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Abstract 28 

Background 29 

Cognitive decline among older adults is an important public health concern in the 30 

context of population aging. Although cognitive health in later life is shaped by 31 

broader social and environmental conditions, limited evidence exists on whether 32 

health-oriented urban governance can improve cognitive health and reduce cognitive 33 

health inequality. This study evaluated the impact of China’s Healthy City pilot policy 34 

on cognitive health and cognitive health inequality among older adults. 35 

Methods 36 

Data were drawn from the 2013, 2015, 2018, and 2020 waves of the China Health and 37 

Retirement Longitudinal Study, combined with city-level socioeconomic data and 38 

Healthy City pilot information. The final sample included 28,193 observations from 39 

adults aged 60 years and above. Cognitive health was measured using CHARLS 40 

cognitive assessment items, and cognitive health inequality was measured using the 41 

cognitive health relative deprivation index. Difference-in-differences models with city 42 

and year fixed effects were used to estimate policy effects. Double machine learning 43 

with Lasso and five-fold cross-fitting was also used to account for high-dimensional 44 



covariates and nonlinear relationships. Mechanism and heterogeneity analyses were 45 

conducted. 46 

Results 47 

The Healthy City pilot policy significantly improved cognitive health and reduced 48 

cognitive health inequality. In the fully adjusted difference-in-differences model, the 49 

policy increased cognitive health by 0.677 points and reduced the cognitive health 50 

relative deprivation index by 0.018. Double machine learning produced similar 51 

estimates, with effects of 0.6678 on cognitive health and -0.0182 on the cognitive 52 

health relative deprivation index. Robustness checks supported the stability of the 53 

findings. Mechanism analyses suggested that the policy reduced inequality through 54 

improved clean energy use, increased social participation and physical activity, 55 

reduced smoking, and enhanced digital inclusion. The effect was stronger among 56 

older individuals, men, older adults without children, and those living in western 57 

China, but weaker among older adults with ADL impairment. 58 

Conclusions 59 

The Healthy City pilot policy improved cognitive health and reduced cognitive health 60 

inequality among older adults in China. Health-oriented urban governance may 61 

promote cognitive health equity through living environments, health behaviors, social 62 

participation, and digital inclusion. Future healthy city and healthy aging strategies 63 

should emphasize cognitive health promotion and targeted support for vulnerable 64 

older adults. 65 
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Abbreviations: 70 

ADL: Activities of daily living 71 

CHARLS: China Health and Retirement Longitudinal Study 72 

CH: Cognitive health 73 

CH-RDI: Cognitive health relative deprivation index 74 

DID: Difference-in-differences 75 

DML: Double machine learning 76 

PSM-DID: Propensity score matching difference-in-differences 77 

 78 

Background 79 

As population aging deepens and life expectancy continues to rise, the focus of health issues 80 

among older adults in China is shifting from merely prolonging life to improving quality of life. 81 

Among the multiple dimensions of older adults' health, cognitive decline has become a common 82 

yet often overlooked public health concern. Existing studies indicate that the prevalence of 83 

cognitive impairment among Chinese adults aged 60 years and above is approximately 22.24% 84 

[1]. The growing burden of dementia and mild cognitive impairment has also been widely 85 

documented both globally and in China, indicating that cognitive decline has become a major 86 

challenge for healthy ageing and public health systems [2,3]. In 2021, the number of older adults 87 

with disability or dementia reached 45 million, and it is projected that by 2060, the number of 88 



people aged 65 years and above with cognitive impairment and functional disability will increase 89 

more than fourfold [4]. Cognitive decline not only impairs memory, attention, and executive 90 

function, but may also progress to cognitive impairment or dementia, thereby increasing the risks 91 

of disability, depression, and mortality [5]. Therefore, delaying cognitive decline among older 92 

adults has become an important issue in promoting healthy aging. 93 

Increasing evidence suggests that cognitive health in later life is shaped not only by individual 94 

biological factors and medical care, but also by broader social and environmental conditions, 95 

including living environments, public services, social participation, health behaviors, and access to 96 

health resources [6-8]. Previous studies on cognitive ageing and urban health further suggest that 97 

built environments, neighbourhood conditions, city planning, and health-supportive urban 98 

governance may influence older adults' health through environmental, behavioural, and social 99 

pathways [9-11]. These factors are closely related to the framework of Health in All Policies, 100 

which emphasizes that health outcomes can be improved through coordinated actions across 101 

multiple sectors beyond the health system [12-14]. Healthy city construction represents an 102 

important policy practice of this framework. By improving urban environments, strengthening 103 

health-supportive infrastructure, optimizing public service provision, and encouraging healthy 104 

lifestyles, healthy city policies may create conditions that are conducive to cognitive health among 105 

older adults. 106 

In China, the Healthy City pilot policy was promoted as part of the broader healthy city 107 

construction strategy, and pilot cities were gradually selected for implementation [13]. As Healthy 108 

Cities initiatives are complex, multi-sectoral interventions rather than single-component health 109 

programmes, empirical evaluation of their health effects requires population-level evidence and 110 



careful policy evaluation designs [15]. This policy provides a valuable quasi-natural experiment 111 

for evaluating whether city-level health-oriented governance can improve cognitive health and 112 

reduce cognitive health inequality among older adults. However, existing studies have paid limited 113 

attention to the cognitive health effects of healthy city policies, and even less is known about 114 

whether such policies can reduce inequalities in cognitive health or through which mechanisms 115 

these effects may occur. 116 

Accordingly, this study uses data from the China Health and Retirement Longitudinal Study 117 

(CHARLS) from 2013 to 2020 and applies difference-in-differences and double machine learning 118 

methods to evaluate the effects of the Healthy City pilot policy on cognitive health and cognitive 119 

health relative deprivation among older adults in China. This study further explores potential 120 

mechanisms, including clean energy use, social participation, physical activity, smoking behavior, 121 

and digital inclusion. The findings provide empirical evidence on the role of health-oriented urban 122 

governance in promoting cognitive health and health equity in aging populations. 123 

 124 

Conceptual framework and hypotheses 125 

The theory of social determinants of health posits that residents' health is shaped not only by 126 

biological factors and medical services, but also by external social environments, including living 127 

conditions, social participation, health behaviors, and public policies. The theory of health equity 128 

further argues that health disparities do not arise solely from individual endowments, but are also 129 

rooted in differences across groups in access to health resources, health opportunities, and 130 

supportive health environments. As an important practice of Health in All Policies, healthy city 131 

construction may not only improve cognitive health among older adults by enhancing health-132 



supportive environments, optimizing the allocation of public resources, and promoting healthy 133 

behaviors, but also alleviate cognitive health inequalities across different socioeconomic groups 134 

by improving vulnerable populations' access to health resources [6-8,12-15]. Accordingly, this 135 

study constructs the theoretical analytical framework shown in Figure 1 and proposes the 136 

following research hypotheses. 137 

 138 

Figure 1 Research Framework and Theoretical Hypotheses 139 

 140 

Hypothesis H1: Healthy city construction can improve cognitive health among older adults. 141 

Hypothesis H2: Healthy city construction can mitigate inequalities in cognitive health among 142 

older adults. 143 

The theory of social determinants of health further suggests that health policies can influence 144 

health outcomes by improving residents’ lifestyles and health-supportive environments. 145 

Accordingly, the following mechanism hypotheses are proposed. 146 



The use of clean energy can reduce household exposure to indoor air pollution and mitigate the 147 

damage caused by harmful substances, such as particulate matter and carbon monoxide, to the 148 

respiratory system, cerebrovascular function, and the nervous system. Since low-income and rural 149 

older adult households are more likely to rely on traditional fuels, improved access to clean energy 150 

may help narrow cognitive health disparities [16]. Therefore, Hypothesis H3a is proposed: 151 

Healthy city construction mitigates cognitive health inequalities by increasing the use of clean 152 

energy in older adult households. 153 

Social participation can increase cognitive stimulation and emotional support among older 154 

adults, thereby reducing loneliness and social isolation. Social interaction involves various 155 

cognitive activities, such as memory, language, attention, and emotional regulation, and helps 156 

maintain cognitive reserve [17,18]. By improving community activities and creating age-friendly 157 

environments, healthy city construction may promote social participation among older adults. 158 

Therefore, Hypothesis H3b is proposed: Healthy city construction mitigates cognitive health 159 

inequalities by promoting social participation among older adults. 160 

Physical activity can improve cardiopulmonary function and cerebral blood and oxygen supply, 161 

reduce the risks of chronic diseases and inflammation, and may exert protective effects on 162 

cognitive function by promoting neuroplasticity [19,20]. By improving fitness facilities, parks and 163 

green spaces, and pedestrian environments, healthy city construction can lower the barriers to 164 

physical activity among older adults. Therefore, Hypothesis H3c is proposed: Healthy city 165 

construction mitigates cognitive health inequalities by promoting physical activity among older 166 

adults. 167 



Smoking impairs vascular function and increases the risks of chronic inflammation, oxidative 168 

stress, and cerebral hypoxia, thereby adversely affecting cognitive health among older adults 169 

[21,22]. Tobacco control campaigns, smoking restrictions in public places, and health education, 170 

as important components of healthy city construction, can help improve health behaviors among 171 

older adults and reduce the cognitive health risks associated with smoking. Therefore, Hypothesis 172 

H3d is proposed: Healthy city construction mitigates cognitive health inequalities by reducing 173 

smoking among older adults. 174 

Digital inclusion helps older adults access health information, use public services, and maintain 175 

social connections [23]. At the same time, the use of digital devices involves cognitive activities 176 

such as information retrieval, learning and memory, and problem-solving. By promoting smart 177 

health services and age-friendly digital adaptation, healthy city construction can help reduce 178 

barriers to digital use among older adults and enhance their access to health resources [6-8]. 179 

Therefore, Hypothesis H3e is proposed: Healthy city construction mitigates cognitive health 180 

inequalities by promoting digital inclusion among older adults. 181 

 182 

Methods 183 

Study design and population 184 

This study uses data from the 2013, 2015, 2018, and 2020 waves of the China Health and 185 

Retirement Longitudinal Study (CHARLS) [24]. CHARLS is a nationwide longitudinal survey of 186 

middle-aged and older adults aged 45 years and above in China. The survey covers a wide range 187 

of information, including individual characteristics, family structure, income status, and health 188 

conditions, and is well suited to the research needs of this study on cognitive health and related 189 



inequalities among older adults. Regarding macro-level data, information on the Healthy City pilot 190 

policy was obtained from publicly released lists of pilot cities issued by relevant national 191 

authorities, while city-level socioeconomic variables were mainly derived from publicly available 192 

statistical sources, such as the China Urban Statistical Yearbook. In line with the research 193 

objectives, the sample was processed as follows: observations with missing values for core 194 

variables, such as cognitive health indicators, and key control variables were excluded; 195 

observations from respondents younger than 60 years were excluded; and observations for which 196 

city-level information could not be matched were excluded. After these procedures, 28,193 197 

observations were included in the final unbalanced panel dataset. The CHARLS study was 198 

approved by the Biomedical Ethics Review Committee of Peking University (approval number: 199 

IRB00001052-11015), and all participants provided written informed consent before participating 200 

in the survey. The present study used publicly available de-identified CHARLS data and did not 201 

involve additional contact with participants. 202 



 203 

Figure 2 Flowchart of sample selection from the CHARLS 2013–2020 waves 204 

 205 

Figure 3 shows the spatial distribution of the CHARLS sample cities and the first-batch Healthy 206 

City pilot cities included in the CHARLS sample. The highlighted pilot cities represent only the 207 

pilot cities observed in this study sample, rather than all first-batch pilot cities nationwide, and 208 

provide spatial variation for identifying the policy effect of the Healthy City pilot policy. 209 



 210 

Figure 3 Distribution of CHARLS Sample Cities and the First Batch of Healthy City Pilot Cities 211 

 212 

Measurements 213 

Cognitive health and CH-RDI 214 

The dependent variables in this study include cognitive health among older adults and cognitive 215 

health inequality. It should be noted that "cognitive health" in this study primarily refers to 216 

cognitive function as measured by the cognitive assessment items in CHARLS. In other words, 217 

cognitive function is regarded as an important dimension of older adults' health and is measured 218 

using the CHARLS cognitive assessment indicators, including episodic memory, time orientation, 219 



calculation ability, and figure drawing [25,26]. The total score ranges from 0 to 31, with higher 220 

scores indicating better cognitive health among older adults. 221 

Cognitive health inequality was measured using the cognitive health relative deprivation index 222 

(CH-RDI) [27,28]. The CH-RDI reflects the relative disadvantage of an individual’s cognitive 223 

health level compared with a reference group. A higher CH-RDI indicates a greater degree of 224 

cognitive health relative deprivation and, therefore, more severe cognitive health inequality. 225 

Specifically, assuming that the cognitive health scores of the sample are arranged in ascending 226 

order as(ܻ = ,1ݕ) ⋯,2ݕ , 1ݕ)௡))，withݕ ≤ 2ݕ ≤ ⋯ ≤  ௡) , the CH-RDI for individual ݅ is 227ݕ

expressed as follows: 228 

௜ܫܦܴ =
௝ݕ)௬∑maxߤ1݊ − ௜ݕ , 0)௡
௝=1  229 

Furthermore, the above equation can also be written in the following equivalent form: 230 

௜ܫܦܴ =
௬ߤ+௜ߣ +௜ߤ) −  ௜) 231ݕ

where ܴܫܦ௜ denotes the cognitive health relative deprivation index of older adult ݅; ݕ௜ 232 

denotes the cognitive health score of older adult ݅; ݕ௝ denotes the cognitive health score of older 233 

adult ݆ in the sample; ݊ denotes the sample size; ߤ௬ denotes the mean cognitive health score of 234 

the sample; ߣ௜+ denotes the proportion of individuals whose cognitive health scores are higher 235 

than ݕ௜; and ߤ௜+ denotes the mean cognitive health score among individuals whose cognitive 236 

health scores are higher than ݕ௜. A higher value of this index indicates a more pronounced 237 

cognitive health disadvantage of the individual relative to the reference group and, consequently, a 238 

higher level of cognitive health inequality. 239 

 240 

Healthy City pilot policy 241 



The independent variable in this study is the Healthy City pilot policy. Based on the 2016 national 242 

list of Healthy City pilot cities, pilot cities were classified as the treatment group [13], while non-243 

pilot cities were classified as the control group. The period from 2018 onward was defined as the 244 

post-implementation period. The Healthy City pilot policy variable was generated by interacting 245 

the treatment group dummy variable with the post-implementation dummy variable. It was coded 246 

as 1 if the respondent’s city had entered the pilot implementation phase, and 0 otherwise. (Table 1) 247 

 248 

Mechanism variables 249 

This study included clean energy use, social participation, physical activity, smoking behavior, and 250 

digital inclusion as mechanism variables [16-23] to examine the specific pathways through which 251 

the Healthy City pilot policy affects cognitive health inequality among older adults. The 252 

measurement methods and coding criteria for these mechanism variables are shown in Table 1. 253 

 254 

Covariates 255 

Drawing on existing studies, this study controlled for relevant variables at both the individual and 256 

city levels. Individual-level covariates included age, gender, the logarithm of per capita household 257 

income, marital status, educational attainment, place of residence, and number of children. City-258 

level covariates included the logarithm of city-level GDP per capita and the logarithm of 259 

population size. In addition, year fixed effects and city fixed effects were incorporated into the 260 

model to control for common time shocks and time-invariant unobservable factors at the city 261 

level. 262 

 263 



Statistical analysis 264 

Difference-in-differences model 265 

Given that the Healthy City pilot policy was launched nationwide in 2016, this study treats it as a 266 

quasi-natural experiment and employs a difference-in-differences model to assess the effects of 267 

healthy city construction on cognitive health and cognitive health inequality among older adults 268 

[29,30]. The model is specified as follows: 269 

{ܻ௜௖௧} = ߙ + {௖௧}ܦܫܦߚ + {௜௖௧}ܺߠ + {௖௧}ܼߛ + ௖ߤ + ௧ߣ +  270 （1）       {௜௖௧}ߝ

In Eq. (1), ௜ܻ௖௧ denotes the cognitive health status or cognitive health relative deprivation of 271 

individual ݅ in city ܿ in year ܦܫܦ ;ݐ௖௧ denotes the Healthy City pilot policy variable; ௜ܺ௖௧ and 272 

ܼ௖௧ represent individual-level and city-level covariates, respectively; ߤ௖ and ߣ௧ denote city 273 

fixed effects and year fixed effects, respectively; ߝ௜௖௧ is the random error term; and ߠ ,ߚ ,ߙ, and 274 

 are parameters to be estimated. To mitigate the underestimation of standard errors caused by 275 ߛ

within-group autocorrelation, standard errors in the main regression results are clustered at the city 276 

level [31]. To further examine the reliability of the estimation results, this study conducts a series 277 

of robustness checks. On this basis, mechanism analysis is used to examine the pathways through 278 

which healthy city construction affects cognitive health inequality, and interaction terms between 279 

the policy variable and group characteristics are constructed to identify heterogeneity in policy 280 

effects across different groups of older adults. 281 

 282 

Double machine learning 283 

In evaluating the policy effects of the Healthy City pilot policy, traditional difference-in-284 

differences models mainly rely on linear functional form assumptions. If complex nonlinear 285 



relationships exist between the covariates and the outcome variable, model specification bias may 286 

arise. At the same time, the covariates in this study include individual-level and city-level 287 

variables, as well as city and year fixed effects, resulting in a relatively high-dimensional set of 288 

controls. To further enhance the reliability of the estimation results, this study introduces double 289 

machine learning as a complementary estimation approach based on the difference-in-differences 290 

framework. 291 

Double machine learning, proposed by Chernozhukov et al. [32], is based on the use of machine 292 

learning algorithms to handle high-dimensional covariates and nonlinear relationships. More 293 

generally, machine learning methods have been increasingly used in causal inference settings to 294 

address complex functional forms and high-dimensional covariates [33]. By employing 295 

orthogonalization and cross-fitting to reduce overfitting bias, this method can yield more robust 296 

estimates of causal effects. In this study, the Healthy City pilot policy variable is treated as the 297 

treatment variable, while the cognitive health index and cognitive health relative deprivation index 298 

among older adults are used as outcome variables. Accordingly, the following partially linear 299 

double machine learning model is constructed: 300 

௜ܻ௖௧ = ௖௧ܦܫܦ0ߠ + ݃0( ௜ܺ௖௧, ܼ௖௧ , ௖ߤ , (௧ߣ + ௜ܷ௖௧ (2) 301 

௖௧ܦܫܦ = ݉0( ௜ܺ௖௧, ܼ௖௧ , ௖ߤ , (௧ߣ + ௜ܸ௖௧ (3) 302 

where ௜ܻܿݐ denotes the cognitive health status of individual ݅ in city ܿ in year ݐ, including 303 

the cognitive health index and the cognitive health relative deprivation index; ܦܫܦ௖ݐ denotes the 304 

Healthy City pilot policy variable; ௜ܺܿݐ represents individual-level covariates, including age, 305 

gender, household income, marital status, educational attainment, place of residence, and chronic 306 

disease status; ܼ௖ݐ represents city-level covariates, including city-level GDP per capita and 307 



population size; ߤ௖ and ߣ௧ denote city fixed effects and year fixed effects, respectively; ݃0(·) 308 

and ݉0(·) are unknown functions that characterize the effects of covariates on the outcome 309 

variable and the policy variable, respectively; ௜ܷܿݐ and ௜ܸܿݐ are error terms; and 0ߠ represents 310 

the Healthy City pilot policy effect of interest in this study. By estimating Equations (2) and (3) 311 

using machine learning methods, the predicted values of the outcome variable and the policy 312 

variable can be obtained as follows: 313 

݃̂( ௜ܺ௖௧, ܼ௖௧, ௖ߤ , (௧ߣ = )ܧ ௜ܻ௖௧ ∣ ௜ܺ௖௧, ܼ௖௧, ௖ߤ , (௧ߣ (4) 314 

݉̂( ௜ܺ௖௧, ܼ௖௧ , ௖ߤ , (௧ߣ = ௖௧ܦܫܦ)ܧ ∣ ௜ܺ௖௧, ܼ௖௧ , ௖ߤ , (௧ߣ (5) 315 

Next, we obtain the residual terms for the outcome variable and the policy variable: 316 

 ܻ௜௖௧ = ௜ܻ௖௧ − ݃̂( ௜ܺ௖௧, ܼ௖௧ , ௖ߤ , (௧ߣ (6) 317 

௖௧ ܦܫܦ = ௖௧ܦܫܦ − ݉̂( ௜ܺ௖௧, ܼ௖௧ , ௖ߤ , (௧ߣ (7) 318 

Based on this, we perform a regression on the residualized outcome and policy variables to 319 

obtain estimates of the policy effects of the Healthy City pilot policy: 320 

0ߠ̂ = ௖௧ 2௜,௖,௧ ܦܫܦ∑) ௖௧௜,௖,௧ ܦܫܦ∑1−(  ܻ௜௖௧         (8)  321 

where ̂0ߠ denotes the average treatment effect of the Healthy City pilot policy on cognitive 322 

health or the cognitive health relative deprivation index among older adults. When the cognitive 323 

health index is used as the outcome variable, ̂0ߠ > 0 indicates that healthy city construction 324 

improves cognitive health among older adults. When the cognitive health relative deprivation 325 

index is used as the outcome variable, ̂0ߠ < 0 indicates that healthy city construction alleviates 326 

cognitive health inequality among older adults. 327 

 328 



In the estimation process, this study uses the Lasso algorithm to estimate the nuisance functions 329 

in Eqs. (4) and (5), and employs five-fold cross-fitting to reduce overfitting in machine learning 330 

estimation. In addition, considering that the Healthy City pilot policy was implemented at the city 331 

level, standard errors are clustered at the city level [31]. The double machine learning results 332 

provide complementary evidence to the baseline difference-in-differences estimates, further 333 

supporting the estimated effects of the Healthy City pilot policy on cognitive health and cognitive 334 

health inequality among older adults. 335 

Table 1 Variable definitions and descriptive statistics 336 

Variable 

category 
Variable name Variable coding Mean 

Standard 

deviation 

Dependent 

variable 

CH 
0–31 points; higher scores indicate better cognitive 

health 
14.79 6.03 

CH-RDI 

0–1; higher values indicate greater cognitive health 

relative deprivation and more severe cognitive 

health inequality 

0.23 0.24 

Independent 

variable 

Healthy City 

pilot policy 

Not in the pilot implementation phase = 0; in the 

pilot implementation phase = 1 
0.07 0.25 

Mechanism 

variable 

Clean energy 

use 
Not using clean energy = 0; using clean energy = 1 0.22 0.42 

Social 

participation 

No participation in social activities = 0; 

participation in social activities = 1 
 

0.55  

Physical 

activity 

No physical activity = 0; engaging in physical 

activity = 1 
0.45 0.50 

Smoking Non-smoking = 0; smoking = 1 0.31 0.46 

Digital 

inclusion 
Not using the Internet = 0; using the Internet = 1 0.14 0.34 

Covariate 

Gender Male = 1; female = 0 0.46 0.50 

Age Years 67.75 6.10 

Marital status Married = 1; unmarried or not currently married = 0 0.82 0.39 

Educational 

attainment 

Illiterate = 0; primary school or below = 1; junior 

high school = 2; senior high school or above = 3 
2.13 0.90 

Residence Rural = 0; urban = 1 0.41 0.49 

Chronic 

disease status 

No chronic disease = 0; one chronic disease = 1; 

two or more chronic diseases = 2 
0.58 0.82 



Number of 

children 

Continuous variable 

2.96 1.43 

Per capita 

household 

income(log) 

8.48 1.74 

City-level GDP 

per capita(log) 
10.69 0.66 

City population 

size(log) 
6.20 0.63 

Abbreviations: CH, cognitive health; CH-RDI, cognitive health relative deprivation index. 337 

 338 

Results 339 

Baseline difference-in-differences estimates 340 

Before examining the effect of healthy city construction on cognitive health inequality, this study 341 

first tested whether it improved cognitive health among older adults. This is because the reduction 342 

of cognitive health inequality should be based on actual improvements in cognitive health. If 343 

healthy city construction does not substantially improve cognitive health, then changes in the 344 

relative deprivation index alone would make it difficult to determine whether the policy has truly 345 

generated health gains. 346 

The baseline regression results are shown in Table 2. Columns (1)–(3) use cognitive health 347 

as the outcome variable, while Columns (4)–(6) use CH-RDI as the outcome variable. These 348 

columns report the results from models that include only city and year fixed effects, further 349 

adjust for individual-level covariates, and additionally include city-level covariates, 350 

respectively. The estimated coefficients of the Healthy City pilot policy on cognitive health 351 

were consistently positive and statistically significant across different model specifications. 352 

After adjusting for both individual- and city-level covariates, the coefficient of the policy 353 



variable was 0.677 and significant at the 1% level, indicating that healthy city construction 354 

significantly improved cognitive health among older adults. 355 

Meanwhile, the estimated coefficients of the Healthy City pilot policy on CH-RDI were 356 

consistently negative. In the fully adjusted model, the coefficient was statistically significant 357 

at the 5% level, suggesting that healthy city construction significantly reduced cognitive 358 

health relative deprivation among older adults and alleviated cognitive health inequality. 359 

Overall, the baseline regression results support Hypotheses H1 and H2. 360 

Table 2 Baseline difference-in-differences estimates of the effects of the Healthy City pilot policy 361 

Variable CH(1) CH(2) CH(3) CH-RDI(4) CH-RDI(5) CH-RDI(6) 

Healthy City 

pilot policy 

0.632** 

(0.244) 

0.598** 

(0.249) 

0.677*** 

(0.251) 

-0.016** 

(0.007) 

-0.015* 

(0.008) 

-0.018** 

(0.008) 

Observations 28,193 

Adj R² 0.090 0.265 0.266 0.105 0.359 0.359 

Note: Robust standard errors clustered at the city level are reported in parentheses. Models (1) and (4) include city 362 

and year fixed effects only; Models (2) and (5) additionally adjust for individual-level covariates; Models (3) and 363 

(6) additionally adjust for city-level covariates. * p < 0.10, ** p < 0.05, *** p < 0.01. 364 

 365 

Double machine learning estimates 366 

Table 3 reports the double machine learning estimates. The coefficient of the Healthy City pilot 367 

policy was 0.6678 for cognitive health and -0.0182 for CH-RDI, both statistically significant at the 368 

1% level. These results indicate that, after controlling for covariates and fixed effects and applying 369 

five-fold cross-fitting with the Lasso algorithm, the Healthy City pilot policy still significantly 370 

improved cognitive health and reduced cognitive health inequality among older adults. The 371 

findings are consistent with the baseline DID estimates, further supporting the use of double 372 

machine learning as a complementary estimation approach in high-dimensional causal inference 373 

settings [33]. 374 

Table 3 Estimates based on double machine learning 375 



Variable CH CH-RDI 

Healthy City pilot policy 0.6678*** -0.0182*** 

 (0.1743) (0.0064) 

Control variables Yes Yes 

Year fixed effects Yes Yes 

City fixed effects Yes Yes 

Observations 28,193 28,193 

Note: Robust standard errors clustered at the city level are reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 376 

0.01. 377 

 378 

Robustness checks 379 

Several robustness checks were conducted to assess the reliability of the baseline results. First, a 380 

placebo test was performed by randomly assigning the treatment group 500 times. The randomly 381 

estimated coefficients were mainly concentrated around zero, and the average p-value was 0.467, 382 

suggesting that the baseline findings were unlikely to be driven by random factors (Supplementary 383 

Fig. S1). Second, given that only two pre-policy waves were available before the implementation 384 

of the Healthy City pilot policy, a pre-trend test was conducted using the 2013 and 2015 samples 385 

[34]. The interaction term between the treatment group and the 2015 dummy variable was not 386 

statistically significant, indicating that there was no significant differential pre-policy trend 387 

between pilot and non-pilot cities. Third, a PSM-DID analysis was performed to reduce potential 388 

selection bias between pilot and non-pilot cities [35-37] (Supplementary Fig. S2). The estimated 389 

coefficient remained negative and statistically significant after matching. Fourth, after excluding 390 

municipalities directly under the central government, the estimated coefficient remained negative 391 

and significant. Fifth, after restricting the sample to individuals observed at least once before and 392 

after policy implementation [38], the estimated coefficient was still negative and significant. 393 

Finally, after additionally controlling for the National Demonstration Areas for Comprehensive 394 



Prevention and Control of Chronic Diseases, the estimated effect of the Healthy City pilot policy 395 

remained negative and statistically significant. Overall, these robustness checks consistently 396 

support the conclusion that healthy city construction reduced CH-RDI among older adults. 397 

Detailed results are presented in Table 4. 398 

Table 4 Robustness checks 399 

 Pre-trend 

test 
PSM-DID 

Excluding 

municipalities 

Restricted 

sample 

Other-policy 

control 

Key 

coefficient 

-0.014 

(0.009) 

-0.018** 

(0.007) 

-0.020** 

(0.009) 

-0.025*** 

(0.008) 

-0.018** 

(0.008) 

Observations 13,603 21,644 27,628 20,321 28,193 

Adj R² 0.346 0.356 0.359 0.340 0.359 

Note: Robust standard errors clustered at the city level are reported in parentheses. The outcome variable is CH-400 

RDI. In the pre-trend test, the key coefficient refers to the interaction between the treatment group and the 2015 401 

dummy variable; in the remaining columns, it refers to the Healthy City pilot policy. All models adjust for 402 

individual- and city-level covariates, as well as city and year fixed effects. * p < 0.10, ** p < 0.05, *** p < 0.01. 403 

 404 

Mechanism analysis 405 

Table 5 presents the results of the mechanism analysis. The findings suggest that healthy city 406 

construction reduced CH-RDI among older adults through multiple pathways. First, regarding 407 

infrastructure improvement, the Healthy City pilot policy significantly increased the use of clean 408 

energy in older adult households, and clean energy use was further associated with a lower CH-409 

RDI, supporting Hypothesis H3a. Second, regarding health-related behaviors and social 410 

engagement, the policy significantly promoted social participation and physical activity and 411 

reduced smoking among older adults. Social participation and physical activity were associated 412 

with lower CH-RDI, whereas smoking was associated with higher CH-RDI, supporting 413 

Hypotheses H3b, H3c, and H3d. Third, regarding digital inclusion, the policy significantly 414 

improved Internet use among older adults, and digital inclusion was further associated with lower 415 

CH-RDI, supporting Hypothesis H3e. Overall, these findings indicate that healthy city 416 



construction reduced cognitive health inequality not through a single pathway, but through 417 

multiple channels related to living environments, health behaviors, social participation, and digital 418 

inclusion. 419 

Table 5 Mechanism analysis 420 

Pathway 
Policy effect on 

mediator 

Policy effect on CH-

RDI 

Mediator effect on CH-

RDI 

Clean energy use 
0.086** 

(0.036) 

-0.017** 

(0.008) 

-0.019*** 

(0.004) 

Social 

participation 

0.032** 

(0.013) 

-0.018** 

(0.008) 

-0.015*** 

(0.002) 

Physical activity 
0.046** 

(0.022) 

-0.018** 

(0.008) 

-0.016*** 

(0.003) 

Smoking behavior 
-0.096*** 

(0.024) 

-0.017** 

(0.008) 

0.014*** 

(0.003) 

Digital inclusion 
0.082*** 

(0.013) 

-0.017** 

(0.008) 

-0.010*** 

(0.003) 

Observations 28,193 28,193 28,193 

Note: Robust standard errors clustered at the city level are reported in parentheses. All models adjust for 421 

individual- and city-level covariates, as well as city and year fixed effects. * p < 0.10, ** p < 0.05, *** p < 0.01. 422 

 423 

Heterogeneity analysis 424 

Further heterogeneity analyses were conducted to examine whether the effect of the Healthy City 425 

pilot policy differed across subgroups of older adults. The results showed that the inequality-426 

reducing effect of the policy was stronger among older individuals and older men. In terms of 427 

family support, the positive interaction coefficient for having children suggests that older adults 428 

with children benefited relatively less from the policy, indicating a stronger compensatory effect 429 

among those with weaker family support. No significant heterogeneity was observed by place of 430 

residence or chronic disease status. However, the policy effect was relatively weaker among older 431 

adults with ADL impairment. Regionally, the effect did not differ significantly between the central 432 



and eastern regions, whereas the policy had a stronger effect in reducing CH-RDI among older 433 

adults in the western region. Overall, these findings suggest that the Healthy City pilot policy had 434 

heterogeneous effects across demographic, functional, and regional groups. Detailed estimates are 435 

provided in Supplementary Table S1. 436 

 437 

Discussion 438 

Main findings and interpretation 439 

This study found that the Healthy City pilot policy significantly improved cognitive health among 440 

older adults and reduced CH-RDI, suggesting that healthy city construction may contribute not 441 

only to health promotion but also to the reduction of cognitive health inequality. Given the 442 

growing emphasis on dementia prevention and modifiable risk factors across the life course [39], 443 

these findings are of public health relevance. Cognitive health in later life is shaped not only by 444 

aging and individual physiological decline, but also by broader social and environmental 445 

conditions, including living environments, health behaviors, social participation, and access to 446 

public services [40,41]. From this perspective, healthy city construction provides a policy pathway 447 

for cognitive health promotion that goes beyond medical treatment and individual-level 448 

interventions. These findings highlight the importance of integrating cognitive health into broader 449 

urban governance and public health strategies. 450 

 451 

Potential mechanisms 452 

The mechanism analysis showed that healthy city construction reduced CH-RDI through multiple 453 

pathways, including clean energy use, social participation, physical activity, smoking reduction, 454 



and digital inclusion. Improvements in household energy use may reduce exposure to indoor air 455 

pollution and related environmental risks [42,43]. Greater social participation and physical activity 456 

may increase cognitive stimulation, social support, and opportunities for active aging [18,20,44]. 457 

Smoking reduction may help mitigate the long-term adverse effects of unhealthy behaviors on 458 

cerebrovascular and neural function [21,22,45]. Digital inclusion may further improve access to 459 

health information, public services, and social connections among older adults [23,46,47]. These 460 

results suggest that healthy city construction may reduce cognitive health inequality by narrowing 461 

disparities in environmental exposure, health behaviors, social support, and information 462 

accessibility. 463 

 464 

Heterogeneity of policy effects 465 

The heterogeneity analysis indicated that the effects of the Healthy City pilot policy differed 466 

across subgroups. The inequality-reducing effect was stronger among older individuals, older 467 

men, those without children, and older adults in western China, but relatively weaker among those 468 

with ADL impairment. The stronger effect among older individuals and older men is consistent 469 

with evidence that cognitive function and cognitive health inequalities vary across age and gender 470 

groups [48]. The finding that older adults without children benefited more may reflect the 471 

compensatory role of healthy city construction for those with weaker family support, as 472 

intergenerational support and perceived social support have been shown to be associated with 473 

cognitive function in later life [49,50]. The relatively weaker effect among older adults with ADL 474 

impairment may be related to functional limitations that restrict their ability to access and use 475 

health-supportive resources, which is consistent with evidence linking cognitive impairment and 476 



dependency in activities of daily living [51]. Regionally, the stronger effect in western China 477 

suggests that healthy city construction may have greater marginal benefits in areas with relatively 478 

less developed infrastructure and public services. Overall, these findings indicate that general 479 

improvements in urban health environments may generate compensatory effects among some 480 

vulnerable groups, but additional targeted support is still needed for older adults with functional 481 

limitations. 482 

 483 

Policy implications 484 

These findings have several policy implications. First, cognitive health among older adults could 485 

be further incorporated into healthy aging and healthy city strategies, with greater attention to 486 

prevention, early screening, and community-based health management. Second, health-oriented 487 

urban governance may help promote cognitive health by improving age-friendly and accessible 488 

environments, community activity spaces, clean household energy, tobacco control, and digital 489 

assistance for older adults. Third, targeted support may be needed for oldest-old adults, older 490 

adults without family support, those with ADL impairment, and those living in less developed 491 

regions. In particular, home-based services, accessible environments, digital support, and 492 

community care programs may help ensure that vulnerable older adults can benefit from healthy 493 

city construction. Overall, promoting cognitive health requires moving beyond disease treatment 494 

toward a more integrated policy framework that combines public health, urban governance, and 495 

health equity. This is also consistent with evidence from multidomain intervention studies, which 496 

suggests that integrated strategies combining lifestyle modification, cognitive training, and 497 

vascular risk management may help prevent cognitive decline in older adults [52]. 498 



 499 

Conclusions 500 

This study provides evidence that the Healthy City pilot policy significantly improved cognitive 501 

health among older adults in China and reduced cognitive health inequality. The findings suggest 502 

that health-oriented urban governance may promote cognitive health equity through multiple 503 

pathways, including improvements in living environments, health behaviors, social participation, 504 

and digital inclusion. Future healthy city and healthy aging strategies should place greater 505 

emphasis on cognitive health promotion and targeted support for vulnerable older adults. 506 

 507 

 508 
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