follows:

[image: A set of mathematical constraints for Support Vector Machines: alpha sub i is greater than or equal to zero, y sub i times (w transposed times x sub i plus b) minus one is greater than or equal to zero, and alpha sub i times [y sub i times (w transposed times x sub i plus b) minus one] is equal to zero.]

By satisfying the aforementioned conditions, SVM effectively captures nonlinear relationships in complex, multidimensional data, ensuring the optimal solution to the optimization problem and enabling accurate classification and prediction.

In this study, the Analytic Hierarchy Process (AHP) is employed to determine the weight of each index within the composite index. First, a hierarchical structure model is constructed, categorizing the indices into target, criterion, and index layers. The target layer aims at optimizing urban green space, while the criterion layer includes indices related to health, environmental quality, and community interaction. The index layer further refines these into specific quantitative metrics. This hierarchical approach ensures a systematic and structured determination of weights. In the operational process, professional judgment and evaluation are used to conduct pairwise comparisons of the indices at each level, determining their relative importance. A pairwise comparison matrix is then constructed, where each matrix element represents the relative importance ratio between two indices. The weights are calculated using the feature vector method, and the comparison matrix is normalized. The initial weight for each index is derived by calculating the maximum eigenvalue of the matrix and its corresponding eigenvector. To ensure consistency within the comparison matrix, the Consistency Ratio (CR) is calculated. The CR is determined by the ratio of the consistency index to the random consistency index, as outlined in Equation 12:

[image: Formula for the Consistency Ratio (CR) displayed as CR equals CI divided by RI, where CI is given by \((\lambda_{\text{max}} - n) / ((n - 1) \times RI)\). ]

λmax is the largest eigenvalue of the comparison matrix. n means the order of the matrix. RI refers to the random consistency index, and CI denotes the consistency index. If the CR value is less than 0.1, it is considered that the matrix has good consistency. Otherwise, it is necessary to re-evaluate and adjust the element values in the comparison matrix.

In this study, three feedback optimization iterations were conducted. After the first optimization, the CR value was 0.15, exceeding the acceptable threshold of 0.1. Consequently, the results were returned to the expert group, with specific areas for improvement identified, prompting a re-evaluation and re-scoring. Following the second optimization, the CR value was reduced to 0.11. Although there was some improvement, the value still failed to meet the consistency requirements, necessitating further feedback, evaluation, and adjustment. After the third optimization, the CR value was successfully reduced to 0.08, meeting the consistency standard of <0.1. This ensured the consistency of the comparison matrix. Through these three optimization iterations, the final weights for each index were determined, accurately reflecting their relative importance in the comprehensive evaluation. The weights of each dependent variable index, categorized by type, are presented in Table 3.


TABLE 3 Weight of each dependent variable index under each type.

[image: Table comparing indices related to Wuhan, including health indices of Wuhan residents, urban environmental quality, and community interaction index. Each index lists values for green area, vegetation coverage, green coverage density, green corridor length, number of parks, green coverage rate, and number of gardens. Values range from 0.05 to 0.25 across categories.]

To comprehensively assess the optimization of urban green space in Wuhan, this study introduces the calculation of a comprehensive index, which encapsulates the collective impact of several key factors on green space. This index reflects the interrelationships and significance of environmental quality, health, and community interaction indices. After determining the weight of each index through the AHP, these weights are applied to the actual data, enabling the quantification and holistic evaluation of each factor's contribution to urban green space. The calculation of the comprehensive index is expressed in Equation 13:

[image: A complex mathematical formula for SI: the weighted sum of variables \(p_i\) and \(q_i\), divided by the double summation of fractions with variables \(x_{jk}\) and \(y_{jk}\), all involving summations and multiplication.]

Equation 13 integrates the scores and quantized values of the independent variables and urban green space indices. It computes the comprehensive index by taking the weighted average of the respective variables, alongside the normalized weighted sum of the urban green space indices. The equation's complexity arises from the combination of polynomial and fractional operations, reflecting the intricate relationships among multiple factors in the comprehensive evaluation. Here, wi represents the weight of each variable index, pi and qi denote the score and quantized value of the independent variable, respectively. yjk indicates the quantitative value of the urban green space index, while n and l correspond to the number and classification of the independent variable indices. xjk and m refer to the score and count of urban green space indices.



5 Verification and analysis of multivariable models using ML algorithms


5.1 Regression analysis and verification of Wuhan residents' health

The multivariate model's verification and analysis results for Wuhan residents' health are revealed in Figure 4.
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FIGURE 4
 Verification results of multivariate model on residents' health in Wuhan.


Figure 4 illustrates the regression results for the health condition index, with a coefficient of 0.387, a t-value of 9.214, and a p-value of 0.012. These values indicate that the health condition index significantly and positively influences urban green space. Similarly, the regression coefficient for average life expectancy is 0.279, with a p-value of 0.047 (p < 0.05), further demonstrating its significant positive effect on urban green space development. Conversely, while chronic disease incidence is statistically significant, its regression coefficient is −0.152, with a p-value of 0.035 (p < 0.05). This suggests a negative relationship between chronic disease incidence and urban green space. The impact of health awareness, although characterized by a regression coefficient of 0.211, appears less substantial, as its p-value exceeds the threshold for statistical significance. These findings underscore that enhancing residents' health levels and increasing average life expectancy contribute positively to the development and optimization of urban green spaces. Consequently, improvements in urban green infrastructure have the potential to elevate overall environmental quality and the quality of life for residents.

The regression analysis also highlights the critical role of urban green spaces in health promotion, particularly in enhancing life expectancy and overall health levels. However, the negative association observed with chronic disease incidence reveals potential regional disparities in the health benefits of green spaces, which may be attributed to underlying socioeconomic factors. Areas with high chronic disease prevalence are often characterized by limited green space availability and inadequate infrastructure. Residents in such areas, exposed to prolonged environmental stressors, may exhibit diminished health benefits from green spaces and an increased dependency on medical resources. Additionally, individuals with chronic diseases may use green spaces less frequently, further limiting the health-promoting effects of these areas. The findings highlight the need for strategic optimization of green space layouts to address disparities in accessibility and equity, particularly for vulnerable populations. Efforts to increase green coverage in densely populated areas, enhance infrastructure, and incorporate health-oriented design principles can significantly amplify the positive health impacts of green spaces. Such measures are essential for fostering the holistic development of healthy and sustainable urban environments.



5.2 Regression analysis and verification of urban environmental quality in Wuhan

The multivariate model's verification and analysis results for urban environmental quality in Wuhan are illustrated in Figure 5.
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FIGURE 5
 Verification results of multivariate model on urban environmental quality in Wuhan.


Figure 5 illustrates the degree and direction of the impact of Wuhan's urban environmental quality indices on urban green space. The regression analysis reveals positive coefficients for air quality (0.324), water quality (0.265), and light pollution (0.198), indicating a positive correlation between these indices and urban green space. This suggests that improved environmental quality is associated with an increase in urban green space. Conversely, the regression coefficients for noise levels (−0.187) and soil pollution (−0.143) demonstrate a negative relationship with urban green space, signifying that deteriorating environmental conditions adversely affect green space availability. The t-values for noise levels (−4.429) and soil pollution (−5.684) further emphasize the significant influence of these factors on urban green space. The reliability of these results is supported by the 95% confidence interval's upper and lower bounds. These findings highlight the importance of enhancing air quality, water quality, and minimizing light pollution to support urban green space development. Simultaneously, addressing noise pollution and mitigating soil contamination are critical for improving overall environmental quality and fostering the expansion and optimization of urban green spaces.

A further analysis of these findings underscores not only the value of green spaces in improving environmental quality but also highlights their role in mitigating the urban heat island effect from a climate change perspective. Specifically, vegetation transpiration can reduce local urban temperatures, alleviating the adverse health impacts of extreme heat events on residents. Additionally, the soil and water retention functions of green spaces help alleviate the pressure on urban water systems during extreme rainfall events, demonstrating their critical regulatory role in the context of climate-induced extreme weather. Moreover, increasing ecological corridors and vegetation coverage in high-pollution areas can effectively reduce noise diffusion and the risks of soil contamination while enhancing the capacity for ecosystem services. From the intersectional perspective of climate change and healthy urban development, these measures provide actionable pathways for improving environmental quality and practical evidence for enhancing urban resilience.

Therefore, optimizing green space layouts should prioritize reducing noise and soil pollution while improving air and water quality indices. Through the planning of green buffer zones and the implementation of soil remediation projects, green spaces can simultaneously enhance environmental quality and ecosystem services, contributing greater value to the sustainable development of cities in the context of climate change.



5.3 Regression analysis and verification of community interaction in Wuhan

The verification and analysis results of multivariate model on Wuhan community interaction are indicated in Figure 6.
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FIGURE 6
 Verification results of multivariate model on community interaction in Wuhan.


In Figure 6, the regression coefficients of community activity frequency and community organization density are relatively high, at 0.312 and 0.279, respectively, indicating that these factors have a substantial influence on urban green space. Conversely, the community interaction participation index and the utilization of community public facilities exhibit lower coefficients of 0.198 and 0.143, respectively, suggesting a more limited impact. Additionally, analysis of the standard error and t-values reveals that community activity frequency and community organization density have low standard errors and high t-values, underscoring the reliability and statistical significance of their estimates. In contrast, the higher standard errors and lower t-values associated with the community interaction participation index and the utilization of public facilities indicate that their estimates are less reliable and statistically significant. Overall, the frequency of community activities and the density of community organizations emerge as key drivers of urban green space optimization, whereas the influence of community interaction participation and public facility utilization remains comparatively modest.

The findings further emphasize the significant positive impact of community activity frequency and community organization density, highlighting the pivotal role of green spaces within the community ecosystem. These spaces not only facilitate resident interactions and enhance social cohesion but also strengthen the social value of urban green spaces. A deeper analysis reveals that increased community activity frequency correlates with more effective utilization of green spaces. Regular cultural and sports events, as well as everyday neighborhood interactions, contribute to fostering a strong sense of community belonging and active engagement. In contrast, lower indices of community interaction and public facility utilization suggest limited social participation among residents in certain areas, potentially reflecting inequities in the distribution of public resources. This shortfall may diminish the role of green spaces in fostering community vitality and improving residents' quality of life. These findings highlight deficiencies in the multifunctionality and equity of green space planning, particularly concerning the alignment of resident needs with spatial design. To address these issues, strategies such as the equitable allocation of community public facilities, increased investment in activity-oriented green spaces, and the promotion of diverse community governance participation can enhance the multifunctional potential of green spaces. These measures would allow green spaces to contribute more effectively to community ecosystems, achieving synergistic development across social, ecological, and environmental dimensions.



5.4 Performance verification analysis of multivariable models

The performance verification analysis results of multivariable models are suggested in Figure 7.
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FIGURE 7
 Performance verification analysis results of multivariate models.


In Figure 7, an increase in the number of iterations corresponds to a gradual rise in model complexity, from 0.85 to 0.92, accompanied by a steady improvement in accuracy, which increases from 0.92 to 0.95. These trends indicate a progressive enhancement in the model's fitting capability and predictive performance. Simultaneously, the robustness index demonstrates an improvement from 0.78 to 0.85, suggesting increased model stability when applied to diverse datasets. These findings underscore that, even after multiple iterations, the multivariate model maintains high levels of accuracy and stability. Moreover, the model exhibits adaptability to complex data structures and variable environmental conditions, reinforcing its utility for dynamic prediction scenarios.



5.5 Analysis of the influence of the multivariate model on the economic benefit and social structure of Wuhan

The multivariate model's analysis results of the economic benefits and social structure of Wuhan are depicted in Figure 8.
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FIGURE 8
 Analysis results of economic benefits and social structure impact.


In Figure 8, the optimization of health indices resulted in a 73% and 61% increase in the economic benefits and social structure impacts, respectively, within Wuhan's urban areas. Similarly, the environmental quality indices improved by 68% and 52%. These findings indicate that the optimization of green spaces significantly drives urban economic development and enhances social structures. Although the improvement rate of community interaction indices is relatively lower, its positive impact on economic and social structures reinforces the integral role of green spaces in the comprehensive enhancement of urban functions.

A deeper analysis reveals that green spaces mitigate urban heat island effects, directly reducing the adverse impacts of high temperatures on residents' productivity and daily lives. This contributes to a reduction in economic costs associated with energy consumption and medical expenses. Moreover, green spaces play a pivotal role in carbon sequestration by absorbing carbon dioxide, thereby providing crucial support for Wuhan's transition to a low-carbon economy. Additionally, rational green space layout and optimized distribution improve community interaction and social cohesion, making urban environments more adaptable to the dynamic demands of a climate-change context.

At the intersection of climate change adaptation and healthy city construction, the study demonstrates that integrating multidimensional dynamic optimization models can better align Wuhan's green space planning with ecological, economic, and social objectives. For high-density urban areas, priority should be given to the development of climate-adaptive ecological buffer zones. Enhancing vegetation diversity and improving green space accessibility can further maximize the synergistic effects of green spaces in improving resident wellbeing and promoting social stability. This optimization pathway not only strengthens the theoretical framework of the study but also provides robust support for future policy implementation.




6 Discussion


6.1 Research contributions

The findings of this study not only demonstrate the high applicability of the proposed model but also provide empirical data to better understand the multidimensional impacts of green spaces on urban health and environmental quality. These results hold significant reference value for similar urban contexts. Domestically, the study offers practical guidance for optimizing green space layouts in rapidly urbanizing, densely populated mid-to-large cities with limited green resources, such as Chongqing and Nanjing. These cities face considerable ecological pressures and an increasing demand for public health resources. By rationally allocating green spaces, improvements in quality of life and ecosystem service functions can be achieved to some extent. Internationally, for rapidly developing cities in Southeast Asia, such as Bangkok and Ho Chi Minh City, the study provides data-driven optimization pathways to address challenges such as uneven green space distribution, environmental pollution, and public health pressures. Additionally, for mid-sized cities with high population density, such as Budapest and São Paulo, as well as resource-constrained smaller cities, the machine learning techniques proposed in this study can precisely capture critical indicators to support scientific decision-making. This study deepens the understanding of healthy city metrics and offers universal solutions for green space management and planning across diverse global urban contexts. By doing so, it contributes to advancing sustainable urban development and improving urban resilience on a global scale.

The findings of this study are contextualized within the framework of existing research. The observed positive effects of health conditions and life expectancy closely align with the conclusions of Wu (7), who demonstrated that green spaces significantly enhance residents' quality of life by improving environmental quality and mental health. Similarly, the negative correlation between green space availability and chronic disease incidence supports the perspective that insufficient green spaces exacerbate exposure to pollution, thereby contributing to adverse health outcomes. Notably, the weaker influence of health awareness, a phenomenon seldom explored in depth in the literature, may be attributed to the underappreciation or limited utilization of green spaces by the public. This finding offers a promising avenue for future research to explore strategies for fostering greater awareness and engagement with green spaces. In terms of environmental quality, the results corroborate Tella and Balogun's (8) findings that noise pollution reduces the attractiveness and functionality of green spaces. Additionally, the significant negative impact of soil pollution on green space expansion, as identified in this study, underscores the critical need for ecological restoration strategies tailored to urban contexts. These findings provide a robust foundation for implementing targeted interventions, such as establishing ecological barriers to mitigate noise pollution and employing phytoremediation technologies to address soil contamination, thereby enhancing the sustainability and functionality of green spaces in Wuhan.

Considering these insights, and in light of Wuhan's specific urban dynamics, urban planners are encouraged to prioritize key indices identified in this study. For instance, leveraging the significant positive effects of health conditions and life expectancy aligns with the principles of the “healthy city” concept and can inform green space optimization strategies. In districts with limited green resources, the development of community parks and health trails can directly address residents' health needs and promote equitable access to green spaces. Furthermore, the strong correlations between air and water quality indices and environmental quality underscore the potential of green spaces to mitigate pollution. Urban planners can integrate these findings into the design of ecological barriers or vegetative buffers in areas with high pollution levels to enhance the regulatory functions of green spaces. Simultaneously, coordinated efforts in pollution control and green space restoration initiatives should be promoted to achieve synergistic benefits for the environment and public health.

When analyzed through the lens of academic advancements, this study significantly contributes to the exploration of the multifaceted functions of green spaces in the context of climate change. For instance, Pinto et al. (47) highlighted the link between urban heat island effects and extreme heat events, emphasizing the necessity of nature-based solutions to mitigate these phenomena. This study aligned closely with their perspective by demonstrating how optimized green space layouts effectively reduced urban heat island effects, providing region-specific insights for climate-adaptive urban planning. Similarly, Cherif et al. (48), through meta-analyses, revealed the temperature-regulating roles of green spaces under varying climatic conditions. Building on this, the findings of this study validated the substantial positive impact of green spaces in mitigating environmental stressors such as high pollution and noise levels, underscoring the regional specificity of these benefits. Furthermore, Han et al. (49), employing spatial econometric analyses, established that green spaces alleviated pollutants such as PM2.5. This study expands on their work by emphasizing the synergistic role of green ecosystems in simultaneously improving environmental quality and enhancing residents' wellbeing, thereby enriching the theoretical framework of green space ecosystem services. In summary, this study not only addresses a critical gap in the intersection of urban health and climate change research but also provides multidimensional data-driven insights to support policy formulation. It exemplifies the integration of academic and practical value, advancing the application of green spaces in building urban climate resilience and offering actionable strategies for green space management in diverse global urban contexts.



6.2 Limitations and future directions

Nevertheless, it is important to acknowledge certain limitations in this study that may affect the generalizability of the results. Firstly, the reliance on publicly available datasets introduces potential biases in data completeness and quality. For instance, the uneven spatial distribution of data points may lead to the underrepresentation or omission of certain areas, thereby weakening the model's performance in ensuring regional balance. Furthermore, the selection of health indicators was limited to quantifiable data, and non-quantifiable dimensions such as subjective wellbeing and mental health were not incorporated, which may constrain the comprehensive understanding of the social benefits of green spaces. Secondly, the assumption of linear relationships between variables oversimplifies the complexity of real-world interactions. The effects of green spaces on multidimensional indicators often exhibit non-linear characteristics; for example, health indicators may show non-linear jumps under certain threshold conditions, which linear analytical methods may fail to capture comprehensively. Lastly, the study's temporal and spatial scope was somewhat fixed, failing to account for the dynamic trends of green space usage across different seasons or over long-term urban planning periods. This raises the need for further research to evaluate the long-term effects of green spaces more comprehensively.

To overcome these limitations, future research should explore deeper advancements in data sources, methodological innovations, and the expansion of analytical scope. First, real-time data monitoring technologies should be integrated to enhance the dynamic nature and precision of the data, alongside community-based participatory approaches for data collection. This would ensure the inclusion of residents' subjective perceptions and cultural aspects, capturing the social benefits of green spaces and their adaptability to diverse population needs. Second, in terms of methodological innovation, future studies should integrate deep learning models or hybrid methods, applying non-linear analysis techniques to explore the relationships between multidimensional variables, thus providing a more comprehensive reflection of complex dynamic interactions. Such techniques can identify potential non-linear associations and multi-level mechanisms between variables, offering stronger support for the accuracy and interpretability of predictive outcomes. Furthermore, expanding the temporal and spatial scope of analysis is a critical direction for future development. For example, long-term data analysis could capture the dynamic trends of green space across different seasons and development stages, further revealing its potential contribution to addressing climate change and optimizing urban wellbeing (50). In summary, future research should drive the integration of data, methods, and scope optimization, fostering a deeper convergence between theory and practice in green space studies, and providing a more comprehensive scientific foundation for sustainable urban development.




7 Conclusion

This study explores the complex relationship between the optimization of urban green spaces in Wuhan and the multidimensional indices of a healthy city through the application of a multivariate model. By integrating RF with SVM algorithms, this study makes significant strides in quantifying the role of key indices and uncovering their interaction mechanisms. The findings demonstrate that green spaces are essential in improving residents' health and extending life expectancy. Additionally, these spaces play a crucial role in enhancing urban environmental quality and fostering community interaction. This study not only enriches the theoretical understanding of the interactive mechanisms between green spaces and healthy city development, but also provides critical empirical evidence to guide green space and urban planning efforts in Wuhan. Through a systematic analysis of indices such as environmental quality, community interaction, and health conditions, the study emphasizes the irreplaceable role of green spaces as a central element of urban resilience and social wellbeing.

From a practical perspective, the findings offer valuable decision-making support for urban planning in Wuhan within the framework of a healthy city. Positive indices, such as health conditions and life expectancy, highlight the potential of green spaces to optimize the living environment and underscore their importance in promoting ecosystem sustainability and improving residents' wellbeing. Furthermore, this study outlines specific strategies for addressing negative impacts such as noise and soil pollution, recommending the construction of ecological barriers and the promotion of phytoremediation technologies. These strategies provide practical pathways for balancing green space development with urban growth objectives. Additionally, the model architecture and empirical methods utilized in this study demonstrate strong generalizability, offering a reference framework and practical guidance for other cities facing similar challenges in green space optimization. Moving forward, the development and optimization of green spaces should not only focus on enhancing ecological and health benefits, but also on integrating them more deeply into social and cultural dimensions. This approach aims to fully harness the multifaceted contributions of green spaces to urban health, ecological balance, and social development.
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Housing has been a longstanding social issue in China’s megacities, profoundly affecting the residents’ quality of life. Urban villages in megacities, despite their substandard living conditions, provide affordable housing for many residents. The study of living conditions and their social implications in urban villages has been a central theme in Chinese urban research. However, previous research on Chinese urban villages has paid less attention to the relationship between tenants’ mental health, housing quality and community attachment. This study selects seven typical urban villages in Shenzhen as the study cases, collecting first-hand anonymous questionnaire data to study tenants’ mental health status and explore the mediating role of community attachment in the relationship between housing quality and residents’ mental health. The finds show that the housing quality ([image: Greek lowercase letter beta, 𝛽, displayed in a serif font.] = 0.228, p = <0.05) and housing affordability ([image: It seems there was a problem with the image upload. Please try uploading the image again, and I will help you create the alternate text.] = 0.196, p = <0.05) have a significant effect on tenants’ mental health. Specifically, better the housing quality and lower the housing affordability are associated with improved mental well-being among urban village tenants. Additionally, community attachment ([image: It seems like there was an issue with the image upload. Please try uploading the image again or provide a URL if applicable. Optionally, you can add a caption for additional context.] = 0.416, p = <0.05) has a significant positive impact on tenants’ mental health, and serves as an important mediating factor in the relationship between housing quality and tenants’ mental health. This study proposes that improving living quality in megacity urban villages and creating a favorable living environment can increase tenants’ attachment to urban villages, and significantly improve their mental health. These factors should be emphasized in the current urban renewal policy for Chinese megacities.

Keywords
 Urban villages; housing quality; community attachment; tenant mental health; megacities; Shenzhen


1 Background

China’s rapid economic development over the past few decades has driven an substantial migration from rural areas and small towns to large, economically prosperous cities in pursuit of employment opportunities and a better quality of life. According to China’s seventh population census (2020), the urbanization rate has exceeded 60%. The migrant population is an important force driving the rapid development of cities, but due to the concentrated flow of migration in China, the housing supply in megacities has long been insufficient. As a result, housing shortages remain one of the most significant barriers to the integration of China’s so-called “migrant population” into megacities (1). Faced with unaffordable housing prices in megacities, many urban dwellers opt for rental accommodation. Urban villages are a special type of settlement in the structure of China’s megacity housing market. Unlike commercial residential property, urban villages generally offer substandard living conditions and lack essential public services, leading to a high concentration of cheap rental housing (2). As urban villages accommodate a large number of low-and middle-income earners and “urban outsiders,” they have become a long-standing social issue in China (3).

Urban villages are a unique spatial phenomenon emerging from China’s urbanization process (4). Due to the dualistic structure of the land system (division between collective and state-owned land), some villages that have not been expropriated and demolished by the government have gradually been surrounded by urbanized areas. As a result, urban villages are often surrounded by a large number of high-rise buildings, and many are located next to the urban central district (5). Their close proximity to major employment centers, coupled with affordable rental costs, renders them particularly appealing to low-income groups (6). However, living conditions in urban villages are often substandard, with common issues including overcrowding, environmental pollution, high building density and inadequate infrastructure.

While numerous studies have focused on the living conditions of urban village residents (2), few scholars have paid attention to the community attachment and mental health of residents. Despite poor living conditions, urban villages often function as long-term residences for many migrants, effectively becoming an alternative home. As a result, the extent of tenants’ community attachment to urban villages has remained a subject of debate in the academic literature (7, 8). Therefore, it is necessary to consider the role of community attachment in shaping the relationship between housing quality and mental health of tenants, to gain a deeper understanding of the real living conditions of urban village tenants in megacities.

This study investigates the relationship between housing quality in urban villages and tenants’ mental health, with a particular focus on the mediating role of community attachment. A survey was conducted in seven typical urban villages in Shenzhen, one of China’s most densely populated megacities. Despite its economic prosperity, Shenzhen faces urban challenges, such as high property prices, housing affordability issues. Against this background, Shenzhen’s urban villages have played an important role in housing supply providing shelter to a large migrant population (9, 10). According to the Shenzhen Urban Village Building Dictionary 2022, issued by the China Development Institute (Shenzhen), Shenzhen’s urban villages accounts for 36.3% of the city’s total housing floor area, and may be able to accommodate approximately 10 million residents. Recognizing their role in relieving housing pressures, the Shenzhen government has implemented various renewal policies to promote the housing quality. In recent years, Shenzhen has promoted ‘the unified renovation and unified leasing’ model for urban villages, allowing private enterprises to participate in housing improvement. While this policy has enhanced housing conditions, it has also led to rental costs. Given the large number of long-term residents in urban villages, Shenzhen provides an ideal case for studying the impact of the living environment on tenants’ mental health. The findings of this study can also provide urban renewal policies for urban villages in China.



2 Literature review and research hypotheses


2.1 The relationship between housing quality and residents’ mental health

China’s rapid urbanization over the past few decades has driven large-scale migration from the countryside to the cities, creating a unique landscape of urban villages under the dualistic land system (11). In particular, the growing population size of China’s megacities have resulted in migration into these economically prosperous cities, exacerbating the tension between population expansion and housing supply. Due to limited affordable housing resources in megacities, urban villages with substandard living conditions provide a large amount of cheap housing for the migrant population (3).

However, these cheap housing units in urban villages are often widely criticized for their cramped living space, poor community living environment, lack of public services, low-quality construction, safety concerns etc. (12, 13). Many scholars have conducted extensive research on the housing quality in urban villages. For example, Li et al.’s study in Xiamen showed that the poor indoor environment of low-cost housing in urban villages had significant negative health effects on tenants (14). However, some researchers have suggested that many migrant workers are more concerned about the distance from their place of employment and the cost of living than the housing quality (15). Without urban villages, many low-income migrant workers would be unable to sustain their livelihoods in the city (Ibid).

Therefore, the first question is whether the housing quality in urban villages has an impact on the mental health of the residents, a topic that remains controversial in the literature. While poorer housing quality can affect the mental health of residents in some urban villages to a certain extent (32), housing conditions vary significantly across different cities, and their effects on tenants may differ. In particular, in Chinese mega-cities such as Shenzhen, urban villages have long served as key settlement for migrants, playing a crucial role in facilitating the integration of low-income groups into the urban fabric. Therefore, we first test the relationship between objective living conditions and tenant mental health in megacity urban villages.

Based on established research, this study proposes hypothesis 1: Better housing quality in urban villages can significantly and positively affect tenants’ mental health (H1).

While the literature on housing quality provides valuable insights into how the physical characteristics of living environments directly influence mental health outcomes, it is important to recognize that residents’ well-being is also shaped by the economic burden of housing. In the context of urban villages—where many tenants face financial constraints—the affordability of housing emerges as a critical factor that may compound or mitigate the effects of substandard living conditions. The next section, therefore, shifts the focus from the physical attributes of housing to examine how housing affordability influences residents’ mental health.



2.2 The relationship between Housing affordability and residents’ mental health

The large number of jobs in megacities serves as a major driver of sustained population inflows. However, a number of studies have shown that urban residents have a higher risk of mental illness than rural residents (16). Several scholars have conducted extensive research on the relationship between community living environments and residents’ mental health. For example, Ma et al. (2018) examined the association between various types of noise pollution and mental health symptoms in Beijing residents, finding that higher perceived exposure to noise pollution was significantly correlated with poorer mental health (33).

In addition, housing conditions, which are related to the costs and quality of life of urban residents, have also been cited by many scholars as an influencing factor on the mental health of residents. As Seo and Park (17), in their study of the Survey of Living Conditions and Welfare Needs of Korean Adolescents (n = 1,308), found that material hardship caused by housing cost burdens was negatively associated with mental health in single-person households (17). Xiao et al. (2018) used a structural equation modeling approach to explore the impact of housing conditions on mental health among Shanghai’s migrant population, demonstrating that housing conditions have a direct impact on mental health. Their findings indicated that housing conditions have an indirect impact on mental health through neighborhood satisfaction (34).

While many migrants in China’s megacities reside in urban villages—whose substandard housing conditions have been widely criticized—their affordability remains a crucial yet often overlooked factor. Therefore, it is necessary to consider housing affordability as an influencing factor, while many migrants in China’s megacities reside in urban villages—whose substandard housing conditions have been widely criticized—their affordability remains a crucial yet often overlooked factor.

Accordingly, this paper proposes hypothesis 2: Housing affordability is negatively correlated with tenant mental health in megacity urban villages (H2).

Although housing affordability is a key determinant of mental health—reflecting the financial pressures faced by residents—it does not capture the full spectrum of psychosocial factors inherent in urban living. In urban villages, the emotional bonds and sense of belonging that tenants develop with their communities can also have a profound impact on their mental well-being. Consequently, the subsequent section explores the role of community attachment, aiming to elucidate how these emotional ties may mediate and moderate the relationship between housing conditions and mental health outcomes.



2.3 The role of community attachment in urban villages

Community attachment is an important dimension in evaluating the relationship between residents and their community. As the predecessor of the urban village was a traditional rural community with a clan-based society, indigenous residents maintain strong emotional bonds and economic ties to their communities. However, for the large number of non-local tenants renting in urban villages, their emotional connections to urban villages are complicated (18).

On the one hand, for many low-income earners, urban villages serve as long-term places of residence, where their living conditions are closely related to the surrounding environment. On the other hand, within a specific institutional context, they are often regarded as “outsiders” or “strangers to the city” and may leave the urban villages at any time, either voluntarily or involuntarily (19, 20). In this scenario, the nature of tenants’ community attachment to urban villages remains a subject worthy of further exploration.

Du and Li’s (21) study on migrants in Guangzhou’s urban villages found that these settlements provide a transitional refuge for migrants’ integration into urban life. Their findings further indicate that community qualities and community relations influence migrants’ sense of attachment to urban villages. Similarly, Chang et al. (22) demonstrated that housing conditions, neighborhood environments, and social relationships are positively related to community attachment, with variations in social relationships and physical environments leading to differing level of community attachment. Liu et al. (23) concluded that residential uncertainty and poor neighborhood environments reduce migrants’ sense of urban belonging.

Given that community attachment has a positive impact on residents’ life status, it is also shaped by external living conditions and, in turn, may affect residents’ mental health. Accordingly, we used community attachment as a mediating and moderating variable to analyze its role in the relationship between housing quality and tenants’ mental health in urban villages.

Thus, the third hypothesis proposed in this study is: Community attachment mediates and moderates the relationship between housing quality and tenant mental health (H3).

In summary, this study analyses the relationship between community attachment, housing quality, housing affordability and tenants’ mental health, thereby constructing a theoretical analysis framework (Figure 1). The proposed model conceptualizes housing quality and housing affordability as independent variables, while tenant mental health serves as the dependent variable. It further validates the role and mechanisms of community attachment within these relationships.

[image: Flowchart showing relationships between concepts: Housing residence and Housing affordability both lead to Community attachment. Community attachment connects to Mental health of tenants with a feedback loop back to Community attachment.]

FIGURE 1
 Theoretical framework of this study.





3 Data and methodology


3.1 Data collection

Through stratified sampling approach, one community was randomly selected from the villages that had been transformed into urban villages in each district of Shenzhen. After fully considering the feasibility of the survey, 7 communities of the research object were finally obtained.

The study used anonymous collection to distribute questionnaires from December 2023 to January 2024 to tenants within the following seven communities: the Nanling Village and Longxi Community in Longgang District, Shenzhen; the Buchong Village and Xinqiao Community in Bao’an District; the Zhangge Village in Longhua District; the Shuiwei Village in Futian District; and the Baimang Community in Nanshan District (Figure 2). Researchers coordinated with local community staff to facilitate questionnaires in the community during both working and non-working hours. A systematic sampling method was adopted to distribute questionnaires. Questionnaires were distributed every 10 households according to the house numbers of residents’ addresses until the target sample size was reached.

[image: Map highlighting eight communities in Shenzhen, China, marked with red dots: Buchong Village, Zhangge Village, Longxi Community, Xinqiao Community, Baimang Community, Nanfang Village, Shuiwei Village. The surrounding area is lightly shaded.]

FIGURE 2
 Map of the surveyed communities’ distribution.


In this survey, a total of 750 questionnaires were distributed, of which 703 were deemed valid, yielding a valid response rate of 93.7. The questionnaire categorized the observed variables into five sections: housing quality in housing and community, housing affordability, community attachment, tenant mental health and individual economic and social attributes. The first four of these were obtained through subjective evaluations by the respondents, using a Likert scale with values ranging from 1 to 5 according to the degree of agreement or satisfaction.



3.2 Descriptive statistical analyses

This paper uses SPSS 26.0 software to statistically analyze the main characteristics of the individual economic and social attributes of the research samples, such as gender, age, marital status, and childbearing status (Table 1).



TABLE 1 Description of the samples’ socioeconomic characteristics.
[image: Table displaying demographic data with sections on gender, age, marital status, fertility status, academic qualification, and monthly income level. Gender distribution: 53.8% male, 46.2% female. Most are married (79.9%) and have two children (40%). Education levels: primary (10.2%), junior high (35.3%), senior high (24.5%), undergraduate (29.3%), master's (0.7%). Majority earn between 3,000 CNY and 6,000 CNY monthly (33.3%). Average age is 39.]

The results showed that the gender distribution of the study samples was balanced with 53.8% male and 46.2% female. The average age of the respondents was 39 years. Regarding marital status, nearly two-thirds of the respondents were married.

Regarding fertility status 40.0% of respondents had two children—the most common category—while 22.6% had no children, 29.9% had one child, and 7.5% had three or more children. In terms of educational attainment, the proportions of respondents graduated from primary or secondary school, junior high school, senior high school, junior college or bachelor’s degree, and master’s degree or above were 10.2, 35.3, 24.5, 29.3, and 0.7%, respectively.

In terms of monthly income level, 32.3% of the respondents had a monthly income of “less than CNY 3,000,” 33.3% had a monthly income of “CNY 3,000-6,000,” 20.9% had a monthly income of “CNY 6,000-9,000,” and a smaller proportion had a monthly income of more than CNY 9,000.CNY.

Table 2 shows the descriptive statistics for each variable. The means of the respondents’ scores for housing quality, cost of residence, and community attachment all ranged from 3.182 to 3.707. The average rating score of respondents on the housing quality in urban villages was 3.71, reflecting that in general respondents rated urban villages relatively favorably. Respondents’ community attachment to the urban village was 3.56, also indicating that the surveyed tenants in general showed a potentially strong attachment to the urban village in which they live.



TABLE 2 Descriptive statistics of the means of the variables.
[image: Table showing statistical data for three variables: housing quality, community attachment, and housing affordability. Each has 703 observations, with minimum value 1.00, maximum 5.00. Average values are 3.7073, 3.5602, and 3.1821, respectively. Standard deviations are 0.69620, 0.72360, and 0.66097.]

Compared to the former two variables, surveyed tenants rated the cost of housing relatively low, with an average score of 3.18, reflecting the fact that housing affordability of living in a megacity urban village was perceived as relatively affordable.

In this study, the variable of mental health of tenants was calculated using the SF scale scoring method proposed about mental health (MH), with higher MH scores indicating better mental health. The results in Table 3 show the mental health scores of tenants in this survey and compared with the results of the quality-of-life research conducted by Wang et al. in five Chinese cities, the mental health scores of tenants in urban villages in Shenzhen were below the mean value of 77.61 (24).



TABLE 3 Scoring results of tenants’ mental health in the surveyed urban villages in Shenzhen.
[image: Table displaying statistical data for mental health. Variables include score (mean equals seventy-four point six four zero one, standard deviation equals twelve point six three one eight), t-value equals zero point four nine zero nine, and p-value equals zero point zero zero one.]



3.3 Variable measurement

Housing quality: This study uses two dimensions (housing internal conditions and housing external conditions) of housing quality for evaluation (Table A-1). Among them, the evaluation of housing internal conditions includes indicators such as housing location, housing quality, housing spatial layout, and housing facilities. The evaluation of housing external conditions includes community public service facilities, community road, community environment and sanitation, community management and security.

Housing affordability: In the measurement of housing affordability (Table A-1), this study combines three aspects: living expenses, rental costs, and commuting costs.

Community attachment: The measurement of community attachment used in this study (Table A-1) is proposed by Williams et al.’s research, which measures six dimensions, including community meaning, community identity, community nostalgia, community pride, community significance and community belonging (25–27).

Mental health: Tenant mental health was the dependent variable in this study. This study used the medical outcomes study 36-item short form health survey (SF-36), which evaluates the dimensions of nervousness, dumps, calmness, mood, and happiness.



3.4 Tests of reliability and validity of the variables

In this study, the internal consistency of the variables was tested through the Cronbach′s a coefficient to ensure the data quality of the measurements and to ensure that the next analyses could be carried out. The results of the Cronbach′s a coefficient test for each dimension of the variables shows that the Cronbach coefficient values corresponding to the dimensions included in the variables of this study are all greater than 0.80, and the total correlations of the correction terms are all greater than 0.6, which indicates that the dimensions of the variables of the present study have high reliabilities, and all of them have good internal consistency.

To test the multicollinearity between the factors and to exclude the factors with small effects, for the validity test this study conduct exploratory factor analysis on the variables (Table 4). The principal component extraction method was used to extract the common factors and the extracted common factors were rotated using the variance maximization orthogonal rotation method, and the factor loading values of the measured indicators after orthogonal rotation ranged from 0.76–0.93, which indicates that the observed variables are affected by the latent variables with a high intensity, and all of them can be explained by the latent variables in a better way, and therefore the validity of the observed variables is reliable.



TABLE 4 Results of the exploratory factors analysis.
[image: Table displaying dimensions related to housing quality, affordability, community attachment, and mental health of tenants. It includes variable names with their factor load, Cronbach's Alpha, eigenvalue, and cumulative variance contribution percentage. Top factor loads are for "Housing location" (0.877), "Commuting cost" (0.902), and "Happiness" (0.921). Key Cronbach's Alpha values: Housing quality (0.823), Housing affordability (0.918), Community attachment (0.902), Mental health (0.906). Eigenvalues are 44.850, 8.792, 15.662, and 10.622 respectively, with cumulative variance contributions at 27.852%, 42.195%, 65.255%, and 85.069%.]



3.5 Methods

This study used multiple linear regression models to examine the effects of housing quality and cost of residence on tenants’ mental health. Additionally, it analyzed the mediating and moderating roles of community attachment in the relationship between housing quality and tenants’ mental health.

The methodology used for the mediation effects test was mainly proposed by Baron and Kenny (28, 29). In addition, MacKinnon (30) proposed that the mediation effect can be tested by directly examining the “path coefficient of independent variable X to mediator variable M” and the “path coefficient of mediator variable M to dependent variable Y.” Therefore, this study uses the above method to validate the mediating effect in the proposed theoretical model.

Analysis of variance (ANOVA) was conducted when both the moderator and independent variables were categorical. If the interaction effect between the two is significant, the moderating variable has a moderating effect.

For the continuous moderator variable, hierarchical regression technique can be used to test the independent variables (31). Specifically, the size of the main effect of the independent variable and the moderator variable on the dependent variable is examined separately. Subsequently, the interaction term (independent variable × moderator variable) is included in the regression equation. A statistically significant coefficient for this item confirms the presence of a moderating effect.




4 Results


4.1 Impact of housing quality on tenants’ mental health

Multiple linear regression analyses were conducted with housing quality and housing affordability in urban villages as independent variables and tenants’ mental health as the dependent variable. It was found (Table 5) that the standardized coefficients of Models 2a and 2b improved in comparison to Model 1, indicating that both the housing quality and housing affordability have a significant positive effect on tenants’ mental health. Model 2c further compares the results of the models for the different independent variables, suggesting that housing quality has a slightly higher positive effect on tenants’ mental health than housing affordability.



TABLE 5 Results of multiple linear regression model analysis.
[image: Statistical table displaying coefficients, standard errors, and p-values for four models predicting tenants' mental health. Variables include housing quality, affordability, gender, age, academic qualifications, marital status, fertility status, and income. Significant values are marked with asterisks. Model details vary across columns, indicating varied impact levels of each variable on mental health.]



4.2 Tests of the mediating effect of community attachment

The article combines two analytical methods, stepwise regression analysis and bootstrap, to test the mediating effect of community attachment (Tables 6, 7). With community attachment as the dependent variable in Model 3, the results show that housing quality and housing affordability all have significant positive effects on community attachment. In Model 4, we add the dependent variable of tenant’s mental health to Model 3, and the results show that community attachment has a significant positive effect in both housing quality-tenant’s mental health, and housing affordability-tenant’s mental health, and is an important factor influencing the relationship between the two.



TABLE 6 Results of the mediating effect of community attachment (1).
[image: Table showing variables and their effects on community attachment and mental health of tenants across four models: Models 3a, 3b, 4a, and 4b. It includes coefficients, standard errors, and p-values for factors like housing quality, affordability, gender, age, academic qualifications, marital and fertility status, and income level. Significance levels are denoted by asterisks.]



TABLE 7 Results of mediating effect of community attachment (2).
[image: Table showing the effects of two pathways on the mental health of tenants through community attachment. For "Housing quality," total, direct, and indirect effects are 0.3271, 0.1317, and 0.1954, respectively. For "Housing affordability," these effects are 0.3225, 0.1397, and 0.1828, respectively. Lower and upper limit confidence intervals (LLCI and ULCI) are given for each effect. Asterisks indicate significance levels, with *** for p < 0.01.]

Bootstrap analyses show that in the Path 1 model with housing quality as the independent variable, tenants’ mental health as the dependent variable, and community attachment as the mediator variable, the model indirect effect value was 0.195, with bootstrap confidence intervals ranging from 0.138 to 0.257, suggesting that the mediating effect of community attachment in the housing quality-tenants’ mental health relationship is relatively significant. In the path 2 model with housing affordability as the independent variable, tenants’ mental health as the dependent variable, and community attachment as the mediator variable, the model indirect effect value is 0.182, and the bootstrap confidence interval is 0.128–0.240, which suggests that community attachment has a significant mediating effect in the relationship between housing affordability and tenants’ mental health. Community attachment plays a more important mediating effect in these models.



4.3 Test of moderating effects of community attachment

In this study, two moderated effects tests were done using regression models with housing quality and housing affordability as independent variables, tenants’ mental health as dependent variable and community attachment as moderating variable, and the results of the tests are shown below (Tables 8, 9).



TABLE 8 Results of the moderating effects test for community attachment.
[image: A table displays statistical results across three models (5a, 5b, 5c) with variables like housing quality, community attachment, gender, age, education, marital status, fertility, and income. Each variable has coefficients, standard errors, and p-values. Significance is marked by asterisks: one asterisk for p<0.10, two for p<0.05, and three for p<0.01. Model 5c includes an interaction term, and summary statistics show R-squared values, F-value, and delta R-squared.]



TABLE 9 Results of the moderating effects test of community attachment.
[image: This table presents regression results across three models labeled 6a, 6b, and 6c, examining factors such as housing affordability, community attachment, gender, age, academic qualifications, marital status, fertility status, and monthly income level. Coefficients, standard errors, and p-values are provided. Notable findings include significant positive associations of housing affordability and community attachment. Significance levels are marked by asterisks, and model statistics such as R-squared and F-values are included.]

Model 5a shows that housing quality exhibits significance at the 95% level (p < 0.05) on tenants’ mental health without considering the interference of community attachment as a moderating variable, suggesting that the housing quality have a significant effect on tenants’ mental health. Model 5b adds the moderating variable of community attachment, and Model 5c adds the variables of housing quality and community attachment to Model 5b. The results show that the interaction term of housing quality and community attachment exhibits significance at the 95% level (p < 0.05), indicating that there is a significant moderating effect of community attachment between housing quality and tenants’ mental health.

A slope plot based on the results of the moderating effects test (Figure 3) shows that different levels of community attachment moderate the relationship between housing quality and tenants’ mental health to varying degrees. At low levels of community attachment, housing quality plays a lesser role in positively influencing tenants’ mental health. The positive effect of housing quality on tenants’ mental health is greater at high levels of community attachment. Overall, it shows that community attachment has a positive moderating effect on the relationship between housing quality and tenants’ mental health.

[image: Line graph showing the relationship between mental health of tenants and housing quality. Two lines represent Low and High mental health. Housing quality increases with better mental health, with High (M+1SD) showing a steeper increase.]

FIGURE 3
 Slope plot of the moderating effect of community attachment on the relationship between housing quality and tenants’ mental health.


In the moderating effects test with housing affordability as the independent variable, Model 6a shows that without considering community attachment as a moderating variable, Housing affordability exhibits significance at the 95% level on tenants’ mental health (p < 0.05), suggesting that housing affordability has a significant effect on tenants’ mental health. Model 2 adds the moderating variable of community attachment, and Model 6c adds the variables of housing affordability and community attachment to Model 6b, which shows that the interaction term of housing affordability and community attachment exhibits significance at the 95% level (p < 0.05), suggesting that community attachment has a significant moderating effect.

Slope plots based on the results of the moderating effects test (Figure 4) indicates that different levels of community attachment moderate the relationship between housing affordability and tenants’ mental health to varying degrees. At low levels of community attachment, housing affordability plays a lesser role in positively influencing tenants’ mental health. At high levels of community attachment, housing affordability plays a larger role in positively influencing tenants’ mental health. Overall, it shows that community attachment enhances the relationship between housing affordability and tenants’ mental health.

[image: Line graph depicting the relationship between mental health of tenants and housing affordability. Two lines represent low and high housing affordability. Both lines show a slight upward trend as mental health improves from low to high. The solid line indicates high affordability, while the dashed line indicates low affordability.]

FIGURE 4
 Slope plot of the moderating effect of community attachment on the relationship between housing affordability and tenants’ mental health.





5 Discussion and conclusion

This study analyses the relationship between housing quality, community attachment and mental health of urban village tenants, using seven urban villages in Shenzhen City as the research case. Housing quality and housing affordability are important factors affecting the mental health of tenants, and this study verifies the direct impact of housing quality ([image: A Greek letter beta in italic script, often used in mathematical expressions or scientific notations.] = 0.228, p = <0.05) and housing affordability ([image: Greek letter beta symbol, displayed in a serif font.] = 0.228, p = <0.05) on the mental health of tenants in urban villages. Therefore, effectively improving the housing quality and reducing the cost of residence can promote the mental health among urban village tenants.

The improvement in housing quality can be divided into two main components: the quality of housing and the living environment of the neighborhood. The quality of housing in existing urban villages mainly suffers from several problems, i.e., incomplete public service facilities, safety hazards, dilapidated buildings, lack of space for public activities, all of which have a long-term implication for the mental health of tenants.

Reducing the living cost in urban villages can also benefit the mental health of tenants to a certain extent. Housing affordability in this study is assessed through three components: daily living expenses (meals, clothing, etc.), rental costs, and commuting costs. In this survey, it is found that the residents’ evaluation of housing affordability was moderate, with a mean score of 3.18. However, some tenants perceived housing affordability as poor, likely due to the insufficient supply of affordable housing in the area of city center and the impact of recent urban village renewal policies in Shenzhen on rental prices. Thus, this suggests that the housing quality and housing affordability are interconnected factors in urban villages within China’s megacities.

In addition, this research tests the community attachment as a mediating and moderating variable, respectively. The finding indicated that community attachment has a mediating and moderating role in the relationship between housing quality and tenants’ mental health ([image: Certainly! Please upload the image you'd like me to generate alt text for.] = 0.292, p = <0.05), as well as housing affordability and tenant mental health ([image: Greek lowercase beta symbol, commonly used in mathematics, physics, and other scientific contexts.] = 0.176, p = <0.05). Therefore, besides the direct effects of housing quality and housing affordability, fostering a stronger residents’ sense of community attachment can further enhance tenants’ mental health. Community attachment refers to the complex and comprehensive emotional bond that is formed between residents and their place, which has an imperceptible influence on the lives of residents. A positive sense of community attachment enables residents to experience greater happiness and fulfilment, thereby demonstrating more positive mental health.

Finally, this study proposes that the mental health of tenants should be an important consideration in the current urban village renewal in China’s megacities. Furthermore, the relationship between housing quality, housing affordability and community attachment should be dealt with in the urban village renewal projects.

Based on the above research, we also can find the contradictions in the process of urban village renewal in Shenzhen. While improving substandard housing conditions is essential for residents’ mental health, renewal efforts often lead to increasing housing prices, which may further affect affordability. Therefore, it is crucial to strike a balance between improving housing quality and maintaining affordable living costs. Shenzhen’s current urban village renewal policy adopts an inclusive approach, preserving the original rental market while encouraging state-owned enterprises to intervene in rental prices in areas with tight housing supply through unified purchase, renewal, and re-leasing of urban village properties. This strategy aims to maintain relatively low rental levels for residents, thereby enhancing living standards and protecting affordable rents. While this policy has alleviated some pressure on residents, the acquisition process remains complex. Ensuring the interests of both property owners and original tenants during acquisitions is a topic that warrants further investigation. Moreover, this research confirms that community attachment significantly influences residents’ mental health. Thus, promoting community cultural development and enhancing cohesion are essential topics in Shenzhen’s urban village renewal policies.
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Appendix



TABLE A1 Description of the indicators measured.
[image: Table listing dimensions related to housing and community satisfaction. Columns include Dimension, Variable Name, Description, and Standard for Evaluation. Categories cover housing quality, affordability, community attachment, and mental health of tenants, using a satisfaction scale from one (very dissatisfied) to five (very satisfied). Mental health variables use a frequency scale from one (all of the time) to six (none of the time).]
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Background: Rapid urbanization has led to a series of “urban diseases” that have garnered significant social attention. Among these, the urban heat island effect has emerged as one of the most pronounced environmental concerns, presenting formidable challenges for urban planning in terms of sustainable development and environmental livability. In this process, the construction of urban parks is particularly susceptible to discrepancies between supply and demand.
Methods: In this study, urban parks with an area of more than 3hm2 in the main urban area of Wuhan were selected as research objects. Utilizing remote sensing data and urban vector data, this study applied kernel density analysis and Thiessen polygons development to assess the supply capacity of parks’ cold islands from a supply perspective, and the residents’ cold island demand level index from a demand perspective.
Results: The findings revealed that ① The spatial distribution of cold island supply and demand exhibited significant heterogeneity. High-supply units were strongly correlated with water body distribution, while high-demand units aligned closely with population density and POI density centers, displaying a “scattered overall, locally concentrated” pattern. ② A significant supply–demand mismatch in cold island effects was observed, with 19 units (accounting for approximately 40%) exhibiting insufficient supply relative to demand. These units were predominantly concentrated in areas with complex building environments, high population density, low vegetation coverage, and poor landscape connectivity.
Discussion and conclusions: Drawing on these results, the study established an interplay between supply and demand perspectives by applying the theory of locational entropy and proposed optimization strategy for urban parks in Wuhan, aiming to achieve “a match between supply and demand in cold islands” across varying equilibrium stages of the research units. Specific measures include: optimizing the scale and layout of existing parks, reserving green spaces for ecological restoration, strengthening the protection of blue-green ecological foundations, and establishing a blue-green cold island corridor network to enhance ecological connectivity. Our work extends the understanding of the cold island effect of urban parks, assisting urban planners in proposing more targeted and effective management strategy and measures to improve the urban thermal environment, thereby contributing to the creation of healthy, equitable, and sustainable cities.
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 supply and demand evaluation; cold island effect; urban parks; planning strategy; urban heat and cold islands


1 Introduction

In recent years, the global climate has exhibited significant fluctuations, leading to a rise in the frequency of extreme weather events, thereby posing formidable challenges to urban development and human survival. Of particular concern is the urban heat island problem, which has garnered widespread attention due to its strain on various aspects of the urban system, including urban construction space, urban ecology, and urban energy supply (1, 2). Meanwhile, the emergence of the urban heat island effect, characterized by elevated summer temperatures, has been found to be linked to increased greenhouse gas emissions, exacerbation of air pollution, and adverse effects on public health and living comfort (3, 4), which warn against sustainable urban development. As an essential part of the urban system, urban parks exhibit a noticeable cold island effect (5, 6). They play an essential role in maintaining ecosystems (7) and safeguarding residents’ physical and mental health by providing quality landscapes and activity spaces (8).

Extensive studies on the urban parks’ cold island effect home and abroad can be summarized as follows: ① Research on influencing factors from the perspective of cold island supply: Numerous studies have demonstrated that the cooling effects of parks are closely associated with their area and shape (9–11). Generally, larger parks with more compact shapes exhibit superior cooling effect. Additionally, the internal landscape composition of parks, including water bodies, green vegetation, etc., has been widely recognized as critical factors influencing cooling performance. Kong et al. highlighted that vegetation coverage is a primary factor affecting the intensity and distribution of cold islands, showing a significant positive correlation (12). However, Xie et al. found that water bodies contribute most significantly to the park cold island effect, while vegetation coverage shows no significant correlation with the average land surface temperature within parks (13). In cases where water body coverage is high, the cooling effect of vegetation may be attenuated due to the interactive influences of multiple variables on the cold island effect. Furthermore, the internal green space structure of parks also plays a role in mitigating the urban heat island effect, albeit with variations (14). Chen et al. suggested that tree-shrub-grass communities exhibit the most effective cooling performance (15), whereas Zhang et al. experimentally demonstrated that tree-grass-dominated green spaces achieve the greatest temperature reduction (16). These differences may stem from variations in vegetation types and their spatial configurations. However, the cooling effects of parks are not only influenced by their internal landscape features but also by surrounding environmental conditions such as impervious surfaces, building morphology, and composition (e.g., building density (BD) and building height (BH)) (17–19). Additionally, the cooling effects of urban parks are closely associated with the spatial aggregation of green spaces and resident visitation patterns. Research indicates that the intensity of the park cold island effect is significantly positively correlated with the average proximity of green spaces, i.e., the more concentrated the distribution of green spaces, the stronger the intensity of the cold islands (20). Simultaneously, the cooling effects are inversely proportional to the frequency and distance of park visits by residents (21). ② Research on residents’ physical and mental health from the perspective of cold island demand: Living close to recreation-friendly urban parks is conducive to improving residents’ physical fitness and self-rated health (22). Residents’ frequent use of parks can effectively reduce their risk of cardiovascular disease (23). Additionally, the park’s vegetation environment has a positive impact on people’s emotional recovery (24). Above all, existing research only discusses the influencing factors of the cold island effect in urban parks or explores the positive benefits on people’s physical and mental health. However, there are very few studies on alleviating the heat island effect from the perspective of urban cold and heat island supply–demand equilibrium. There is also a lack of research on park planning in spatial decision-making that considers human needs and insufficient comprehensive quantitative research on the integration of “demand subjects” (residents) and “supply subjects” (urban parks). This deficiency makes it challenging to formulate comprehensive solutions to address urban heat environment issues.

The relationship between supply and demand generally refers to the dynamic and relative relationship between production and consumption in the commodity market economy. Correspondingly, at the level of urban park systems, it denotes the equilibrium pursued between the cold island supply capacity of urban parks and the targeted needs of residents for living and production. In the context of high-quality development and the awakening of national health awareness, it is of significant theoretical and practical importance to quantitatively analyze the cool island effect of urban parks from the perspective of supply and demand in order to plan and utilize it reasonably to maximize its ecological service functions. This is crucial for mitigating the urban heat environment and promoting the construction of ecologically livable cities (25).

As a prototypical “furnace city,” Wuhan has faced increasingly prominent thermal environment problem issues in recent years due to the city’s rapid expansion and the sharp growth of its population. Therefore, this study focuses on the main urban area of Wuhan, where the urban heat island (UHI) effect is most pronounced. By integrating multi-source data and establishing a dual-perspective evaluation system from both supply and demand sides, the research aims to ① reveal the spatial distribution characteristics and patterns of the urban parks’ cold island effect from both supply and demand perspectives; ② analyze the degree of supply–demand matching for the cold islands of the urban parks and their spatial differentiation patterns; ③ propose targeted park planning optimization strategies based on the supply–demand matching results, providing scientific and reasonable suggestions to the construction sequence and optimization emphasis of the urban parks in a point-to-point way.



2 Materials and methods


2.1 Description of the study area

Situated in the eastern part of the Jianghan Plain, Wuhan (29°58′ ~ 31°22′N, 113°41′ ~ 115°05′E) is at the confluence of the Yangtze River and Han River. It serves as the capital city of Hubei Province and the core city of the city cluster in the middle reaches of the Yangtze River. The city covers an area of 8,494 km2 and includes 13 municipal districts, among which Jiang’an District, Jianghan District, Qiaokou District, Hanyang District, Wuchang District, Hongshan District, and Qingshan District are the main urban areas, with an area of 678km2. Characterized by a subtropical monsoon climate, Wuhan experiences an annual average temperature ranging from 15.8 to 17.5°C, with summer extreme temperatures reaching up to 41.3°C (26), creating significant thermal environment challenges. This paper selected 60 urban parks with an area of more than 3hm2 in the above-mentioned seven main urban areas as the research objects to conduct the supply and demand evaluation of the urban parks’ cold island effect in the main urban area of Wuhan (Figure 1).

[image: Map showing urban districts and main ring roads in a city, including Jiang'an, Jianghan, Qiaokou, Hanyang, Wuchang, Hongshan, and Qingshan. Urban parks and water systems are marked in green and blue. Boundaries and ring roads are highlighted with black and red outlines. A scale and legend are included.]

FIGURE 1
 Distribution of the urban parks with an area of more than 3hm2 in the main urban area of Wuhan.




2.2 Data sources and processing

The remote sensing data source in this paper is the Landsat 8 satellite image on 29 July 2018 with orbit number 123/39, obtained from the official website of the United States Geological Survey (USGS).1 The reasons for choosing this image are as follows: ① On this day, the maximum temperature reached 37°C, significantly intensifying the urban heat island effect and increasing residents’ demand for the cooling effects of urban parks. This provides a clearer reflection of the supply–demand relationship of urban parks’ cold island effects, particularly in identifying areas with supply–demand imbalances. ② The Landsat image for this day was cloud-free and of high quality, ensuring reliable analysis of land surface temperature and other parameters. ③ Studies show that under breezy conditions with little prior precipitation, air and land surface temperatures correlate more closely. Wuhan had no rainfall for 10 consecutive days prior to July 29, 2018, with a wind speed of force 2 (breezy) recorded on that day, further validating the suitability of this date for reliable thermal analysis.

The image data were processed through the remote sensing image processing software platform ENVI and the GIS (Geographic Information System) software platform ArcGIS 10.3. The urban vector data included the road network data of the main urban area of Wuhan,2 POI (Points of Interest) data,3 Chinese population spatial distribution raster data,4 and urban park data obtained from information released by Wuhan Municipal Landscape Gardens and Forestry Bureau, and 2018 Wuhan Statistical Yearbook and corresponding socio-economic statistics and so on.



2.3 Analytical workflow

Figure 2 illustrates the operational process of the model for evaluating the cold island effect of the urban parks from the perspective of supply and demand:① define the objectives and targets of the planning; ② conduct a comprehensive assessment of the current situation and problems by taking into account the resource base and regional status of the parks; ③ develop an index system from both the supply and demand perspectives; ④ formulate the evaluation process to presuppose the relationship between supply and demand; ⑤ determine optimization strategies for different supply–demand patterns; ⑥ plan for implementation and recycle this route for the next planning stage.

[image: Flowchart titled "Cold island effect supply and demand evaluation model of urban parks" with six steps: 1. Determine planning objectives and subjects. 2. Describe current issues and uncertainties. 3. Develop evaluation system for supply and demand. 4. Develop evaluation process with hypotheses. 5. Determine optimization strategies. 6. Monitoring and feedback. Includes pathways for re-evaluation and implementation promotion based on feedback results.]

FIGURE 2
 Logic diagram of the supply and demand evaluation model of the urban parks’ cold island effect.




2.4 Delineation of park service units

Traditional cold island effect measurements often rely on buffer analysis, but this method has two main limitations: first, it requires predefined buffer distances, leading to subjective results; second, it struggles to accurately reflect spatial competition between parks, particularly in complex urban environments with irregular park distributions. In contrast, Thiessen polygons automatically assign available space to the nearest point element based on spatial distance, without predefined parameters. It not only removes subjectivity but also more objectively reflects spatial competition between elements. Therefore, this study divided the city into several park cold island service areas centered on urban parks by constructing Thiessen polygons. Using these service areas as spatial units, the supply and demand of the urban parks’ cold island effect were evaluated and identified. Since the city park is a polygon element, the procedure involves several steps (Figure 3). The first step is to use the “Feature Vertices to Points” tool to convert the vertices of the polygon elements into point elements. Subsequently, the “Create Thiessen Polygons” tool is utilized, followed by the “Dissolve” tool to merge the Thiessen polygons with common fields, thereby accomplishing the creation of Thiessen polygons for polygon elements.

[image: Diagram illustrating the creation of Thiessen polygons. It begins with three geometric shapes labeled A, B, and C. Feature vertices are converted to points, forming adjacent shapes with labeled vertices A1, A2, A3, etc. Thiessen polygons are created, and then the diagram processes dissolve to produce a final arrangement with the polygons fitting together seamlessly around the original shapes.]

FIGURE 3
 Process of generating Thiessen polygons from polygon elements.


However, the urban spatial texture is complicated, thus lacking correspondence with the urban space in actual urban research. Hence, when delineating the park service units, the Thiessen polygons of geometrical significance was combined with the regulatory planning units taking into account the spatial fabric of the city to enhance the accuracy of research.



2.5 Evaluation model for park cold island supply


2.5.1 Evaluation index system construction from the supply perspective

The park cold island evaluation index system from the supply perspective mainly focuses on: ecological supply and social supply (Table 1). Among them, the core carrier of ecological supply is blue-green spaces, which refer to a spatial system composed of various types of water bodies, wetlands, green spaces, and other open areas (27, 28). As an essential component of urban ecosystems, blue-green spaces not only provide critical ecological services to urban residents but also significantly reduce local temperatures and create cold island effects through mechanisms such as evapotranspiration, shading effects, and water body cooling (29–31). These mechanisms play a key role in regulating urban climate and mitigating thermal environments (28). Based on this, this study focuses on three types of blue-green spaces with significant cold island effects: the park itself, vegetation, and water bodies (32, 33). Their scale and quality are crucial indicators for measuring the supply capacity of park cold islands (34, 35). Social supply can be further subdivided into access methods and per capita availability. There are two ways in which the cold island effect of urban parks is transmitted to the users, one is directly through the air, and the other requires the users to arrive within the radiation range of the park’s cold island. Given the limited spatial extent of urban parks, the per capita park area accessible to residents within its service range and the park’s accessibility have become significant factors that cannot be ignored when evaluating the supply capacity of the cool island effect (36).



TABLE 1 Evaluation index system of the park cold island effect from the supply perspective.
[image: A table showing ecological and social supply categories for parks. It includes functional carriers, evaluation indices, abbreviations/units, and definitions. Ecological supply covers park size, water size, and vegetation cover. Social supply involves accessibility and per capita park size, with corresponding metrics and definitions.]



2.5.2 Calculation of evaluation indicators from the supply perspective


2.5.2.1 Fractional vegetation cover

The downloaded Landsat 8 series images were loaded into ENVI (The Environment for Visualizing Images) for initial processing, including radiometric calibration, FLAASH atmospheric correction, image fusion, stitching, and cropping. The fractional vegetation cover (FVC) of the study area was calculated using the pixel dichotomy model. This model assumes that each pixel’s surface consists of two components: vegetated and non-vegetated areas. The FVC value for a pixel is defined as the proportion of its area covered by vegetation. The formula is as follows:

[image: The image shows a mathematical equation for calculating fractional vegetation cover (FVC). It is defined as the normalized difference vegetation index (NDVI) minus the soil NDVI, divided by the vegetation NDVI minus the soil NDVI.]

In Equation 1, [image: Mathematical notation displaying "NDVI" with a subscript "s".] represents the NDVI value of bare soil pixels, and [image: Mathematical expression showing the variable "NDVI" with a subscript "v".] represents the NDVI value of pure vegetation pixels. The upper and lower thresholds of NDVI were selected at a 5% confidence level, and the NDVI values within the threshold range were averaged to obtain [image: Text displaying "NDVI" with a subscript "s" in italic font.] and [image: The image shows the mathematical symbol for NDVI subscript V, indicating a specific variant or version of the Normalized Difference Vegetation Index.].



2.5.2.2 Accessibility

The two-step floating catchment area method (2SFCA) was applied to calculate the accessibility within the study area, with city parks as the supply side and residents of residential quarters as the demand side. The traditional 2SFCA ignores the importance of distance --the urban parks’ cold island supply capacity weakens as users move further away from them (37). Consequently, a Gaussian function is introduced as the distance attenuation function for 2SFCA. The Gaussian two-step floating catchment area approach (Ga2SFCA) incorporates distance as a factor in its reachability calculation, hence enhancing the realism of the results (38). The search radius [image: It seems there was an issue with uploading or displaying the image. Please try uploading the image again, and I will assist you with the alternate text.] calculated in this study based on the 15-min living circle definition of accessibility was 1 km. The formulas are as follows:

[image: Equation showing \( R_j = \frac{S_j}{\sum_{i}^{m} D_i \times G(d_{ij})} \) labelled as (2).]

[image: Mathematical expression for \( G(d_{ij}) \). It is defined as \(\frac{\frac{1}{2} \left(\frac{d_{ij}}{d_0}\right)^2 - \frac{1}{2}}{e^{\frac{1}{2}} - e^{\frac{1}{2}}} \), where \( d_{ij} \leq d_0 \). Equation number three.]

[image: Mathematical equation: \( A_i = \sum_{j}^{n} R_j \times G(d_{ij}) \), labeled as equation (4).]

In Equation 2, [image: Mathematical notation showing the letter "R" with the subscript "j".] is the per capita park size (m2/person) for the potential demanders within the search range [image: It seems there was an error with your image upload. Please try uploading the image again, and I would be happy to help generate the alternate text for it.] of the urban park; i is the residential quarters within the search radius [image: It seems there was an error in uploading the image. Please try uploading the image again, and I will help generate the alt text for you.]; j is the city park; m is the number of the residential quarters within the search distance [image: It seems like there was an error with the image upload. Please try uploading the image again so I can help generate the alternate text for it.]; [image: It seems there might have been an error with your request. Please upload the image or provide a URL, and I will be happy to help create the alt text for you.] is the number of the inhabitants in the residential quarter i (person); [image: The image shows the mathematical expression \(d_{ij}\), where "d" is in lowercase, and "ij" are in subscript, typically representing an element in a distance matrix or other indexed data.] is the distance between the centroid of the residential quarter i and the boundary of the city park j; [image: Mathematical notation of the letter "S" with the subscript "j".] is the size of the park j (m2).

Equation 3 is the distance decay function – the Gaussian function.

In Equation 4, [image: It seems like the image wasn't uploaded. Could you please try again? You can upload the image file directly here or provide a URL link to it. If there's additional context, feel free to add that too!] is the accessibility of the residential quarter i (m2/person); n is the number of the urban parks j within the search radius [image: It appears there is no image to analyze. Please upload the image or provide a URL for me to generate the alt text.]; [image: Mathematical notation showing the letter "R" with a subscript "j" in italics.] is the per capita park size of the demander within [image: It seems there's an issue with the image upload or link. Please try uploading the image again or provide a URL. You can also add a caption for additional context.] as required by Equation 2.



2.5.2.3 Per capita park size

The number of people in demand within the park service unit is filled, i.e., the number of people living within the park’s service area is summed up and used as the basis for calculating the per capita area of the corresponding park, to measure the per capita provisioning capacity allocated to the park in the spatial layout planning process. The formula for this calculation is as follows:

[image: Equation showing \( perS_k = \frac{S_j}{\sum_{t}^{e} P_t} \).]

In Equation 5, k is the urban park service unit k; [image: The image shows the mathematical expression "per S subscript k."] is the per capita park size within the park service unit k; j is the urban park within the service unit k; [image: The image displays the mathematical symbol "S" with a subscript "j".] is the size of the park j (m2); t is the residential quarter within the park service unit k; e is the total number of the residential quarters within the park service unit k; and [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the number of the inhabitants in the residential quarter t (person).




2.5.3 Park cold island supply index calculation

The comprehensive cold island supply index was determined based on six key factors: the dominant park area within the service unit (parkS), vegetation cover within the park (FVC), water area (wS), per capita park size within the service unit (perS), accessibility (A) and each index’s weight calculated using the subjective-objective composite weighting method. To enhance the accuracy of the weighting process, this study employed a combined weighting method that integrates the subjective Analytic Hierarchy Process (AHP) and the objective entropy weight method, thereby addressing the limitations of relying on a single weighting approach. Specifically, the AHP method was used to calculate subjective weights, while the entropy weight method was applied to determine objective weights. The final combined weights were derived based on the principle of minimum information entropy (39). Based on the weights and scores of the five indicators (Table 2), the park cold island supply index was obtained by weighted summation in Arcgis10.3 using the raster calculation tool. The calculation formulas are as follows:

[image: Mathematical equation showing \( SW_n = \frac{\sqrt{SW_{\alpha n} \cdot SW_{\beta n}}}{\sum_{n=1}^{5} \sqrt{SW_{\alpha n} \cdot SW_{\beta n}}} \), labeled as equation six.]

[image: Mathematical formula representing a sum: \( SIk = \sum_{n=1}^{m} Sn \times SWn \), with conditions \( n = 1, 2, \ldots, 5 \) and \( k = 1, 2, \ldots, 48 \). Number in parentheses indicates equation seven.]



TABLE 2 Combined subjective and objective weighs from the supply perspective.
[image: Table illustrating weights for different park features: park size, water size, fractional vegetation cover, per capita park size, and accessibility. Weights are categorized into subjective, objective, and combined types.]

In Equations 6 and 7, [image: The expression "SW" followed by a subscript "n" in italicized font, indicating a mathematical or scientific notation.] is the comprehensive weight of the nth supply indicator, [image: Text displaying "SW" with subscript "an" in a stylized font.] denotes its subjective weight, and [image: Mathematical notation showing "SW" with a subscript of "βn".] signifies its objective weight; SIk is the park cold island supply index of the unit k, and there are 48 park service units, numbered from 1 to 48; [image: Mathematical notation showing the symbol "S" with a subscript "n".] is the nth park cold island supply capacity index; n is a natural number from 1 to 5.




2.6 Evaluation model for residents’ cold island demand


2.6.1 Construction of evaluation index system from the demand perspective

The construction of the park cold island evaluation index system (Table 3) from the demand perspective is based on the multi-level needs of urban residents, specifically including the following two aspects: ① At the physiological demand level, the focus lies on residents’ physiological health conditions and their correlation with the thermal environment. With the frequent occurrence of global high-temperature weather, urban residents face an increased risk of heat-related illnesses, cardiovascular and cerebrovascular diseases, respiratory diseases, and other health hazards (40, 41). Research has demonstrated that land surface temperature (LST) directly influences human thermal comfort and serves as a critical indicator of the urban thermal environment (42), while the spatial extent of heat island patches identifies the scale of impacted areas and pinpoints regions requiring targeted mitigation efforts (43). Therefore, land surface temperature and heat island patch size have been selected as key indicators to intuitively reveal the presence and distribution of thermal environmental risks. The higher the thermal environmental risk, the more urgent residents’ demand for park cold islands becomes. ② The psychological needs dimension focuses both on the potential impact of the hot environment on residents’ mental health and on the environmental justice issues. Studies have shown that prolonged exposure to hot environments may lead to psychological stress (44) and negative emotions among residents, which in turn reduces their life satisfaction (45). At the same time, it is emphasized that every individual should enjoy equal access to high-quality park cold island services (46, 47). The essence of spatial equity in urban parks lies in the rational allocation of space, and although the total amount of park cold island services is determined by the supply side, the quality of cold island services available per capita is influenced by the number of demanders on the demand side. For this reason, population density and POI density are introduced as key indicators for assessing exposure. Among them, the density of resident population reflects the local static demand dominated by the residential function (48); while POI (Points of Interest), as an important characterization of the functional nodes of the city, the degree of aggregation directly reflects the intensity of human activities, i.e., the nonlocal dynamic demand (49, 50).



TABLE 3 Evaluation index system of the park cold island effect from the demand perspective.
[image: Table with four columns: Demand Categorization, Evaluation Index, Abbreviation/Unit, and Definition. Under Physiological Requirement, Heat Island Patch Size is hiS/hm², defined as the area of clustered heat island patches, and Land Surface Temperature is LST/°C, defined as land surface temperature from remote sensing image inversion. Under Mental Requirement, Population Density is PD/(person/km²), defined as residential population per square kilometer, and POI Kernel Density is PoiKD, defined as the agglomeration of POI in urban spatial distribution.]



2.6.2 Calculation of evaluation indicators from the demand perspective


2.6.2.1 Population density

Regions with high population density suggest a more extensive and intensive number of users, implying a higher demand for cold islands. Through the population raster data obtained from WorldPop, the population density distribution of the computational units within the study area was acquired with the following formula.

[image: Equation showing \( PD_k = \frac{P_k}{S_k} \), labeled as equation (8).]

In Equation 8, k is the urban park service unit k; [image: The image contains the mathematical expression "PD subscript k" in italic font, representing a variable or parameter with a subscript notation.] is the per capita park size of the park service unit k; [image: Mathematical notation showing the symbol "S" with a subscript "k".] is the size of the park service unit k (km2); and [image: A small mathematical expression with the letter P and a subscript k.] is the total number of people living in the service unit k (person).



2.6.2.2 POI kernel density

The kernel density of POI (Points of Interest) can characterize urban social activity levels. Regions with high POI kernel density suggest that residents engage in social activities more frequently and actively there, implying a higher demand index. Initially, the captured POI data underwent a cleaning and filtering process. Subsequently, the data coordinates were characterized as the GCS_WGS_1984 coordinate system and projected for the subsequent calculation and analysis. Then, the “Kernel Density” tool within the ArcGIS software was employed to calculate the kernel density of points of interest. The calculation of the kernel density of points in space is given in Equation 9:

[image: Kernel density estimator formula showing \( f_n(x) = \frac{1}{nR} \sum_{{i=1}}^{n} K \left( \frac{x-x_i}{R} \right) \).]

In Equation 9, n is the number of point samples; R is the radius of the search window; [image: The image shows a mathematical expression: \( K \left( \frac{x - x_i}{R} \right) \).] is the kernel function.



2.6.2.3 Land surface temperature

Evidently, LST (Land Surface Temperature) is an essential index in the study of urban heat island effect. Especially with the gradual application of remote sensing data, various algorithms, including split-window, single-channel, and single-window algorithms, have become the most commonly used LST retrieval algorithms (51). Compared with the traditional radiative transfer equation, the single-channel algorithm has several benefits including a straightforward model, enhanced computational efficiency, and fewer required parameters. Hence, this paper chose the single-channel algorithm to calculate the land surface temperature using the following equations, ultimately yielding the land surface temperature (LST) raster image:

[image: Equation showing tau is equal to epsilon times tau subscript followed by a comma and the number ten in parentheses.]

[image: Equation showing \( D = (1 - \varepsilon) \left[ 1 + (1 - \varepsilon) \tau \right] \), labeled as equation 11.]

[image: Equation for land surface temperature (LST): LST equals the fraction with numerator: a multiplied by (1 minus C minus D) plus the bracket term containing b multiplied by (1 minus C minus D) plus C plus D, close bracket, multiplied by Tb, plus D times Ta. Denominator is C.]

In Equations 10–12, [image: Mathematical symbol epsilon, a lowercase Greek letter resembling a looped figure-eight.] is the land surface emissivity; [image: A stylized lowercase Greek letter tau, typically used in mathematical or scientific contexts.] is the atmospheric transmittance and can be queried on the NASA official website for the corresponding region; [image: It seems there was an issue with the image upload. Please try uploading the image again or provide more details or context so I can assist you better.] and [image: Please upload the image or provide a URL for me to generate the alt text.] can be calculated.



2.6.2.4 Heat island patch size

The mean-standard deviation method was applied to classify the surface temperature obtained from the inversion (Table 4). Then, the heat island patches were extracted and subsequently quantified in terms of their respective actual sizes with the following formula. Due to the difference in patch sizes and the discontinuous nature of these values, the assignment of values for the real size of heat island patches was conducted to ensure the validity of data calculations. The specific assignment criteria are shown in Table 5.

[image: Equation showing \( hiS_k = \sum_{h}^{a} I_h \), labeled as equation 13.]



TABLE 4 Classification of the land surface temperature.
[image: Table illustrating land surface temperature ranges for different zones: Cold Island Zone (23.5°C < T ≤ 31.2°C), Central Temperature Zone (31.2°C < T ≤ 35.5°C), and Heat Island Zone (35.5°C < T ≤ 56.1°C).]



TABLE 5 Criteria for assigning heat island patch size.
[image: Table titled "Score I" showing actual size of heat island patch in hectares. Columns: 0 (S=0), 2 (0<S≤5), 4 (5<S≤10), 6 (10<S≤50), 8 (50<S≤100), 10 (S>100).]

In Equation 13, [image: The expression "hi" followed by a capital "S" and a subscript "k" in italic font.] is the heat island patch score for the park service unit k; k is the urban park service unit k; h is the heat island patch within the service unit k; [image: Equation showing "I" subscript "h".] is the size-assigned score for the heat island patch h; and a is the total number of the heat island patches within the service unit k.




2.6.3 Residential cold island demand index calculation

Following the same method as described in section 2.5.3, the park cool island demand index was calculated using the following formula, based on the weights and scores of the four demand indicators (Table 6).

[image: Mathematical equation for \( DW_n \): \( DW_n = \frac{\sqrt{DW_{an} \times DW_{\beta n}}}{\sum_{n-1}^{4} \sqrt{DW_{an} \times DW_{\beta n}}} \) with reference number (14).]

[image: Mathematical formula: \( DI_k = \sum_{n=1}^{m} D_n \times DW_n \), with conditions \( n = 1, 2, \ldots, 4 \) and \( k = 1, 2, \ldots, 48 \). Labeled as equation (15).]



TABLE 6 Combined subjective and objective weighs from the demand perspective.
[image: A table presenting weights for four factors: Land Surface Temperature (LST), Heat Island Patch Size (hiS), Point of Interest Kernel Density (PoiKD), and Population Density (PD). Subjective weights are 0.48, 0.29, 0.08, and 0.15, respectively. Objective weights are 0.24, 0.26, 0.24, and 0.26. The subject-objective combination weights are 0.35, 0.29, 0.15, and 0.21.]

In Equations 14 and 15, [image: Stylized text showing "DW" with a subscript "n".] is the comprehensive weight of the nth demand indicator, [image: The expression shows "DW" followed by the subscript "an" in italic font.] denotes its subjective weight, and [image: The mathematical expression consists of "DW" followed by a subscript "βn".] signifies its objective weight; [image: Mathematical notation showing "DI" followed by the subscript "k".] is the residential cold island demand index of the unit k, and there are 48 park service units, numbered from 1 to 48; [image: A mathematical expression showing the letter "D" followed by a subscript "n".] is the nth residential cold island demand index; n is a natural number from 1 to 4.




2.7 Identification and evaluation of supply and demand balance relationship of cold islands in urban parks

The interaction between supply and demand perspectives means the superposition, differentiation, and comparison of supply capacity and demand targets in the regional space. To achieve this, this paper introduces the location entropy used to measure and evaluate the state of spatial distribution characteristics of factors within a given region, as a path to establish the relationship:

[image: The formula represents a location quotient, \( LQ_k = (SI_k / DI_k) / (SI / DI) \), labeled as equation (16).]

In Equation 16, [image: Mathematical notation displaying "SI" with a subscript "k".] is the park cold island supply index for the region k, [image: Mathematical notation representing "DI" with a subscript "k".] is the residents’ cold island demand index for the region k, [image: The image shows the letters "SI" in a serif font style, italicized and bold.] is the average supply index for the cold island effect within the study area, and [image: It seems there is an issue with the image upload. Please try uploading the image again. You can also provide a caption or context if needed.] is the average demand index for the cold island effect within the study area.

The values of [image: Mathematical expression showing "LQ" with a subscript "k."] are discussed in terms of mean-standard deviation (A is the mean value of [image: Mathematical expression with italicized letters L, Q, and subscript k.] in the study area, while sd is the standard deviation of [image: Mathematical expression showing "L" followed by subscript "Q" with further subscript "k".]), from which three kinds of relative relationships between supply and demand can be obtained:

If the value of [image: Mathematical expression with the letters "L" and "Qk" in subscript format.] is less than A-0.5sd, it indicates an unsatisfied demand in the region, implying that the supply is insufficient compared to the demand. Conversely, if [image: The expression "LQ subscript k" is shown, featuring a capital letter L and Q, with the letter k as a subscript.] exceeds A + 0.5sd, it suggests a relatively sufficient supply in the region, indicating that the supply exceeds the demand. In the case where [image: Mathematical notation showing the symbol "LQ" with a subscript "k."] falls within the range of A-0.5sd to A + 0.5sd, it signifies the supply and demand capacity ratio of the cold island effect in the region is within a specific range, meaning a state of “relative balance.”




3 Results


3.1 Delineation of park service units

According to the method of 2.4, the 60 urban parks in the main urban area of Wuhan got 48 park service units. The spatial distribution map of these park service units (Figure 4) reveals that the size of service units gradually increases from the core of the study area (within the first ring road) to its outskirts (the third ring road). The urban parks in the central area along the riverbanks were mostly embedded in the urban space in the way of “small areas with multiple dots,” resulting in smaller overall service units. In the suburbs, larger patches of parkland existed, yet there were also instances where the area of the service unit was large despite the dominant urban park within it being very small, such as in the Guanshan Unit, South Lake Unit, Yunhu Unit, and Houhu Unit. The information for park service units can be queried from Supplementary Table 1.

[image: Map of an urban area divided into numbered sections. Green areas represent urban parks, and striped areas indicate urban park service units. A waterway runs through the center. The legend includes symbols for urban water systems, urban parks, and park service units. A scale in miles and a north arrow are at the top left.]

FIGURE 4
 Spatial distribution of the urban park service units in the main urban area of Wuhan; The numbers 1–48 represent the park service unit number.




3.2 Evaluation of the park cold island supply capacity from the supply perspective


3.2.1 Visual analysis of park cold island supply


3.2.1.1 Fractional vegetation cover

The raster image of vegetation cover in the study area (Figure 5) shows that the region’s global average vegetation coverage is 0.44, with a general gradual increase in the vegetation coverage from the center to the periphery, which is significantly higher on the eastern side of the study area than in the rest of the region. Several water bodies in the main urban area were with high vegetation coverage, and the “blue space” and “green space” could be effectively connected through vegetation. The East Lake Scenic Area was the area with the most extensive area of high vegetation coverage in the main urban area, while Hankou River Beach Park, Turtle Mountain Scenic Area, etc., all had a discernible concentration of clusters with high vegetation coverage.

[image: Map of an urban area showing districts such as Jianghan and Wuchang. Roads, urban park service units, and water systems are marked. Vegetation coverage is color-coded: low (white), medium-low (light green), medium (green), and high (dark green). Legend and scale included.]

FIGURE 5
 Spatial distribution of the vegetation coverage in the main urban area of Wuhan.




3.2.1.2 Accessibility

The accessibility distribution map of each park service unit (Figure 6) shows that, in general, the accessibility in the eastern region of the Yangtze River is significantly better than the western region. According to the “Series of Standards for National Garden Cities” (after this referred to as “the Standards”), the basic indicator for per capita public green space in Wuhan is 7.5 m2. The “Wuhan Main Urban Area Green Space System Plan (2011–2020)” (after this referred to as “the Plan”) proposes that by 2020, the planned indicator for per capita park green space in the urban core of Wuhan should reach 16.8 m2. In 2018, there were 10 park service units within the main urban area of Wuhan that met the standard requirements of “the Plan.” These parks were mainly located in Wuchang and Hongshan Districts, with the Shahu Park and the East Lake Scenic Area assuming the leading roles. Seven service units met the requirements of the “the Standards” but were lower than those of “the Plan.” These units were primarily situated in the northeastern tip of the study area. The distribution of a larger number of urban parks of a certain size and with fewer inhabitants are the main reasons for their exceptional accessibility.

[image: Map of a city's districts showing mean accessibility values. Jiang'an, Qiaokou, Hanyang, Wuchang, Hongshan, and Qingshan districts are marked. Color coding represents accessibility: yellow (low) to dark green (high). Includes urban water systems and ring roads.]

FIGURE 6
 Spatial distribution of the park accessibility in the main urban area of Wuhan.




3.2.1.3 Per capita park size

Figure 7 shows the distribution pattern of per capita park size in the study area. East Lake Scenic Area, Yangchun Lake, Qingshan Park, White Jade Park, and Bamboo Leaf Sea units had high per capita park areas, all of which reached 32.03 m2 or more. There were 25 service units with per capita park area lower than 1.87 m2, accounting for 52.08% of the total number of service units. The results indicate that some parts of the city experience an overwhelmed park supply capacity, resulting in a shortage in per capita park size. Hence, many residents in these underserved area still lack access to parks (52).

[image: Map of an urban area with districts outlined by ring roads. Areas are color-coded by per capita park size, ranging from light yellow (0.16-1.87 m²) to dark brown (32.03-67.83 m²). Districts include Jiang'an, Qiaokou, Hanyang, Wuchang, Hongshan, and Qingshan. Legend indicates ring roads, urban water systems, and park service units.]

FIGURE 7
 Per capita park size in each park service unit in the main urban area of Wuhan.





3.2.2 Overall characterization of the park cold island supply capacity

The calculated park cold island supply index SI was assigned to the corresponding spatial location. Then the spatial distribution map of the cold island supply capacity of urban parks in the main urban area of Wuhan was obtained (Figure 8A). By analyzing the map, the following characteristics were presented: ① The supply index of various units within the study area ranges from 0.05 to 0.69, demonstrating significant spatial heterogeneity. High-supply-capacity units are primarily concentrated around urban water systems, with the East Lake Scenic Area unit exhibiting the highest supply index, ranging from 0.53 to 0.69. In contrast, low-value areas are predominantly located in regions with lower vegetation coverage, such as the New District Park unit, South Lake unit, Houhu unit, and Zhuodaoquan Park unit within the second-third ring road of the study area, where the supply index is only 0.05–0.19. ② Furthermore, the average supply capacity of cold islands across different layers ranges from 0.32 to 0.36, indicating relatively minor overall variation (as shown in Figure 8B). The highest average cooling island supply capacity is observed within the first ring, followed by a gradual decrease and subsequent increase as the ring layers expand. Within the first-second ring road, the development and construction intensity are high, resulting in limited available space for park construction. Consequently, the cold island supply capacity is lower than that of other rings. Inside the second-third ring road are large areal lakes and parks, such as East Lake Scenic Area, Moon Lake Scenic Area, Wuhan Zoo, Ink Lake, etc. Despite that the intensity of urban construction is similar to that of the second ring road, a relatively high cold island supply is still maintained. Outside the third ring road, because of its proximity to the city’s outskirts, the intensity of development is diminishing. Consequently, there is more space to maintain its natural ecology in its original state, and the supply capacity of cold islands has been improved compared with that of the second ring road.

[image: Two maps labeled A and B show urban planning supply levels in a city. Both maps include ring roads, an urban water system, and park service units. Shades of green indicate varying planning supply levels. Map A displays detailed urban sections numbered 1 to 39. Map B highlights broader areas with contrasting levels of planning supply indicators. Legends explain color coding, with map A ranging from 0.05 to 0.69 and map B from 0.32 to 0.36.]

FIGURE 8
 (A) Spatial distribution of the cold island supply capacity; (B) The cold island supply capacity within each ring road in the study area.


The findings of this study corroborate existing research on the critical role of water bodies in amplifying park cooling effects, as high-supply units typically feature a higher proportion of internal or adjacent water bodies. Notably, water bodies exhibit higher cooling intensity and magnitude compared to tree-dominated green spaces (53–55), particularly when exceeding 30% coverage within parks (28, 56). Furthermore, the synergistic interaction of blue-green spaces enhances cooling ranges and spatial impacts: water bodies improve thermal convection efficiency, while vegetation regulates radiative balance through shading and air circulation, collectively accelerating urban convection systems to establish localized cooling zones that surpass the performance of isolated landscape elements (57, 58). These mechanisms align precisely with the observed spatial distribution patterns, solidifying the robustness of our conclusions.




3.3 Evaluation of the residential cold island demand index from the demand perspective


3.3.1 Visual analysis of residential cold island demand


3.3.1.1 Population density

Figure 9 illustrates that the population density in the main urban area of Wuhan shows an overall trend of decreasing distribution with the Yangtze River serving as the central axis extending to the east and west wings. There were 8 high population density areas (PD > 8,000 people/km2), accounting for 16.67% of the total number of service units. These areas were mainly distributed in service units such as Yellow Crane Tower, Neisha Lake, Turtle Mountain Scenic Area, Zhongshan Park, Qiaokou Park, and Treasure Island Park, located at the confluence of the Yangtze River and the Han River. There were 10 low-value zones (PD < 2,861 people/km2), accounting for 20.83% of the total number of service units. These zones were concentrated in the northeastern, northwestern, and southwestern parts of the region, including Qingshan Park, White Jade Park, Yangchun Lake Park, Dijiao Park, Tang Lake Park, and other service units.

[image: Map of urban population density across several districts, each shaded from light to dark orange to indicate increasing density. Districts include Jiang'an, Qiaokou, Hanyang, Wuchang, Qingshan, Hangyan, and Hongshang. The water system is highlighted, alongside ring roads. A legend explains the color coding for density levels.]

FIGURE 9
 Population density distribution in the main urban area of Wuhan.




3.3.1.2 POI kernel density

The kernel density of social activity POIs exhibited a geographical distribution pattern that aligned with the kernel density of the population (Figure 10). Within the first ring road is the core area of urban activities, and the POI density gradually decreased from the first ring road to the outside. The high-value areas (PoiKD >880) were mainly located in service units such as Zhongshan Park, Minor South Lake Park, Yellow Crane Tower, and Simei Tang Park along the banks of the river in the central region, as well as in the service units such as Guanshan Park, Ziyang Park, and Hongshan Park in the eastern Hongshan District. While the low-value areas (PoiKD <98) were centrally located in the outer part of the study area in the service units of White Jade Park, Yangchun Lake Park, Tang Lake, and Dijiao Park.

[image: Map of urban districts with POI density in shades of pink. Areas include Jiang'an, Jianghan, Qiaokou, Hanyang, Wuchang, Hongshan, and Qingshan. Three ring roads are outlined. A legend indicates POI density values and urban features.]

FIGURE 10
 POI kernel density in the main urban area of Wuhan.




3.3.1.3 Land surface temperature

The results of land surface temperature retrieval indicated that the land surface temperature in the main urban area of Wuhan ranged from 23.5°C to 56.1°, highlighting a significant temperature difference within the region (Table 4). The cold and heat islands in the study area exhibited a mosaic distribution pattern, with the cold island space mostly showing point and line distribution, while the heat island space shows a large and widely distributed pattern (Figure 11). Specifically, units adjacent to water bodies or containing large water areas have lower average temperatures, such as East Lake Scenic Area, the Yangtze River, Han River, South Prince Edward Lake, Longyang Lake, and Ink Lake, suggesting that large water bodies have a significant mitigating effect on high-temperature environments. The average temperatures within park service units at the northeastern and southeastern ends of the study area were higher, indicating a high risk of thermal environment and a high demand for cold islands among residents.

[image: Map showing land surface temperature zones in a city, divided into districts and marked by ring roads. Colors range from blue (cold zones) to red (heat zones), with a legend indicating temperature categories and boundaries.]

FIGURE 11
 Inversion of land surface temperature in the main urban area of Wuhan.




3.3.1.4 Heat island patch size

The score distribution map of heat island patches was obtained by counting the size of each heat island patch within each park service unit and assigning the corresponding value (Figure 12). The unit with the highest heat island patch score was No. 40 East Lake Scenic Area unit, with 24.6% of the range covered by heat islands. Among it, the largest heat island patch had a size of about 1,100 hm2, located in the East Lake High-tech Development Zone (Optics Valley). It suggests that the cold island effect of the East Lake Scenic Area exerts a limited influence, while the active development of the high-tech zone also generates significant heat. The unit with the highest percentage of heat island coverage was the No. 20 Chuwangtai unit, at 83.8 percent. As the unit is located along Baishazhou Avenue, the development intensity is high. This unit faces a challenge in terms of the scarcity of expansive, environmentally sustainable parks and green spaces within its boundaries. Consequently, it encounters difficulties in mitigating the effects of the urban heat island phenomenon, particularly during the summer season.

[image: Map of an urban area showing multiple districts, including Qiaokou, Hanyang, and Wuchang. It highlights ring roads and urban water systems. The color gradient indicates heat island patch values, ranging from eight to two hundred thirty-four. A legend explains the symbols and colors used.]

FIGURE 12
 Spatial distribution of assigned values for heat island patches in the main urban area of Wuhan.





3.3.2 Overall characterization of the residential cold island demand index

The calculated residents’ cold island demand index DI was assigned to the corresponding spatial location. Then the spatial distribution map of the residents’ cold island demand index in urban park units in the main urban area of Wuhan was obtained (Figure 13A). The darker the color of the unit color block, the stronger the demand for cold islands for residents. The following characteristics were presented: ① The demand level for cold islands in urban parks within the main urban area of Wuhan exhibits a spatial distribution characterized by “scattered across the entire region with localized concentrations.” The high-demand units match with the center of distribution of population density and POI density. Seven units, including Ziyang Park Unit, Hongshan Park Unit, Chuwangtai Unit, Hongshan Square Unit, Rhyme Lake Unit, Wangjiadun Unit, and Zhongshan Park Unit, had residential demand indexes ranging from 0.44 to 0.54, indicating a higher level of urgency in terms of resident demand. ② The average demand index is spatially linked to the first, second, and third ring circles of the main urban area of Wuhan (Figure 13B). The demand values of each circle decreased from the core area outwards. This suggests that in general, the demand-side indicators have a certain correlation with the intensity of urban development and construction. Furthermore, the first ring of Wuhan’s main urban area carries more functions of urban activities and attracts a large number of people to gather, resulting in elevated cooling island demand.

[image: Two maps illustrate urban areas with color-coded demand levels. Map A highlights resident demand levels with varying intensities, roads, water systems, and parks. Map B shows average demand levels with fewer subdivisions. Both maps use shades of red to indicate demand intensity, with legends for clarity.]

FIGURE 13
 (A) Spatial distribution of the cold island demand index; (B) The cold island demand capacity within each ring road in the study area.


This finding aligns with Xin Ruhong et al.’s research on urban thermal regulation service demand, where communities with higher resident population density and POI density tend to face higher thermal environment risks, and thus have a higher level of cold island demand (59). The spatial distribution of population density and POI density, as an indirect characterization of the intensity of socio-economic activities, is closely related to the level of cold island demand. Studies have shown that anthropogenic heat generated by high-intensity socio-economic activities significantly raises surface and air temperatures in the region and surrounding (60). In areas with high urban development intensity, on the one hand, the rise in the proportion of impervious surfaces leads to a reduction in heat capacity, exacerbating the heat island effect and elevating the surface base temperature (61–63); on the other hand, dense high-rise buildings seriously impede air circulation and inhibit the spread of the cold island effect (64, 65). Therefore, the correlation mechanism between urban development intensity and the level of cold island demand is mainly reflected in the expansion of impervious surfaces and the deterioration of ventilation conditions, which provides scientific support for the regulation of urban thermal environment and the optimization of park planning.




3.4 Identification and evaluation of supply and demand balance relationship of cold islands in urban parks

From the park cold island supply indicator (SI) and resident cold island demand indicator (DI) of the 48 park service units in the study area, the location entropy theory was introduced to evaluate the level of balance between supply and demand. The spatial distribution map of the cold island effect supply and demand was obtained by connecting the supply and demand relationship with the spatial location of the units (Figure 14A).

[image: Three maps showing urban park service units and supply-demand balance within a city area. Map (A) uses color shading to indicate varying levels of supply compared to demand, with a range from less than demand to exceeding demand. Map (B) highlights urban water systems and areas with social supply shortages in orange. Map (C) shows ecological supply shortages in red, overlaying the urban water system. Each map includes a legend for reference and contains labeled districts and ring roads.]

FIGURE 14
 (A) Spatial distribution of the supply–demand relationship of cold island effect in the main urban area of Wuhan; (B) Spatial distribution of the social supply-shortage type units; (C) Spatial distribution of the ecological service-shortage type units.



3.4.1 Supply and demand I: less supply but more demand

There are 19 units in total, showing a spatially clustered distribution in the study area, belonging to regions with high residential density and lacking vegetation cover. Two types are analyzed: the social supply-shortage type (Figure 14B) and the ecological service-shortage type (Figure 14C).

Social supply-shortage type (9 units): The main manifestations of this type lie in the residents’ impeded access to the cold island effect, the excessive people cold island supply of urban parks carries, and the not sufficiently complementary built environment around the dominant parks in the unit to the cold island supply. These regions are in the middle of Qiaokou District, Jianghan District, and Jiang’an District. The confluence of the Yangtze River and the Han River has facilitated the gradual development of this area into the commercial and financial center of Wuhan, and a heavily populated zone in the main urban area, which mainly explains its high social demand value. Simultaneously, the existing neighborhoods exhibit a high level of density, resulting in “numerous but small parks” in the region, hence presenting the overloaded supply capacity phenomenon.

Ecological service-shortage type (10 units): The cold island supply of urban parks within the units is insufficient to mitigate the summer heat and the heat island effect caused by urbanization, resulting in extreme heat. Additionally, the continuous distribution of high-temperature heat island patches in some units exacerbates the negative impacts of the heat island effect. These regions are located in Hongshan District and Wuchang District, which include rapidly developing zones such as the East Lake High-Tech Development Zone, Hongshan Square, Zhongnan Road Business District, and Optics Valley University Town. The parks in these units are small and dispersed, resulting in a very weak cooling effect on land surface temperature. Although adjacent to three water bodies-East Lake, South Lake, and the Yangtze River, the connectivity among them is weak, resulting in inadequate dispersion of the cold island effect. This demonstrates that, in addition to park size, landscape connectivity is also a critical factor influencing cold island supply. This finding aligns with previous research, confirming that the mosaic distribution of cold and heat islands and the connectivity of cold island networks play a crucial role in improving thermal environmental issues. A spatially complete and well-structured cooling network can significantly reduce the continuity of negative impacts associated with high-intensity urban development (66–68).



3.4.2 Supply and demand II: relative balance between supply and demand

There are 18 units in total (Figure 14A). These units exhibit a balanced relationship between park cold island supply and residential cold island demand within a specific range. However, given the constant development of the city and the corresponding changes in residents’ demands, it is imperative to analyze these units in conjunction with the urban land use plan in order to detect any difficulties possibly requiring early warning.



3.4.3 Supply and demand III: more supply but less demand

There are 11 units in total (Figure 14A), each exhibiting a park vegetation coverage of 0.75 or higher. Additionally, all of these units either contain water bodies or are situated in close proximity to them. The supply capacity of cold islands is strong enough to meet the residents’ demand for cold islands within the unit. For example, the East Lake Scenic Area, Longyang Lake-Ink Lake Scenic Area, Moon Lake Scenic Area, Fuhe Ecological Green Wedge, Hanjiang River Ecological Axis, etc., collectively form the ecological framework of the main urban area of Wuhan and designated in the planning as the low development intensity or ecological landscape control zones, which is conducive to the sustainable development of the city and the healthy life of its inhabitants “benign balance.





4 Discussion


4.1 Urban park planning strategy for matching supply and demand of cold islands


4.1.1 Overall strategy–adaptive planning

Adaptive planning is a spatial feedback process aiming to dynamically adjust planning strategies in response to the evolving requirements of the users (69). To ensure a relative equilibrium between the supply and demand of cold islands in urban parks in the future, it is imperative to introduce the concept of adaptive planning and conduct prognostic assessments. The operational mechanism of the adaptive planning structure employed in this study is visually depicted in Figure 15. It analyses the intrinsic linkage between urban parks, cold island effects, and people. This analysis is to reveal the problems of the current space in terms of supply and demand and to assess the development potential of the future space. It can guide the adaptive planning process of urban parks, the object of adaptation, and characterize the dynamic demand changes of urban residents, the subject of adaptation (70).

[image: Diagram illustrating the interactions between urban parks, humans, and the cold island effect. Urban parks and humans are linked by "residential demand" and "planning supply." The cold island effect connects to urban parks by "feedback adjustments" and "diversified release," and to humans by "perception evaluation" and "impact of behavior."]

FIGURE 15
 Operational mechanism of adaptive planning structures.




4.1.2 Typology planning strategy

Taking the evaluated supply and demand relationship as the guide for action, this study presents a set of sub-strategy that exhibit strong feasibility and serve as valuable references. These strategies aim to enhance the cold island supply level of urban parks, bolster their adaptive capacity in the future development process and allocate the limited ecological resources and service functions to the individuals and regions that require them the most.

Strategy 1: During the process of old city reconstruction, it is advisable to plan for wedge-shaped parks and expand the existing parks, thereby enhancing the accessibility to urban parks (for less supply but more demand--social supply-shortage type). Currently, Wuhan is continuously promoting old city reconstruction and gradually and piecewise carrying out scientific planning. Emphasis should be placed on incorporating the consideration of the parks’ cold island effect into the renewal planning for Hankou, Qiaokou, and Jiang’an Districts. Liudu Bridge and Unity Street can consider planning city wedge parks to connect with the Yangtze River, when carrying out old city reconstruction. Some neighborhoods in Hanzhong Street, the Friendship Neighborhood, or other neighboring areas can consider connecting with Qiaokou Park to expand the size of Qiaokou Park when undergoing renovation and renewal. Moreover, they should reserve sufficient space for the expansion of city parks to meet the future demand for cold islands in the high-density residential neighborhoods. By controlling the building density and architectural form of old renovation communities, and using more point buildings at air intakes, it can promote breeze circulation and effectively form their own fresh air systems. Through the accessibility analysis, the urban-facing joints and pedestrian entrances are increased to achieve the goal that city parks are accessible to more urban residents. For example, Northwest Lake Park, Zhongshan Park, Fountain Park, Minor South Lake Park, Treasure Island Park, Wuhan Youth Palace, and other parks and green spaces are relatively close to each other and they can consider planning the “string of pearls into a chain” of greenways. Planning greenways from residential neighborhoods to parks allows residents to reach urban parks more conveniently, improving the comfort and accessibility of paths leading to the parks. In the old city renovation, green space should be inserted in gaps or white space, and “pocket parks” with recreational and ornamental functions should be established to cover greenfield cold island service blind spots and enhance the cooling radiation effect on the neighborhood.

Strategy 2: Cold island connectivity should be enhanced and blue-green cold island corridors should be built (for less supply but more demand--ecological service-shortage type). Numerous studies have shown that cold island connectivity can improve cooling efficiency. From the southern suburbs of Wuhan along Tangxun Lake, South Lake, and East Lake to Tianxing Sandbar, a cold island corridor running through the north and south of Wuhan is constructed, passing through many heat island areas in the Wuchang and Hongshan Districts. It can cut down on the negative impacts of the heat island effect and alleviate the physical and mental discomfort due to the high temperature in summer. East Lake, South Lake, and Yezhi Lake are several essential waters in Wuchang District. They should reserve the open green space around the waters, enrich the vegetation community level, and play the synergistic cooling effect of the blue-green space to boost the overall cooling of the city.

Strategy 3: The blue-green intertwined ecological background should be restored and protected (for relative balance). It’s imperative to restore and protect the blue and green natural ecological background of the parks and to control and prevent the trend of encroachment on green spaces and water areas during urbanization. The blue-green intertwined urban parks, such as Tang Lake Unit, Sand Lake Unit, Yangchun Lake Unit, Wuhan Zoo Unit, etc., should optimize the edge shape of the blue-green space patches and keep the waterfront space with a high degree of vegetation coverage. It can not only better realize the cooling effect of the parks’ cold islands, but also provide citizens with better social and sports space thus to cope with the inevitable increase in the demand value of the cold islands in the process of urban development and to maintain the balance of supply and demand as long as possible.

Strategy4: Adequate green space should be reserved (for relative balance). Based on the early warning problems of each research unit in the relative balance zone, combined with Wuhan’s territorial spatial planning, the planning early warning strategy for the disorder of supply and demand in the development process are targeted to be proposed. The units with pieces of residential neighborhoods in the future plan, such as Jiangtan Sports Unit, Science Park Unit, Guanshan Unit, etc., should pay more attention to the budget for the number of potential residents, and analyze the accessibility of parks’ sites in the planning of urban parks. These units also are required to design community-level parks as a supplement and reserve a sufficient amount of land for green space development. This will prevent future urban area development from attracting too many residents and excessive social demand arising from socio-economic activities which will upset the existing relative balance, and enhance accurate prevention and control capability of urban thermal environmental risks.




4.2 Limitations and insights

This study represents a positive attempt to investigate the cold island effect of urban parks from a dual perspective of supply and demand. However, there are still challenges that require resolution. First of all, the cold island effect of urban parks exhibits significant spatiotemporal complexity; however, due to the inherent limitations of Landsat data, existing research predominantly focused on spatial analysis. Future studies can further investigate daily and seasonal variations in the supply and demand of the urban parks’ cold island effect by utilizing data sources with shorter revisit periods, such as MODIS (Moderate Resolution Imaging Spectroradiometer). This would help uncover the interaction mechanisms between park characteristics and meteorological factors across multiple temporal scales. Secondly, the supply and demand of the park cold island effect are influenced by multiple factors, such as internal landscape composition (71) and surrounding urban morphology (18), which were not comprehensively incorporated in the current evaluation system. Additionally, the selected indicators primarily explored urban thermal environment patterns at a two-dimensional level, lacking investigation into three-dimensional factors such as building height (BH), sky view factor (SVF), and frontal area index (FAI) (18). Future research should establish a more holistic evaluation framework for supply and demand to better analyze the complex environmental interactions surrounding urban parks. Finally, with the development of information technology, further investigation of urban parks can be conducted at a more detailed level, which should incorporate the integration of microscopic, mesoscopic, and macroscopic scales. This entails grasping the overall layout at the macroscopic scale, emphasizing the precise adjustments made at the micro level and considering the transitional function of the mesoscopic level. Future research can examine each unit on the grid scale to find the implementation points more precisely.




5 Conclusion

In the process of rapid urban development, the planning and construction of urban parks are prone to be a mismatch between supply and demand. In light of this, this paper selected 60 urban parks in the main urban area of Wuhan that effectively exert the cold island effect as the research subjects. By integrating the Thiessen polygons with the detailed regulatory planning units to delineate research units and developing the supply and demand evaluation model of the cold island effect of urban parks, this research conducted a comprehensive quantitative assessment of cooling services from both supply and demand perspectives. The interaction between the supply and demand perspectives was established by applying the location entropy theory, enabling the proposal of targeted optimization strategy for urban parks in Wuhan to achieve better supply–demand alignment. The main findings are as follows: ① The spatial distribution of cold island supply and demand exhibited significant heterogeneity. High-supply units were strongly correlated with water body distribution, while high-demand units aligned closely with population density and POI density centers, displaying a “scattered overall, locally concentrated” pattern. ② A significant supply–demand mismatch in cold island effects was observed, with 19 units (accounting for approximately 40%) exhibiting insufficient supply relative to demand. These units were predominantly concentrated in areas with complex building environments, high population density, low vegetation coverage, and poor landscape connectivity. To address these challenges, this study proposed the following optimization strategy: optimizing the scale and layout of existing parks, reserving green spaces for ecological restoration, strengthening the protection of blue-green ecological foundations, and establishing a blue-green cold island corridor network to enhance ecological connectivity.

By quantifying the residential cold island demand and the park cold island supply capacity, this study advances research on the cold island effect of urban parks at regional and city scales, offering new insights for sustainable urban development and climate adaptation planning. The findings not only provide a scientific basis for mitigating urban heat island effects but also offer decision-making support for the precise allocation of urban park resources. This research holds significant practical implications for improving urban living environments and enhancing ecological benefits with precision.
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Variables Descri Mean Mi Max  Data source
Dependent variable
Weekend ridership ~ Daily metro ridership on weekends (count) 27259 | 27839 | 1011 243938  Metro smartcard data of Shanghai on May 2023
Built environment variables
Density
Bopuindaity | T eI 500 m Sutee (1,000 1683 1052 004 | 4158 WorldPop population data 2023
people/km?)
Employment density  Ratio of employment POI within 500 m buffer 014 015 003 095  Pointof-interest (POD) data 2023
Rooftop density Rooftop area ratio within 500m buffer 018 006 002 045  Vectorized rooftop area data 2020
Diversity
m
Land use mixture | 11 €nUrOpY index w where s 072 013 | 014 | 087  Point-of-interest (POI) data 2023
denotes different POT and p; represents the ratio.
Design
Road density Road centerline length per km* (km/km?) 583 194 | 122 1381 OpenStreetMap data 2023
Intersection Number of intersections within 500m buffer (count)  9.24 612 000 4200 | OpenStreetMap data 2023
Destination accessibility
CBD Network distance to CBD (km) 1414 1029 016 | 6590 | OpenStreetMap data 2023
Sub-CBD Straight distance to the nearest Sub-CBD (km) 675 522 000 3785 | OpenStreetMap data 2023
Highway Network distance to the nearest highway (k) 125 146 004 662  OpenStreetMap data 2023
Distance to transit
Bus stop Number of bus stops within 500m buffer (count) 642 35 100 2600  Point-of-interest (POD) data 2023
Bus line Number of bus routes within 500m buffer (count) 1705 1027 | 000 | 6200  Point-of-interest (POI) data 2023

Nearest bus stop Straight distance to the nearest bus stop (km) 012 007 | 001 | 042 | Point-of-interest (POI) data 2023
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satisfied

1

satisfied

ery dissatisfied; 2 = dissatisied; 3 = fair; 4 = satisfied; 5 = vervy

1
satisfied
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satisfied
1= very dissatisfied; 2 = dissatisfied; 3 = fair; 4 = satisfieds 5 = very
satisfied

1= very dissatisfied; 2 = dissatisfied; 3 = fai; 4 = satisfied; 5

satisfied

1
satisfied

very dissatisfied; 2 = dissatisfied; 3 = fair; 4 = satisfied: 5 = very
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ery dissatisfied; very
satisfied
1= very dissatisfied; 2 = dissatisfied; 3 = fair; 4 = satsfied; 5 = very

satisfied

1
satisfied

= satisfied;

ery dissatisfied; 2 = dissatisfed; 3 =

1l of the time; 2 = most of the time; 3 = a good bit of the time;

4= some of the time; 5 = a litle of the time; 6 = none of the time

1=all of the time; 2 = most of the time; 3 = a good bit of the time;

4= some of the time; 5 = a litle of the time; 6 = none of the time

1=allof the

4= some of the time; 5 = a litle of the time; 6 = none of the time

2 = most of the time; 3 = a good bit of the time;

all of the time; 2 = most of the time; 3 = a good bit of the time;

4= some of the time; 5 = a litle of the time; 6 = none of the time

1=all of the time; 2 = most of the time; 3 = a good bit of the time;

4= some of the time; 5 = a litle of the time; 6 = none of the time
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Variables Model 6a Model 6b Model 6¢c

Coefficient = Standard p  Coefficient Standard p  Coefficient Standard p

error error error
Housing affordability 0.295%%% 0.050 0.000 0.110%% 0.051 0031 0.234% 0.057 0.096
Community attachment - - — 0416+ 0.045 0.000 031455+ 0.045 0.000
Housing - - - - - - 0,176+ 0.059 0.003

affordabilityxCommunity
attachment

Gender (reference group: - - - - - . N — —

male)
Female -0.120 0.074 0.104 ~0.145%+ 0.070 0038 ~0.145%+ 0.069 0037
Age ~0.008** 0.003 0.021 ~0009%5% 0.003 0.005 ~0.009%5% 0.003 0.006

Academic qualifications - - - - - - - = =

(reference group: primary

school)

Junior high school ~0065 0119 0583 ~0072 0112 0521 ~0072 0112 0520
Senior high school ~0232¢ 0133 0080 ~0205 0125 0102 ~0219* 0.125 0079
Junior college or ~0083 0141 0557 ~0031 0133 0818 ~0042 0132 0752
undergraduate degree

Master’s degree or above —0.521 0397 0.190 —0.366 0375 0331 —0.469 0375 0212

Marital status (reference — = — — — = . . -

groups unmarried)
Married =0.137 0210 0.513 =0.017 0.199 0932 0.010 0.198 0.959
Else 0.720 0.480 0.051 0.465 0432 0.079 0.309 0.429 0.115

Fertlity status (reference - - - - = - . — -
‘group: zero child)

One child ~0.001 0.200 0.649 ~0.160 0.189 0398 ~0.182 0.188 0334
Two children ~0.032 0.201 0872 ~0.065 0.19 0732 ~0.096 0.189 0610
Three children and above 0328 0230 0.153 0244 0217 0262 0.194 0217 0371
Monthly income level ~0.049 0032 0.127 ~0.048 0030 0.109 ~0.044 0030 0142
R 0.107 0205 0215
Adjustment R® 0,09 0.189 0.198
Fovalue 6361 12676 12,568
AR 0046 0098 0010
AF 36266 84722 8985

*, %, and *** indicate p < 0.10, p < 0.05, and p < 0.01, respectively.
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Variables

Housing quality
Community attachment

Housing
qualityxCommunity
attachment

Gender (reference group:

male)

Female

Age

Academic qualifications

(reference group: primary
school)

Junior high school
Senior high school

Junior college or
undergraduate degree

Master's degree or above

Marital status (reference

‘groups unmarried)
Married

Else

Fertility status (reference
group: zero child)

One child

“Tuwo children

Three children and

above
Monthly income level
R

Adjustment R
Frvalue

AR

AF

Model 5a
Coefficient  standard

error
0301+ 0045
~0.143* 0073
~0.010%+* 0003
~0.055 ons
-0.223 0132
~0051 0139
-0333 0392
~0.028 0.209
0755 0475
~0.162 0.199
-0.120 0.199
0243 0228
~0.040 0031

0117

0.101

7.056

0056

43739

* %%, and *** indicate p < 0.10, p < 0.05, and p < 0.01, respectively.

P

0.000

0051

0006

0643
0191

0714

0396

0892

0.145

0415
0547

0287

0206

Model 5b
Coefficient ~ standard

error
0.115% 0.048
0,406+ 0,046
~0.153% 0070
~0.010%* 0.003
~0.068 0112
-0.202 0.125
-0.019 0132
~0.295 0372
0022 0.199
0.587 0431
~0.186 0.189
-0098 0.189
0213 0217
~0.045 0.030

0.206

0.19

127733

0.089

76,976

P

0017

0.000

0028

0.003

0546
0.106

0883

0.427

0912

0174

0325
0.603

0327

0135

Model 5¢
Coefficient  standard
error

0.103%* 0047
0390%%% 0045
0.202%%% 0050
-0.142 0.068
~0.009%%% 0.003
~0.066 0.109
~0.206 0122
~0.034 0.129
-0518 0365
0057 0.194
0475 0414
-0220 0.185
-0.139 0.185
0110 0212
—0.047 0029

0244

0228

14788

0.038

34336

P

0.028

0.000

0.000

0.105

0.005

0547

0.189

0.790

0157

0.769

0.187

0234

0452

0.605

0.105
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Pathway Effect type
Housing quality—Community attachment—~Mental health  Total effect
of tenants Direct effect

Indirect effect

Housing affordability—Community attachment—Mental  Total effect

health of tenants Direct effect

Indirect effect

*, %% and *** indicate p < 0.10, p < 0.05, and p < 0.01, respectively.

Effect
03271+
013175+
019547+
03225+
0.1397%++

01828+

LLCI
02374
0.0364
01379
02276
00423

0.1286

uLci
04169
02270
0259
04175
02371

02401
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Variables Model 3a (DV: Community Model 3b (DV: Community Model 4a (DV: Mental health of ~ Model 4b (DV: Mental health of

attachment) attachment) tenants) tenants)
Coefficient ~ standard P Coefficient  standard P Coefficient  standard P Coefficient  standard
error error error error
Housing quality 04574+ 0036 0,000 - - - 01154 0,048 0017 - - -
Housing affordability - - - 04455+ 0.040 0.000 - - - 0.110% 0.051 0031
Community attachment - - - - - - 0406+ 0046 0,000 04165+ 0.045 0.000

Gender (reference group: male) - - - - = = - = = . _ _
Female 0.026 0.057 0.657 0.060 0.059 0.307 —0.153** 0.070 0.028 —0.145%* 0.070 0.038
Age 0.001 0.003 0.730 0.003 0.003 0.246 =0.010%** 0.003 0.003 —0.009*** 0.003 0.005

Academic qualifications - - - - . - = - — — _ _

(reference group: pimary

school)

Junior high school 0032 0.092 0.731 0016 0.095 0.863 ~0.068 0.112 0.546 -0072 0.112 0521
Senior high school ~0.051 0.103 0.620 ~0.065 0.106 0537 -0202 0.125 0.106 ~0.205 0.125 0.102
Junior college or undergraduate 0.109 0474 ~0.125 0112 0.264 -0019 0.132 0.883 -0031 0.133 0818
degree

Master's degree or above ~0.093 0307 0762 -0374 0316 0237 ~0295 0372 0427 ~0366 0375 0331
Marital status (reference group: - - - - - - - - - - - -
unmarried)

Married ~0.124 0.164 0.449 ~0290 0.167 0.083 0022 0.199 0912 -0017 0.199 0932
Else 0.661 0.484 0334 0613 0.491 0382 0.687 0431 0174 0.665 0432 0179
Fertility status (reference group: - - - - - - - - - - - -
zero child)

One child 0.058 0.156 0711 0.166 0.159 0299 ~0.186 0.189 0325 ~0.160 0.189 0398
Two children ~0.054 0.156 0.729 0.079 0.160 0.622 ~0.098 0.189 0.603 ~0.065 0.190 0732
“Three children and above 0075 0179 0.674 0.204 0.183 0.265 0213 0217 0327 0.244 0217 0.262
Monthly income level 0012 0025 0622 ~0.001 0025 0771 ~0.045 0030 0135 ~0.048 0,030 0.109
Constant 1911%%x 0.206 0,000 21775 0.206 0.000 20150 0.265 0,000 21505+ 0.264 0.000
R 0.206 0177 0215 0205

*, %, and *** indicate p < 0.10, p < 0.05, and p < 0.01, respectively.
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Variables

Coefficient  standard
error

Housing quality -
Housing affordability -
Gender (reference group: male) -
Female ~0.138*
Age ~0009%

Academic qualifications (reference -

group: primary school)

Junior high school ~0.034
Senior high school ~0222
Junior college or undergraduate ~0.028
degree

Master's degree or above ~0220

Marital status (reference group: -

unmarried)
Married -0.127
Else 0.639

Fertility status (reference group: -

zer0 child)

One child ~0.131
“Two children =0.095
“Three children and above 0288
Monthly income level ~0032
Constant 4.000%**
r

*, %, and *** indicate p < 0.10, p < 0.05, and p < 0.01, respectively.

0076

0.004

0122
0.136

0144

0404

0215

0495

0205
0205
0235
0032
0210

0.061

Model 1 (DV: mental health of
tenants)

0.069

0013

0783

0.102

0845

0585

0555

0124

0522

0.644

0222

0323

0.000

Model 2a (DV: mental health of
tenants)

Coefficient

0.301%%%

~0.143*

~0.010%

~0055
-0.223*

~0.051

~0333

-0.028
0,655

~0.162

~0.120
0243

~0.040

2.890%%%

standard
error

0073

0.003

0118
0132

0139

0392

0209

0475

0199
0199
0228
0031
0264

017

P

0.000

0.051

0016

0.643
0.091

0714

0.396

0.892

0145

0415
0547
0.287
0.206

0.000

Coefficient

0.295%++
~0.120*

—~0.008%

~0.065
-0.232%

~0.083

~0521

-0.137

0620

~0.091

~0032
0328

~0.049

3.055%%%

standard
error

0.050

0.074

0.003

0119

0133

0.141

0397

0210

0.480

0.200

0.201

0230

0032

0259

0.107

Model 2b (DV: mental health of
tenants)

P

0.104

0021

0583
0.080
0557

0.190

0513

0151

0.649
0872
0153
0127

0.000

Model 2c (DV: mental health of

Coefficient

0.228%%%
0.196%+*
~0.130%

~0.009**

~0071
~0.230%

-0.082

~0.505

~0.059

0612

~0.128

~0.073
0.281

~0.049

253100

tenants)

standard
error

0.049

0.054

0073

0.003

0117
0.131

0139

0.391

0.207

0.468

0.197
0.198
0227
0.031
0279

0134

0.000

0.000

0074

0011

0547

0079

0555

0197

0776

0.164

0516

0713

0216

0119

0.000
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Variables Descriptiol Mean (standard deviation) or proportiot

Objective environment Natural environment
NDVI ‘The mean of NDVI within 0.8 km buffer 0.40(0.05)
Density
Intersection density (number/kn?) Number of road intersections / buffer area 19.47 (6.81)
Diversity
Land use mix 074 (0.05)
L4
Land usemix; mz PpijIn pij
Where pj refers to the proportion of the j-th type of POI within
uniti relative to the total number of PO in that unit. 4 refers to
the number of POI types in the unit
Street design
Sky view index (%) “The mean of sky pixel ratio within 0.8 km buffer 4885 (4.02)
Greening view index (%) “The mean of green plants pixel ratio within 0.8 km buffer 12.14(2:59)
Relative pedestrian width ‘The mean ratio of pedestrian pathways to roads within 0.8 km 037(0:88)
buffer
Ratio of traffc safety facilties (%) ‘The mean of safety facilities ratio within 0.8 kn buffer 081(0.22)
Distance to transit
Distance to bus stop (k) Distance to the nearest bus stop 0.25 0.18)
Distance to subway station (km) Distance to the nearest subway station 142(081)
Destination accessibility
Distance to sports faciliy (km) Distance to the nearest sports facility 036 (0.35)
Distance to park or square (km) Distance to the nearest park or square 069(0.51)
Subjective environment Community management
Perceived sanitary conditi 1 (Very bad) to 5 (Very good) 374 (087)
Perceived property management quality 1 (Very bad) to 5 (Very good) 350 (0.98)
Community safety 1 (Very bad) to 5 (Very good) 401(0:83)
Community image
Subjective noise quality 1 (Very noise) to 5 (Very quiet) 350 (1.00)
Subjective air quality 1 (Very bad) to 5 (Very good) 372(0:88)
Perceived landscape environment 1 (Very bad) to 5 (Very good) 351 (0.90)
Community capital
Sense of community belonging 1 (Very weak) to 5 (Very strong) 349 (0.89)
Neighborhood familiarity 1 (Incognizant) ~ 5 (Knows each other) 229(0.97)
Frequency of community events 1 (None/very few) ~ 5 (Frequently) 259(1.10)
Socioeconomic attributes Age ‘The age of surveyed students 1102 (2.18)
Gender Male = 0, Female = 1 0=52.77%, 1 = 47.23%
Household registration Non-local household registration =0, Local household 0=3697%, 1 =63.03%
registration
Household income level (RMB) Yearly household income: <50,000 = 1, 50,000-150,000 = 2, 2.29(0.93)

150,000-250,000 = 3, > 250,000 = 4
Housing area(m’) Housing area of surveyed students 101,11 (53.01)

Car ownership status Without private vehicle = 0, With private vehicle = 1 0=16.01%, 1 =83.99%
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Estimate Bootstrapping

Bias-corrected Percentile

Lower  Upper Lower Upper

Directeffect | Neighborhood ties — mental health 0.007 ~0.068 0.087 ~0.070 0.085 0.040 0813
Social trust — mental health 0155 0.030 0.295 0029 0.293 0.066 =
Community security — mental health 0.098 0.060 0.133 0.061 0.133 0018 e

Indirect effect | Neighborhood ties — SWB — Mental health 0.063 0035 0.096 0034 0.094 0015 i
Social trust — SWB — Mental health 0121 0075 0179 0073 0.176 0027 i
Community security — SWB — Mental health 0017 0.006 0.030 0.006 0.030 0.006 i

Total effect Neighborhood ties — mental health 0070 -0014 0.156 ~0.014 0.156 0.043 0.107
Social trust  mental health 0276 0.150 0.428 0.149 0427 0071 i
Community security — mental health 0115 0.078 0.151 0078 0.152 0019 i

SWB, subjective well-being; *All the coefficients are standardized regression coeffcients. *p < 0.1, *#p < 005, **#p < 0.01.
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Estimate Bootstrapping

Bias-corrected Percentile
Lower Upper Lower Upper
GNT — mental health 0,000 ~0.038 0038 ~0037 0040 0,020 0.151
GST — mental health ~0012 ~0054 0032 ~0058 0028 0022 0,632
GCS — mental health 0,000 0058 0,009 ~0058 0.009 0017 0.978
GNT — SWB — Mental health o011 0,000 0023 0,000 0024 0.006 »
GST — SWB — Mental health ~0.005 ~0.017 0.008 -0017 0.007 0.006 0474
GCS — SWB — Mental health 0000 ~0.010 oon -0010 oon 0.005 0.964

GNT Interaction Terms of Green Space and Neighborhood ties; GST, Interaction Terms of Green Space and Social Trust; GCS, Ineraction Terms between Green Space and Community.
Security; SWB, subjective well-being; #p < 0.1, *%p < 0.05, **%p < 001,
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Variables Physical health Mental health

Relative importance (%) Relative importance (%)
Objective environment 51.03% 53.30%
NDVI 402% 1 239% EY
Intersection density 3120 17 575% 5
Land use mix 476% 7 572% 7
Sky view index 486% 6 403% 13
Greening view index 537% 4 573% 6
Relative pedestrian width 5.17% 5 5.29% 8
Ratio of traffc safety facilities 436% 8 4.40% 9
Distance to bus stop. 3.66% 1 6.98% 1
Distance to subway station 7.84% 2 655% 3
Distance to sports facility 364% 15 232% 2
Distance to park or square 1.22% 10 4.14% n
Subjective environment 33.61% 32.92%
Perceived sanitary condition 202% » 281% 19
Perceived property management 373% 13 3.09% 17
quality
Community safety 197% 2 405% 12
Subjective noise quality 4.28% 9 4.16% 10
Subjective air quality 3.98% 12 3.49% 15
Perceived landscape environment 2.86% 19 218% 2
Sense of community belonging 9.08% 1 607% 4
Neighborhood familiarity 218% 2 368% 14
Frequency of community events 352% 16 338% 16
Socioeconomic attributes 15.36% 13.78%
Age 0.72% 2 0.79% 2
Gender 310% 18 178% 2
Household registration 230% 2 0.56% 2%
Household income level 280% 20 297% 18
Housing area 592% 3 6.66% 2

Car ownership status 053% 2 103% u
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Accuracy Precision Recall F1 scores

Radom forest 08771 08837 0.9917 09346
XGBoost 0.8570 08832 0.9660 09231
LightGBM 0.8649 0.8822 09778 09275
Mental_health Radom forest 08157 0.8210 0.9910 0.8985
XGBoost 0.8030 08244 0.9670 0.8901

LightGBM 0.7985 08203 09672 0.8877
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Questions Mean/standard deviation =~ Minimum  Maximum

SWLS In most ways, my life is close to my ideal 2.66/0.63 1 5
Tam satisfied with my life 2.71/0.57 1 5
The conditions of my life are excellent 2.56/0.73 1 5
So far, I have achieved the important things I want in life 2.46/0.81 1 5

If I could live my life over again, I would change almost nothing 2.68/0.61 1 5
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Subjective wellbeing Mean Standard deviation

Male 4.69** 1.03

Female ‘ 495 | 0.93

*p < 0.1,%p < 0.05,**p < 0.01.
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Independent variables Empty model Model 1 Model 2 Model 3

Coefficient S.E. Coefficient S.E. Coefficient SE. Coefficient S.E.

Household structures (living with daughter-in-law = ref.)

Single —0.3055* 0.1729 —0.2989* 0.1727
Couple —0.2080 0.1408 —0.2236 0.1404
Living with daughter —0.2129 0.1652 —0.2278 0.1648
Living with daughter and grandchildren —0.3279** 0.1654 —0.2676* 0.1447
Living with daughter-in-law and —0.2826* 0.1453 —0.3200* 0.1649

grandchildren

Others —0.1313 0.1559 —0.1323 0.1553

Social-economic attributes

Gender (Male = ref.) 0.2356"** 0.0748 0.2355*** 0.0746

Age (60-65 = ref.)

66-70 0.1497* 0.0872 0.1361 0.0874

Older than 71 0.0292 0.0876 0.0277 0.0874

Education attainment (llliteracy = ref.)

Primary school 0.2392* 0.1431 02218 0.1429
Middle school 0.2708** 0.1285 0.2630* 0.1281
High school or technical secondary school 0.2066 0.1388 0.2151 0.1384
Junior college, undergraduate and above 0.2031 0.1578 0.1933 0.1575

Income level (0 = ref.)

<1,000 —0.0982 0.2099 —0.1194 02101
1,001-3,000 —0.1213 0.1843 —0.1288 0.1837
3,001-5,000 —0.0983 0.1950 —0.0804 0.1944
More than 5,001 —0.0398 0.2076 —0.0507 02074
Hukou status (non-local people = ref.) 0.0795 0.0847 0.0801 0.0848
Communist party membership (no = ref.) —0.0055 0.0907 —0.0118 0.0907

Built environments

Population density —0.3239% 0.0958 —0.3119% 0.0957 —0.2047 09305
Land use mix 5.2060** 0.8247 5.1335% 0.8213 5.1482% 09305
Accessibility of open space 0.0004* 0.0001 0.0004* 0.0001 0.0003* 0.0002
Accessibility of kindergarten 0.0861%** 00253 0.0805** 0.0252 0.0557* 00288
Accessibility of public transport —0.2733+ 00937 —0.2578++ 0.0936 —0.3146"* 0.1055
Female x population density —0.1628* 00976
Female x accessibility of kindergarten 0.0412* 00246
Intercept —0.0009 0.1622 —0.0012 0.0690 —0.1552 02443 —0.1420 02431
Between-group variance 03029 0.1289 0.0443 00233 0.0436 0.0231 0.0407 00220
Within-group variance 06521 0.3768 0.6521%* 00377 06204+ 0.0359 0.6144 00355
1CC (%) 31.72% 637% 6.57% 621%

*p < 0.1,%p < 0,03, **p < 0.01. ICC = between-group variance/(between-group variance + within-group variance).
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Sharing Male 53.8%* 84.4%* 75.0%* 86.7%* 81.0%* 88.9%* 74.1%* 81.8%*
housework

Female 94.4% 95.0% 89.7% 92.3% 100.0% 96.0% 92.6% 94.6%
Laundering, Male 85.7% 86.4% 75.0% 84.6% 94.1% 81.3% 95.0% 85.9%
cleaning, cooking

Female 100.0% 98.9% 94.3% 100.0% 94.9% 91.7% 98.0% 96.6%
‘Taking care of Male 0.0%*** 18.5%*** 41.7%*** 53.8%"** 76.5%*** 70.8%*** 50.0%*** 42.4%***
children

Female 5.9%** 20.09%*** 31.4%*** 37.5%*** 84.6%*** 76.4%*** 38.0%** 42.4%***
Sending and Male 0.0%*** 12.3%** 33.3%*** 38.5%%* 47.19%*** 41.79%*** 20.09%*** 25.8%**
picking up ]
children . . - . - - - -

Female 2.9% 14.7% 20.0% 16.7% 53.8% 45.8%’ 22.0% 26.1%’
Daily shopping Male 42.9% 60.5% 58.3% 61.5% 76.5% 54.2% 50.0% 58.6%

Female 70.6%* 74.7%* 68.6%" 50.0%* 87.2%* 84.7%* 72.0%* 75.1%*

*p < 0.1,%p < 0.05,**p < 0.01.
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Attributes

Socio-economic attributes

Categories

ortion (%)

Mean/SD

Gender Male (=ref.) 39.61
Female 60.39
Age 60-65 (=ref.) 33.06
66-70 3421
Older than 71 3273
Education attainment Illiteracy (=ref.) 9.17
Primary school 13.09
Middle school 3372
High school or technical secondary school 2537
Junior college, undergraduate and above 1865
Income (RMB per month) 0 (=ref) 3.60
<1,000 7.20
1,001-3,000 44.19
3,001-5,000 27.17
More than 5,001 17.84
Hukou status Local people 67.43
Non-local people (=ref.) 3257
Communist party membership | Yes 22,09
No (=ref)) 77.91
Household structures Single 8.02
Couple 3208
Living with daughter 9.00
Living with daughter-in-law (=ref 671
Living with daughter and grandchildren 982
Living with daughter-in-law and grandchildren 2111
Others 13.26

Built environments

Population density

Population per unit area of community (10,000/km?)

2.04/1.20

Land use mix

The extent to which facilities are evenly distributed within the 500-meter buffer
zone around the community

0.55/0.11

Accessibility of open space

Straight-line distance from the community to the nearest open space (m)

1,404.26/593.28

Accessibility of kindergarten

Number of kindergartens within 1,000 meters of the community

7.36/5.09

Accessibility of public transport

Number of metro stations within 1,000 meters of the community

1.09/0.76
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Year Area Degree of factors®

Welfare Income Education Health status Non-living
alone
[ M M M M
65-69 0.584 0.496 0788 0566 0778 0765 0772 0658 0758 0701
70-74 0443 0.365 0619 0444 0.666 0697 0,647 0511 0620 0577
75-79 0364 0337 0626 0.466 0.588 0.682 0574 0444 0543 0514
v 80-84 0338 0.335 0647 0516 0542 0659 0536 0413 0497 0456
85-89 0339 0333 0716 0590 0527 0585 0516 0397 0476 0398
90- 0333 0333 0762 0647 0531 0542 0545 0.428 0.463 0348
o 65-69 0573 0.565 0968 0870 0875 0.969 0.860 0.808 0844 0831
70-74 0444 0.467 0.888 0,669 0814 0.984 0778 0708 0745 0741
75-79 0360 0415 0832 0,652 0.763 0.998 0723 0646 0.683 0687
! 80-84 0333 0399 0793 0679 0725 0938 0,69 0627 0.643 0637
85-89 0350 0353 0822 0737 0,697 0872 0.684 0613 0.624 0585
90- 0373 0333 0.858 0794 0703 0.852 0.686 0630 0618 0538
65-69 0.628 0619 0765 0711 0.794 0732 0792 0698 0776 0716
70-74 0462 0.445 0637 0538 0.661 0573 0.666 0551 0.644 0,606
7579 0394 0.368 0625 0501 0578 0500 0588 0470 0562 0552
e 80-84 0365 0341 0657 0540 0531 0.469 0545 0437 0510 0516
85-89 0341 0333 0702 0.604 0.496 0455 0529 0429 0494 0472
90- 0333 0338 0760 0.684 0485 0.446 0543 0451 0.489 0412
o 65-69 0570 0.431 0958 0901 0923 0.877 0926 0853 0915 0874
70-74 0540 0427 0907 0.780 0.861 0782 0.869 0758 0,846 0807
7579 0,603 0591 0.880 0736 0816 0736 0.831 0702 0798 0773
! 80-84 0506 0540 0876 0748 0.791 0724 0.809 0677 0.769 0742
85-89 0397 0.401 0893 0790 0.768 0,698 0799 0676 0760 0708
90- 0333 0333 0912 0823 0777 0720 0812 0695 0764 0654

"The higher the Degree of factors (closer to 1) the stronger the correlation. * M = Male. " F = Female.
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Variables Assighments Total
2,465)

Dependent variables

Mental health [mean (SD)] Continuous variables 71.73 (9.89)
(20-80)

Independent variable

Green [mean (SD)] Continuous variables 41.01 (3.60)

Mediators

Relative deprivation [mean Continuous variables 450 (1.77)

(SD)] (1-10)

Social trust [mean (SD)] Continuous variables 30.78 (4.12)
(9-45)

Physical activity [N (%)] 1 = regular exercise for 677 (27.5%)

the last month

0= no regular exercise
for the last month

1,788 (72.5%)

Covariates

Annual personal income Continuous variables 16,752.10

[mean (SD)] (18,911.34)

Marital status [N (%)] 1 = non-single 2,223 (90.2%)
0 = single 242 (9.8%)

Hukou [N (%)] 1=local 2,357 (95.6%)
0 = non-local 108 (4.4%)

Educational attainment [N 1 = educated 1,741 (70.6%)

(%))

0 = uneducated

724 (29.4%)

Sex [N (%))

Sickness and injury status [N/
(%))

1= male 1,304 (52.9%)
0= female 1,161 (47.1%)
1= no sickness or injury 2,096 (85.0%)
within the last 2 weeks

0 = sickness and injury 369 (15.0%)

within the last 2 weeks

History of alcohol 1 = no history of alcohol 1,381 (76.3%)
consumption [N (%)] consumption
0 = history of alcohol 584 (23.7%)
consumption
History of smoking 1= no history of 806 (32.7%)

consumption [N (%))

smoking consumption

0 = history of smoking
consumption

1,659 (67.3%)
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rect effect Coef. (SE) Indirect effect Coef. (SE) otal effect Coef. (SE)

Green space — mental health 0.035* (SE = 0.022) 0.014** (SE = 0.006) 0.049** (SE = 0.022)
Green space — relative deprivation — mental 0.011** (SE = 0.005)

health

Green space — physical activity - mental 0.002% (SE = 0.001)

health

Green space — social trust — mental health —0.001 (SE = 0.002)

Green space — relative deprivation — physical 0.001** (SE = 0.001)

activity — mental health

Green space — relative deprivation — social 0.001** (SE = 0.001)
trust = mental health

Covariates
Annual personal income — mental health 0.016 (SE = 0.019)
Marital status — mental health 0.006 (SE = 0.019)
Hukou — mental health —0.007 (SE = 0.016)
Educational attainment — mental health 0.046** (SE = 0.022)
Sex — mental health 0.100%** (SE = 0.025)
Sickness and injury status — mental health 0.158*** (SE = 0.022)
History of alcohol consumption — mental health —0.001 (SE = 0.020)
History of smoking consumption — mental 0.037 (SE = 0.023)
health
Urban GDP per capita— mental health 0.179*** (SE = 0.032)
Urbanization rate — mental health —0.067** (SE = 0.035)

Coef,, coefficient; SE, standard error.

*p <0l

**p < 0.05.

***p <001

‘The model was adjusted for all covariates shown in this Table. All the coefficients are standardized regression coefficients.
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Green area 0.25 0.15 0.12

Vegetation 0.20 0.18 0.10

coverage

Green coverage 0.15 0.12 0.08

density

Green corridor 0.10 0.20 0.05

length

Number of 0.08 0.14 020

parks

Green coverage 0.07 0.10 0.22

rate

Number of 0.05 0.11 0.23

gardens
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Algo Paramete al value Op ation proce Op
para
RF n_estimators 100 Start from 100, gradually increase, and select the 300
number that maximizes the model effect.
max_features Automatic Trying different feature numbers [including sqrt
sqrt(n_features) and log2(n_features)], and
selecting the best feature number.
max_depth None Start with None and increase gradually until the 20
model effect is no longer improved.
‘min_samples_split 5 Step by step, select the number of segmentation 2
samples that can maximize the model effect.
SVM kernel Radial Basis Function (RBF) | Trying different kernel functions (including RBF, RBF
linear kernel and polynomial kernel) and choosing
the kernel function that is most suitable for the
data.
regularization parameter(C) | 1 Through grid search or cross-validation, the 1
optimal C value is selected from a certain range.
gamma scale According to the different kernel functions, the scale
optimal gamma value is selected.
epsilon 0.01 Choosing the optimal epsilon value from a certain 0.1

range makes the tolerance of the model to errors
more reasonable in different situations.
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Indices of urban green space
in Wuhan

Index

Green area

Vegetation coverage

Green coverage density

Green corridor length

Number of parks

Green coverage rate

Number of gardens

Conte

‘The total area covered by green space in Wuhan includes parks, green belts, greenways, and other green
spaces.

The proportion of vegetation coverage in the urban area of Wuhan reflects the degree of vegetation
greening in the city.

It measures the distribution density of green space such as green space and green belt in Wuhan, that is,
the number of green coverage per unit area.

The total length of all kinds of green corridors in the urban area of Wuhan, including tree-lined roads and
riverside green belts, is an important channel connecting urban green spaces.

The total number of parks in the urban area of Wuhan reflects the distribution of leisure and
entertainment space in the city.

The proportion of green space (including green space, green belt, etc.) in the urban area of Wuhan is an
important index to evaluate the degree of urban greening.

The number of gardens within courtyards, communities, and public areas in Wuhan, such as community
and school gardens, provides greenery and venues for resident activities.

Health indices of Wuhan
residents

Health condition

Chronic disease incidence

Average life span

Health consciousness

The overall health status of Wuhan residents, including physical and mental health.

‘The chronic disease incidence among Wuhan residents, including hypertension, diabetes, cardiovascular
and cerebrovascular diseases, etc.

‘The average life expectancy of Wuhan residents reflects the overall health level and quality of life.

Wuhan residents’ awareness and concern about health problems, including the mastery of health
knowledge and health care awareness.

Urban environmental quality
index of Wuhan

Air quality index

Noise level

Water quality index

Soil pollution index

Light pollution index

It reflects the concentration levels of various pollutants in the air of Wuhan, including PM2.5, PM10, sulfur
dioxide, nitrogen dioxide, etc. It has an important impact on residents health and environmental quality.

It measures the intensity and frequency of environmental noise in Wuhan, encompassing traffic,
industrial, and community noise. It impacts residents’ quality of life and physical and mental health.

Itis critical to reflect the concentration and water quality of various pollutants in Wuhan water. It includes
heavy metals, organic pollutants, microorganisms, and so on, for residents’ domestic water use and
ecological environment protection.

It measures the concentration and distribution of various pollutants in the soil of Wuhan, including heavy
metals, organic pollutants, and pesticide residues. It has an important impact on the safety of agricultural
products and the protection of the ecological environment.

It reflects the night light intensity and light pollution degree in Wuhan, covering the number and intensity
of urban night lighting facilities. It has an impact on the quality of life of residents and the biological
ecological environment at night.

Community interaction index
of Wuhan

Frequency of community
activities

Community organization
density

Community interaction
participation index

Utilization of community
public facilities

It reflects the frequency and participation of various community activities in the Wuhan community,
encompassing cultural and sports activities, voluntary services, social gatherings, etc.

It measures the number and distribution density of various community organizations in the Wuhan
community, including community neighborhood committees, industry committees, and volunteer
organizations.

It reflects the communication and interaction among community residents in Wuhan, involving
neighborhood relations, participation in community activities, community information transmission, etc.

It shows the utilization degree of various public facilities in the Wuhan community, encompassing fitness
facilities, libraries, cultural activity centers, etc. It reflects the activity degree of the community and the
utilization efficiency of public resources.
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Land surface temperature range T (°C) 235<T<312 312<T<355 355<T<56.1
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Supply Functional Evaluation index Abbreviation/Unit  Definition

categorization  carrier

Ecological supply The park itself Park size parks/hm® Area of urban parks in cities that can effectively provide the cold
island effect
Water body Water size in the park ~ wS/hm? ‘Water area in city parks
Vegetation cover  Fractional vegetation | FVC/ - Average of all FVC measurement points in city parks
coverage
Social supply Mode of visit Accessibility Al(m/person) Residents' accessibility to parks determined by the Gaussian

two-step floating catchment area method

Per capitaaccess o Per capita park size. pers/(m/person) Ratio of urban park area to total population in the corresponding

parks service area
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Variable name N Minimum value Maximum values Average value Standard deviation
Housing quality 703 1.00 5.00 3.7073 0.69620
Community attachment 703 100 500 35602 072360

Housing affordability 703 1.00 5.00 31821 0.66097
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Count Sample propoy Average value

378 53.8% =
325 46.2% e
Age - - 39
Marital status Unmarried 140 19.9% =
Married 562 799% -
Else 1 0.1% —
Fertility status. Zero child 159 226% =
One Child 210 299% -
“Two children 281 40.0% =
‘Three children and above 53 7.5% ~
Academic qualification Primary school 7 102% -
Junior high school 248 35.3% -
Senior high school 172 24.5% e
Junior college or undergraduate 206 293%
degree -
Master’s degree or above s 7% -
Monthly income level Less than 3,000 CNY 227 323% =
3,000-6,000 CNY 24 333% —
6,000-9,000 CNY 147 209% -
9,000-12,000CNY 47 6.7% —
12,000-15,000CNY 7 38% -

15,000 CNY or more 21 3.0% —
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Variable Define

Community built environment

Population density in the
Population density community (unit: 10, 000

people /km?)

Road network density

Road network density
(unit: knm/km?)
Density of clinics and
Clinics and hospital
hospitals (unit: one /km?)

Density of convenience
Supermarket convenience

stores in supermarkets
store

(unit: one /km?)

Density of Park Square

Park square
(unit: one /km?)

Economic and social attributes

Gender Men=1; Women =

Age of respondents (Unit:
Age
Years)

Marital status Married = 1; Other =0

Junior high school and

Academic degree above education=1; Other

=0

Respondents’ personal
Monthly income’
‘monthly salary income!

Individual health status

. Respondents body mass
at
index (unit: kg/m?)

R Respondents’ current
Medical expenses® y X
‘medical expenditure’

Bad habit
Respondents smoking
Smoke
Other =0
Respondents drinkin
Drink " ®

Other =0
Constant term

R

Falue

“Inis variable i an ordered categorical variable, below 1,000 RMB
variable is an ordered categorical variable, below 600 RMB =

Model 1

0.022(0.015)

0.031(0.048)

—0.028% (0.013)

0.028** (0.011)

0.282+* (0.083)

0.075 (0.045)

0.014** (0.002)

0.153* (0.062)

~0.142% (0.058)

0.043* (0.021)

0.021(0.414)

0077

F(11,1837)=13.929

p=0.000
1,000-2000 RM

600-1,000 RMB =2, 1,000-1,500 RMB =

Model 2 Model 3

0.016 (0.015) 0.014 (0.015)

0.024 (0.048) 0021 (0.048)

—0.03* (0.013) —0.029% (0.013)

0.033** (0011) 0.033** (0.011)

0.277+* (0.083) 0.243+* (0.083)

0.078 (0.045) 0.074 (0.045)

0.012** (0.002) 0.013** (0.002)

0.126% (0.062) 0.117(0.062)
~0.104 (0.058) ~0.113 (0.058)
0.039 (0.021) 0018 (0.022)

0.041%* (0.006) 0.041%% (0.006)

0.04% (0.015) 0.044%* (0.015)

0.144% (0.056)

0.109% (0.053)

—0.894* (0.43) —0.966* (0.43)
0.108 018

F(13,1770)=16.561 F(15,1751)=15.489

1,500-2000 RMB = 4, above 2000 RMB =

Model 4

0.014 (0.009)

0.02(0.046)

—0.028 (0.015)

0.033** (0.008)

0.244% (0.086)

0.073 (0.044)

0.013** (0.001)

0.117% (0.05)

~0.112(0.066)

0018 (0.02)

0.041%* (0.009)

0.044** (0.014)

0.144 (0.077)

0.109 (0.066)

—0.973% (0.455)
018

F(15,20)=143.99
P=0.000

##p<0.05, %p<0. 1
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Total effect Mediating effect (95% BootCl) Direct effect
value
Population density 0.031% ~0112 0,001+ 0 ~0.004~0.003 0.031%
Road network density 0.064 8587+ 0,001+ 001 0.002~0.023 0054
hospital ~0.037+% ~2.783%% 0,001+ ~0.003 ~0.025~-0.002 ~0.034%
Supermarket
00374 0.861 0.001%* 0.001 ~0.001~0.010 0.036%*

convenience store
Park square 0340+ 7346 0,001 0.009 ~0.000~0.007 0.332%%

p<0.05,*p<0.01.
Bold indicates that the mediation effect is significant,
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Total effect Mediating effect (95% BootCl) Direct effect
value
Population density 0021 -3222 ~0001% 0.002 ~0.002~0.010 0019
Road network density 0.084 ~62770% ~0001% 0.034 0.016~0.065 005
hospital ~0.043% 19.800%* ~0001% ~0011 ~0.070~-0.018 ~0032%
Supermarket
0.039% ~7975** ~0.001% 0.004 0.007~0.030 0.034%%

convenience store
Park square 0.359%% -12355 —0.001%* 0.007 ~0.002~0.007 0.352¢%

p<0.05,*p<0.01.
Bold indicates that the mediation effect is significant,
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Total effect Mediating effect (95% BootCl)
value
0031% ~0047 0,002 0 ~0.004~0.003
0.064 8,695 0,002 0013 0.004-~0.028
~0.037+% ~1943% 0,002 ~0.003 ~0.023~-0.003
0.037+% 0045 0,002 0 ~0.005-0.005
0340 3255 0,002 0005 ~0.001~0.005

p<0.05, **p<0.01. Bold indicates that the mediation effectis significant.
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