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Abstract 9 

Background: Health service supply capacity depends not only on the stock of medical resources, but also 10 

on urban eco-sanitation conditions, public infrastructure, and resource-allocation mechanisms. Existing 11 

studies have mainly examined the effects of environmental exposure on health outcomes, whereas limited 12 

attention has been paid, from a health services research perspective, to whether improvements in the 13 

eco-sanitation environment can be converted into urban health service supply capacity. 14 

Methods: This study constructed a panel dataset of Chinese prefecture-level and above cities for 15 

2002-2024. The urban health service supply capacity index was used as the dependent variable, and the 16 

eco-sanitation environment index was used as the core explanatory variable. Two-way fixed effects models, 17 

dimension-specific analysis, mechanism tests, moderation analysis, heterogeneity analysis, robustness 18 

checks, and interpretable machine learning were combined to identify mismatch mechanisms and boundary 19 

conditions in the conversion from eco-sanitation improvement to health service supply capacity. 20 

Results: The results show that the eco-sanitation environment, green infrastructure, and municipal 21 

sanitation facilities in Chinese cities improved continuously, whereas health service supply capacity 22 

increased more slowly. The baseline model does not provide evidence that eco-sanitation improvement can 23 

be stably converted into stronger health service supply capacity. Dimension-specific results indicate 24 

differentiated roles of green infrastructure, municipal sanitation facilities, and pollution pressure; pollution 25 

pressure mainly reflects a resource-allocation response rather than an environmental benefit. Mechanism 26 

tests show that urban construction investment and public fiscal capacity have not formed a stable 27 

transmission chain. Heterogeneity and interpretable machine learning results further suggest that this 28 

relationship is jointly shaped by the stage of urban development, population size, fiscal capacity, the 29 

energy-carbon context, and nonlinear boundaries. 30 

Conclusions: Eco-sanitation improvement should not be regarded as a sufficient condition for enhancing 31 

health service supply capacity. Healthy city development should integrate eco-sanitation governance, 32 

municipal infrastructure investment, primary care network planning, health workforce allocation, and 33 

public fiscal arrangements into a unified health service governance framework, so that environmental 34 

improvement can be translated into real health service supply capacity. 35 

Keywords: health service supply capacity; healthcare resource allocation; urban eco-sanitation 36 

environment; health service governance; Chinese cities; interpretable machine learning 37 

1 Background 38 

Urbanization is reshaping the distribution of population, resources, environmental risks, and public 39 

services. Urban agglomeration improves the efficiency of medical care, employment, and infrastructure 40 
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provision, but it also intensifies air pollution, energy consumption, heat exposure, solid waste, wastewater 41 

treatment pressures, and public health service demand. Previous studies have shown that urbanization 42 

changes not only health exposure and chronic disease risks, but also healthcare resource allocation, service 43 

accessibility, and the structure of public health demand [1-3]. Urban health, therefore, is no longer only an 44 

issue within medical institutions; it is the joint outcome of the built environment, ecological infrastructure, 45 

municipal sanitation conditions, pollution exposure, fiscal capacity, and the health service system. 46 

Research on high-quality health systems emphasizes that health improvement depends not only on the 47 

quantity of medical resources, but also on whether these resources can be effectively organized, made 48 

accessible, and converted into real service capacity [4]. Donabedian's structure-process-outcome 49 

framework and the ecology of medical care further indicate that health service capacity should be 50 

understood in relation to resource structure, service processes, and the broader social environment [5,6]. 51 

Accordingly, this study defines urban health service supply capacity as the ability of a city, under given 52 

population size, eco-sanitation conditions, and public infrastructure constraints, to allocate, support, and 53 

continuously provide basic health service resources. The central issue is not the mere stock of medical 54 

resources, but whether resources can be effectively allocated and transformed within the urban governance 55 

system. 56 

Existing health services research has explained health service capacity from the perspectives of medical 57 

utilization, accessibility, and resource allocation [7-9]. At the macro level, the density of the health 58 

workforce, primary care systems, and medical service networks is closely related to health system 59 

performance [10,11]. Since China's health system reform, health resources, insurance coverage, and public 60 

health systems have improved continuously, yet resource-allocation disparities remain across regions, 61 

urban and rural areas, and institutional tiers [12-14]. Studies on the Healthcare Access and Quality Index 62 

and effective coverage index also show that mortality or disease burden alone is insufficient to identify 63 

weaknesses in health systems; comprehensive assessment should incorporate supply capacity, service 64 

coverage, and population demand [15-17]. 65 

At the same time, a growing body of evidence suggests that urban ecological environments and municipal 66 

sanitation conditions are important upstream factors shaping health service demand and service capacity. 67 

Green space may affect residents' health by promoting physical activity, relieving psychological stress, 68 

reducing heat exposure, mitigating air pollution, and enhancing social interaction [18,19]. Systematic 69 

reviews and meta-analyses have reported significant associations between green-space exposure and 70 

all-cause mortality, cardiovascular disease, mental health, pregnancy outcomes, and physiological stress 71 

indicators [20-23]. Research on urban green infrastructure further emphasizes that green space is not 72 

merely a landscape element, but a joint carrier of ecosystem services, climate adaptation, public health, and 73 

social equity [24,25]. Maas et al. found a stable relationship between green space and residents' health, 74 

while Mitchell and Popham showed that exposure to the natural environment may reduce health 75 

inequalities [26,27]. These studies imply that green infrastructure may not only directly reduce health risks, 76 

but also indirectly influence healthcare resource allocation and health service capacity by improving urban 77 

livability, governance capacity, and the attractiveness of public services. 78 

Environmental pollution is another key pathway linking the eco-sanitation environment with health service 79 

supply capacity. Strong evidence has linked long-term air pollution exposure to mortality risk, 80 

cardiopulmonary disease, lung cancer, and loss of life expectancy [28-31]. Global burden of disease studies 81 

and the Lancet Commission on pollution and health have shown that air pollution and broader pollution 82 

risks cause substantial mortality and disease burden [32-34]. Source-attribution research further indicates 83 

that industrial, energy, transport, and residential combustion emissions increase premature mortality 84 

through different pathways, while transboundary pollution transport changes the spatial attribution of 85 

health damages [35,36]. In China, evidence from the Huai River policy, national air pollution mapping, and 86 

estimates of pollution-related health damages all demonstrate that long-term pollution exposure is closely 87 

related to life expectancy losses and health burden [37-40]. Higher pollution pressure may increase latent 88 

health service demand and may also crowd out public fiscal and infrastructure resources through 89 

environmental governance and disease-burden pressures, thereby weakening the capacity of urban health 90 

service systems. 91 
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In addition to green space and pollution pressure, municipal sanitation infrastructure, such as water supply, 92 

wastewater treatment, environmental sanitation, and solid-waste management, provides the basic 93 

foundation of urban public health systems. Studies on water, sanitation, and hygiene interventions have 94 

shown that improved water and sanitation conditions can substantially reduce diarrhoeal disease risks 95 

[41,42]. Mara et al. and Bartram and Cairncross emphasized that sanitation facilities are not peripheral to 96 

traditional medical systems, but constitute a foundational component of public health [43,44]. Global 97 

burden of disease studies have further estimated the health losses attributable to inadequate water, 98 

sanitation, and hygiene, while cost-benefit analyses have argued that health benefits should be incorporated 99 

into evaluations of water-supply and sanitation infrastructure investments [45-47]. Thus, sewage treatment 100 

rates, centralized sewage treatment rates, harmless domestic waste treatment rates, water supply coverage, 101 

and gas coverage can be regarded as important components of the urban eco-sanitation environment. 102 

Health service supply capacity is also affected by spatial accessibility and the structure of urban resource 103 

allocation. Classic accessibility research argues that access depends not only on whether services exist, but 104 

also on the spatial, economic, and organizational match between resources and demand [48]. Luo and 105 

Wang systematically examined measures of spatial accessibility to healthcare in a GIS environment, and 106 

Wang and Luo further integrated spatial and non-spatial factors to identify health professional shortage 107 

areas [49,50]. Methods such as the enhanced two-step floating catchment area approach have advanced 108 

healthcare accessibility research from static supply indicators to spatial supply-demand matching measures 109 

[51]. However, fine-grained geographic accessibility and residents' healthcare-seeking behavior data are 110 

not always available in long-term cross-city panel research. Therefore, city-level indicators such as 111 

hospital and health-center beds per 10,000 persons, licensed physicians per 10,000 persons, and hospitals 112 

and health centers per 10,000 persons cannot fully represent micro-level accessibility, but they still provide 113 

long-term, comparable proxies for supply-side health service capacity. 114 

Energy consumption and carbon emissions provide a broader environmental pressure context for 115 

understanding the relationship between the eco-sanitation environment and health service supply capacity. 116 

City-level carbon-emission accounting in China has developed into a relatively mature framework and can 117 

support research on urban low-carbon governance, environmental risks, and public health [52,53]. Energy 118 

consumption, industrial structure, and carbon emissions are often intertwined with pollution exposure, 119 

infrastructure efficiency, and urban governance capacity [54,55]. Therefore, high energy intensity and high 120 

carbon emissions may reflect not only resource and environmental pressures associated with urban 121 

development patterns, but also changes in the marginal relationship between eco-sanitation improvement 122 

and health service supply capacity. In other words, whether eco-sanitation construction can be converted 123 

effectively into stronger health service supply capacity may depend on whether a city can simultaneously 124 

move beyond development constraints characterized by high pollution, high energy consumption, and high 125 

carbon emissions. 126 

In recent years, the combination of panel econometric models and interpretable machine learning has 127 

provided a new methodological pathway for urban environmental health research. Random forests and 128 

gradient boosting models can capture complex nonlinear relationships and variable importance [56,57], 129 

while interpretability tools such as SHAP and LIME further improve the explainability of machine learning 130 

results [58,59]. However, machine learning mainly supports prediction, identification of variable 131 

contributions, and discovery of nonlinear patterns; it cannot replace fixed effects models, lag structures, 132 

and robustness checks in identifying average associations and directional relationships. Therefore, in city 133 

panel studies, a more appropriate strategy is to use panel econometric models to identify average 134 

relationships between the eco-sanitation environment and health service supply capacity, while using 135 

interpretable machine learning to supplement the analysis of variable importance, threshold patterns, and 136 

potential heterogeneity. 137 

In summary, three gaps remain in the literature. First, most environmental health studies focus on mortality, 138 

disease burden, or individual health outcomes, while relatively few studies examine how the urban 139 

eco-sanitation environment affects health service supply capacity and resource allocation from a health 140 

services research perspective. Second, green infrastructure, water and gas supply, wastewater treatment, 141 

solid-waste management, and pollution pressure are often studied separately, and there is a lack of an 142 

integrated analytical framework that connects urban eco-sanitation conditions with the supply capacity of 143 
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health service systems. Third, few studies of Chinese cities have simultaneously examined whether 144 

eco-sanitation improvement can be converted into stronger health service supply capacity and why this 145 

conversion may be constrained by energy-carbon conditions, public finance, healthcare resource allocation, 146 

and urban heterogeneity. Against this background, this study constructs a city panel dataset for China 147 

covering 2002-2024, uses urban health service supply capacity as the dependent variable and the urban 148 

eco-sanitation environment as the core explanatory variable, and combines two-way fixed effects models, 149 

mechanism tests, heterogeneity analysis, robustness checks, and interpretable machine learning to identify 150 

mismatch mechanisms and boundary conditions in the conversion from eco-sanitation improvement to 151 

health service supply capacity. Figure 1 presents the research framework and methodological route. 152 
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 153 

Figure 1 Research framework and methodological route 154 

Accordingly, this study focuses on the conversion relationship between eco-sanitation improvement and 155 

health service supply capacity and proposes the following research questions: RQ1, can improvements in 156 

the urban eco-sanitation environment be stably converted into stronger health service supply capacity? 157 
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RQ2, do green infrastructure, municipal sanitation facilities, and pollution pressure play differentiated 158 

roles in this relationship? RQ3, do urban construction investment and public fiscal capacity constitute 159 

effective channels through which the eco-sanitation environment is converted into health service supply 160 

capacity? RQ4, do pollution pressure, energy intensity, and carbon emissions modify the marginal 161 

relationship between the eco-sanitation environment and health service supply capacity? RQ5, does this 162 

relationship exhibit city-type heterogeneity and nonlinear boundaries? 163 

The contributions of this study are threefold. First, it incorporates urban health service supply capacity into 164 

the eco-sanitation environment research framework, but does not presuppose an automatic positive 165 

conversion between the two; instead, it examines from a health services research perspective whether 166 

eco-sanitation improvement can be translated into comparable service supply capacity. Second, it 167 

constructs an urban eco-sanitation analytical framework that includes green infrastructure, municipal 168 

sanitation facilities, pollution pressure, energy intensity, and carbon emissions, thereby identifying 169 

structural mismatches between the eco-sanitation environment and health service supply capacity. Third, 170 

by combining two-way fixed effects models with interpretable machine learning, it reveals how such 171 

mismatches manifest across time, space, administrative sectors, and stages of urban development, 172 

providing empirical evidence for coordinated healthcare resource allocation, primary service network 173 

planning, and healthy city governance. 174 

2 Methods 175 

2.1 Data sources and sample construction 176 

This study adopts a long-term city-level panel design, taking Chinese prefecture-level and above cities as 177 

observational units and city-year observations as the basic analytical unit. It examines the conversion 178 

relationship and mismatch mechanisms between eco-sanitation improvement and urban health service 179 

supply capacity. The object of analysis is not individual health outcomes or the performance of a single 180 

medical institution, but the supply-side capacity of urban health service systems. Therefore, the urban 181 

health service supply capacity index (HSC) is used as the dependent variable, and the ecological sanitation 182 

environment index (ESE) is used as the core explanatory variable. Considering that eco-sanitation 183 

infrastructure construction, green-space improvement, and enhancement of municipal sanitation conditions 184 

may affect healthcare resource allocation with a time lag, the baseline model uses the one-year lagged 185 

eco-sanitation environment index (ESE_i,t-1). 186 

The data come from four types of city-level statistical sources[60]. The first is a comprehensive urban 187 

panel dataset, which provides GDP, population, fiscal revenues and expenditures, industrial structure, 188 

health resources, industrial pollution emissions, and PM₂.₅, and is used to construct health service supply 189 

capacity, control variables, and pollution pressure indicators. The second is the panel dataset from the 190 

China Urban Construction Statistical Yearbook, which provides water supply, gas supply, wastewater 191 

treatment, waste treatment, green space, and built-up area indicators, and is the main source for 192 

constructing the eco-sanitation environment, green infrastructure, and municipal sanitation facility indices. 193 

The third is prefecture-level city energy consumption data, which provide total energy consumption, 194 

energy intensity per unit GDP, and per capita energy consumption for energy-constraint and extended 195 

analyses. The fourth is the CEADs city-level sectoral carbon-emission inventory, which is used to 196 

incorporate the carbon-emission dimension. The data sources and uses are shown in Table 1. 197 

Table 1 Data sources and uses 198 

Data source Year range Main variables Use in this study 

Comprehensive urban 
panel data 

2000-2024 

GDP, population, industrial 
structure, fiscal revenues and 

expenditures, health resources, 
industrial pollution emissions, 

PM₂.₅ 

Construction of health service 
supply capacity, control 
variables, and pollution 

pressure indicators 

China Urban Construction 
Statistical Yearbook panel 2002-2024 

Water supply, gas supply, sewage 
treatment, waste treatment, green 
space, and built-up area indicators 

Construction of eco-sanitation 
environment, green 

infrastructure, and municipal 
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sanitation facility indices 

Prefecture-level city 
energy consumption data 

2006-2024 

Total energy consumption, energy 
intensity per unit GDP, and per 

capita energy consumption 

Energy constraints, 
moderation analysis, and 

extended analysis 

CEADs city-level sectoral 
carbon-emission 

inventory 

1997-2019 City-level sectoral CO₂ emissions 

Carbon-emission moderation 
analysis and extended 

analysis; only successfully 
matched city-code samples are 

used 

The sample was constructed by merging data using city administrative division codes and year. For 199 

CEADs data without unified city codes, province and city names were first standardized and then matched 200 

to administrative division codes through city-name aliases. Observations with multiple candidates, 201 

unidentifiable administrative boundary changes, or unstable city-name matches were excluded from 202 

carbon-emission extended models. For cities that experienced administrative boundary adjustments, name 203 

changes, or code changes during the study period, the analysis used continuously traceable prefecture-level 204 

city administrative codes as the baseline. City-year observations that could not be stably traced to the same 205 

administrative unit were excluded from the baseline model to ensure consistency in spatial units. 206 

The main sample covers 2002-2024 and includes 289 cities and 6,647 city-year observations. The baseline 207 

model requires non-missing values for the health service supply capacity index, the one-year lagged 208 

eco-sanitation environment index, and the main control variables, resulting in 5,070 usable city-year 209 

observations. The energy-extended sample covers 2006-2024 and includes 279 cities and 5,301 210 

observations, of which 4,178 satisfy the extended model conditions. The CEADs extended sample matches 211 

257 cities. The main_ceads_2002_2019 sample contains 5,202 observations, of which 3,147 are usable; the 212 

energy_ceads_2006_2019 sample contains 3,906 observations, of which 2,748 are usable. The sample 213 

structure is shown in Table 2. 214 

Table 2 Sample structure 215 

Sample Data sheet Year range Cities Observations 

Model-u
sable 

observati
ons 

Main use 

Main 
sample 

main_2002
_2024 

2002-2024 289 6647 5070 
Baseline two-way fixed 

effects model 

Energy-exte
nded 

sample 

energy_200
6_2024 

2006-2024 279 5301 4178 

Models including energy 
consumption, energy 

intensity, and per capita 
energy consumption 

CEADs 
extended 
sample 

main_ceads
_2002_201

9 

2002-2019 257 5202 3147 
Models including city-level 
sectoral carbon emissions 

Energy-CE
ADs 

extended 
sample 

energy_cea
ds_2006_20

19 

2006-2019 257 3906 2748 

Models including both 
energy variables and carbon 

emissions 

Data preprocessing included standardizing city names, city codes, and year formats; removing duplicate 216 

city-year records; harmonizing variable units and statistical definitions; and winsorizing continuous 217 

indicators at the 1st and 99th percentiles. Derived variables were further constructed, including health 218 

resources per 10,000 persons, pollution emissions per unit GDP, fiscal expenditure as a share of GDP, 219 

fixed-asset investment as a share of GDP, loan balance as a share of GDP, and the logarithm of per capita 220 

GDP. The baseline estimation uses complete-case samples and does not impute core variables. For 221 

monetary variables such as GDP, fiscal expenditure, fixed-asset investment, loan balance, and urban 222 

construction investment, this study preferentially uses ratios to GDP or logarithmic forms; where 223 

cross-year absolute monetary comparisons are involved, values are converted to comparable prices using 224 

the corresponding price indices. In the mechanism tests, urban maintenance and construction expenditure, 225 

landscaping investment, wastewater treatment investment, and sanitation and environmental appearance 226 

investment are all converted to shares of GDP, while year fixed effects further absorb national price 227 
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changes and common macroeconomic trends. 228 

2.2 Variable definitions 229 

The dependent variable is the urban health service supply capacity index (HSC_it), which measures a city's 230 

ability to allocate and provide basic health service resources for a given population size. The index consists 231 

of three positive indicators: hospital and health-center beds per 10,000 persons (health_beds_per_10k), 232 

licensed assistant and practicing physicians per 10,000 persons (licensed_doctors_per_10k), and hospitals 233 

and health centers per 10,000 persons (hospitals_health_centers_per_10k). These indicators reflect medical 234 

facility capacity, health workforce supply, and service network density, respectively. 235 

It should be noted that the urban health service supply capacity referred to in this study is operationalized 236 

as a supply-side proxy index. Because all three component indicators are standardized per 10,000 persons, 237 

they incorporate population demand to some extent; however, they primarily reflect the stock of health 238 

resources and the density of service outlets. They cannot directly represent quality of care, actual service 239 

utilization, or residents' health outcomes. To avoid overextending the concept, the index is interpreted 240 

below as a comparable city-level proxy for health service supply capacity rather than as a complete 241 

measure of health system performance. 242 

The core explanatory variable is the one-year lagged eco-sanitation environment index (ESE_i,t-1). ESE_it 243 

is composed of park green area per capita, built-up area green coverage rate, built-up area green-space rate, 244 

water supply coverage, gas coverage, sewage treatment rate, centralized sewage treatment rate, and 245 

harmless domestic waste treatment rate. It comprehensively reflects urban green space, municipal 246 

sanitation facilities, and basic eco-sanitation conditions. The baseline model uses lagged ESE to reduce the 247 

risk of reverse association between contemporaneous expansion of health services and eco-sanitation 248 

construction. 249 

To identify the internal structure of the eco-sanitation environment, this study further constructs a green 250 

infrastructure index (GII), a municipal sanitation facility index (MSI), and a pollution pressure index (PPI). 251 

GII_it is composed of park green area per capita, built-up area green coverage rate, and built-up area 252 

green-space rate. MSI_it is composed of water supply coverage, gas coverage, sewage treatment rate, 253 

centralized sewage treatment rate, and harmless domestic waste treatment rate. PPI_it is composed of 254 

industrial wastewater, sulfur dioxide, smoke and dust, and nitrogen oxide emissions per unit GDP, together 255 

with annual mean PM₂.₅ concentration. A higher PPI indicates greater pollution exposure and governance 256 

pressure. 257 

The control vector X_it is included to reduce omitted-variable bias arising from differences in urban 258 

economic development, industrial structure, fiscal capacity, population size, urbanization, investment, and 259 

financial conditions. The baseline model includes the logarithm of per capita GDP (ln_pgdp_yuan), the 260 

share of secondary industry in GDP (secondary_industry_share), and local fiscal expenditure as a share of 261 

GDP (fiscal_expenditure_gdp). Extended models further include the tertiary industry share, population size, 262 

urbanization rate, population density, fixed-asset investment, loan balance, education expenditure, science 263 

and technology expenditure, and R&D intensity. Energy-extended analyses use total energy consumption, 264 

energy intensity per unit GDP, and per capita energy consumption. Carbon-emission extended analyses use 265 

CEADs city-level sectoral CO₂ emissions. Mechanism tests use variables such as urban maintenance and 266 

construction expenditure, landscaping investment, sanitation and environmental appearance investment, 267 

wastewater treatment investment, and public fiscal capacity. Heterogeneity analyses use grouping variables 268 

for region, the Hu Huanyong line, city size, economic development level, and fiscal capacity. The main 269 

variable definitions are shown in Table 3. 270 

Table 3 Variable definitions and model roles 271 

Category Symbol Variable name Measurement Model role 

Dependent 
variable 

HSCit 
health_capacity_inde

x 

Entropy-weighted index based on beds, 
licensed physicians, and hospitals/health 

centers per 10,000 persons 

Measures urban health 
service supply 

capacity 

Core ESEi,t-1 eco_sanitation_index One-year lagged eco-sanitation environment Core variable in the 
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explanatory 
variable 

_l1 index including green space, water supply, 
gas supply, sewage treatment, and waste 

treatment indicators 

baseline model 

Green 
infrastructur

e 
GIIi,t-1 green_infrastructure_

index_l1 

Park green area per capita, built-up area 
green coverage rate, and built-up area 

green-space rate 

Dimension-specific 
test 

Municipal 
sanitation 
facilities 

MSIi,t-1 municipal_sanitation
_index_l1 

Water supply coverage, gas coverage, 
sewage treatment rate, centralized sewage 

treatment rate, and harmless domestic waste 
treatment rate 

Dimension-specific 
test 

Pollution 
pressure 

PPIi,t-1 pollution_pressure_in
dex_l1 

Industrial wastewater, SO₂, smoke/dust, and 
NOₓ emissions per unit GDP, plus PM₂.₅; 
higher values indicate greater pollution 

pressure 

Control variable, 
dimension-specific 

variable, or moderator 

Energy 
variables 

Energyi,t-
1 

energy_intensity_10k
_tce_per_100m_yuan

_l1, etc. 

Total energy consumption, energy intensity 
per unit GDP, and per capita energy 

consumption 

Energy-extended 
model 

Carbon-emi
ssion 

variable 
CO2it 

ceads_sector_co2_mi
llion_ton 

CEADs city-level sectoral CO₂ emissions, 
measured in million tons 

Carbon-emission 
extended model 

Control 
variables 

Xit 

ln_pgdp_yuan, 
secondary_industry_s

hare, 
fiscal_expenditure_g

dp, etc. 

Economic development, industrial structure, 
fiscal capacity, population size, 

urbanization, investment, and financial 
conditions 

Reduce 
omitted-variable bias 

Mechanism 
variables 

Mit 

Variables related to 
construction, green 
space, sanitation, 
sewage, and fiscal 

capacity 

Urban maintenance and construction 
expenditure, landscaping investment, 

sanitation and environmental appearance 
investment, wastewater treatment 

investment, and public fiscal capacity 

Mechanism test 

Grouping 
variables 

Gi 

region, city_size, 
huhuan_yong, 
pgdp_group, 

fiscal_group, etc. 

Region, city size, Hu Huanyong line, 
economic development level, and fiscal 

capacity 

Heterogeneity analysis 

2.3 Index construction method 272 

This study uses the entropy weighting method to construct composite indices. The basic logic is that if an 273 

indicator varies more across city-year observations, it contains more information and receives a larger 274 

weight in the composite index; if an indicator varies less, it receives a lower weight. To ensure that the 275 

indices are comparable across years, all composite indices are weighted using the pooled city-year sample 276 

rather than being weighted separately by year. 277 

Let xijt denote the jth raw indicator for city i in year t. For positive indicators, values are first winsorized at 278 

the 1st and 99th percentiles and then standardized using min-max normalization: 279 

Formula (1): Min-max normalization 280 

zijt=
xijt−min(xj)

max(xj)−min(xj)    (1) 281 

where zijt is the standardized indicator value, xijt is the raw indicator value, and min(xj) and max(xj) are the 282 

minimum and maximum values of indicator j in the full city-year sample, respectively. For 283 

pollution-pressure indicators, this study focuses on the level of pollution pressure itself; therefore, 284 

pollution emissions per unit GDP and PM₂.₅ concentration are also treated as positive pressure indicators, 285 

meaning that higher values indicate greater pollution pressure. 286 

After standardization, the share of indicator j in observation it is calculated as follows: 287 

Formula (2): Indicator share 288 
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pijt=
zijt+ε∑ ∑ (zijt+ε)ti

    (2) 289 

where ε is a very small positive number used to avoid undefined logarithms when values are zero. The 290 

information entropy of each indicator is calculated as follows: 291 

Formula (3): Information entropy 292 

ej=− 1
ln(nj)∑ ∑ pijtti ln (pijt)    (3) 293 

where nj denotes the number of non-missing observations for indicator j. The information utility and 294 

indicator weight are then calculated as follows: 295 

Formula (4): Information utility 296 

dj=1−ej    (4) 297 

Formula (5): Entropy weight 298 

wj=
dj∑ djj

    (5) 299 

where dj denotes the information utility value of indicator j, and wj denotes its entropy weight. The final 300 

composite index is calculated as follows: 301 

Formula (6): Composite index 302 

Indexit=
∑ wjj zijt∑ wjj I(zijt is nonmissing)    (6) 303 

where I(·) is an indicator function. When a city-year observation has some missing component indicators, 304 

the index is recalculated by normalizing over the weights of the indicators actually available for that 305 

observation. To ensure stable index interpretation, the health service supply capacity index requires at least 306 

two valid components, the green infrastructure index requires at least two valid components, the municipal 307 

sanitation facility index requires at least three valid components, the eco-sanitation environment index 308 

requires at least four valid components, and the pollution pressure index requires at least two valid 309 

components. Observations below the minimum number of valid components are set to missing. The 310 

components and entropy weights of each composite index are shown in Table 4. 311 

Table 4 Components and entropy weights of composite indices 312 

Index system Original indicator Variable name Entropy weight 
Health service supply 
capacity index (HSC) 

Hospital and health-center 
beds per 10,000 persons 

health_beds_per_10k 0.2626 

Health service supply 
capacity index (HSC) 

Licensed physicians per 
10,000 persons 

licensed_doctors_per_10k 0.3209 

Health service supply 
capacity index (HSC) 

Hospitals and health 
centers per 10,000 

persons 

hospitals_health_centers_
per_10k 

0.4165 

Green infrastructure index 
(GII) Park green area per capita park_green_area_pc 0.5754 

Green infrastructure index 
(GII) 

Built-up area green 
coverage rate 

builtup_green_coverage_r
ate 

0.2106 

Green infrastructure index 
(GII) 

Built-up area green-space 
rate 

builtup_green_space_rate 0.2140 

Municipal sanitation 
facility index (MSI) 

Water supply coverage 
rate 

water_supply_coverage_r
ate 

0.1136 

Municipal sanitation 
facility index (MSI) Gas coverage rate gas_coverage_rate 0.2038 
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Municipal sanitation 
facility index (MSI) Sewage treatment rate sewage_treatment_rate 0.2457 

Municipal sanitation 
facility index (MSI) 

Centralized sewage 
treatment rate 

centralized_sewage_treat
ment_rate 

0.3085 

Municipal sanitation 
facility index (MSI) 

Harmless domestic waste 
treatment rate 

harmless_garbage_treatm
ent_rate 

0.1284 

Eco-sanitation 
environment index (ESE) Park green area per capita park_green_area_pc 0.2757 

Eco-sanitation 
environment index (ESE) 

Built-up area green 
coverage rate 

builtup_green_coverage_r
ate 

0.1009 

Eco-sanitation 
environment index (ESE) 

Built-up area green-space 
rate 

builtup_green_space_rate 0.1025 

Eco-sanitation 
environment index (ESE) 

Water supply coverage 
rate 

water_supply_coverage_r
ate 

0.0592 

Eco-sanitation 
environment index (ESE) Gas coverage rate gas_coverage_rate 0.1062 

Eco-sanitation 
environment index (ESE) Sewage treatment rate sewage_treatment_rate 0.1280 

Eco-sanitation 
environment index (ESE) 

Centralized sewage 
treatment rate 

centralized_sewage_treat
ment_rate 

0.1607 

Eco-sanitation 
environment index (ESE) 

Harmless domestic waste 
treatment rate 

harmless_garbage_treatm
ent_rate 

0.0669 

Pollution pressure index 
(PPI) 

Industrial wastewater 
emissions per unit GDP 

industrial_wastewater_per
_gdp 

0.1892 

Pollution pressure index 
(PPI) 

Industrial sulfur dioxide 
emissions per unit GDP 

industrial_so2_per_gdp 0.2970 

Pollution pressure index 
(PPI) 

Industrial smoke/dust 
emissions per unit GDP 

industrial_smoke_dust_pe
r_gdp 

0.2625 

Pollution pressure index 
(PPI) 

Industrial nitrogen oxide 
emissions per unit GDP 

industrial_nox_per_gdp 0.1913 

Pollution pressure index 
(PPI) 

Annual mean PM₂.₅ 
concentration 

pm25_ug_m3 0.0600 

2.4 Econometric model specification 313 

This study first estimates a city and year two-way fixed effects model. The baseline model is specified as 314 

follows: 315 

Formula (7): Baseline two-way fixed effects model 316 

HSCit=α+β ESEi,t−1+γ′Xit+μi+λt+εit    (7) 317 

where HSCit denotes the health service supply capacity of city i in year t, ESEi,t-1 denotes the one-year 318 

lagged eco-sanitation environment index, Xit is the vector of control variables, μi denotes city fixed effects, 319 

λt denotes year fixed effects, and εit denotes the random error term. β is the coefficient of primary interest, 320 

indicating whether health service supply capacity changes within the same city after eco-sanitation 321 

improvement, that is, whether eco-sanitation improvement can be converted into stronger health service 322 

supply capacity. Standard errors in all baseline regressions are clustered at the city level to allow serial 323 

correlation and heteroskedasticity within cities. 324 

To distinguish the roles of different dimensions of the eco-sanitation environment, this study further 325 

decomposes the eco-sanitation environment into green infrastructure, municipal sanitation facilities, and 326 

pollution pressure, and estimates the following dimension-specific model: 327 

Formula (8): Dimension-specific model 328 

HSCit=α+β1 GIIi,t−1+β2 MSIi,t−1+β3 PPIi,t−1+γ′Xit+μi+λt+εit    (8) 329 

where GIIi,t-1, MSIi,t-1, and PPIi,t-1 denote the one-year lagged green infrastructure index, municipal 330 
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sanitation facility index, and pollution pressure index, respectively. This model examines whether different 331 

dimensions of the eco-sanitation environment play different roles in changes in health service supply 332 

capacity and identifies whether green space, municipal sanitation infrastructure, and pollution pressure 333 

constitute different sources of conversion mismatch. 334 

Pollution pressure, energy intensity, and carbon emissions may modify the marginal effect of 335 

eco-sanitation improvement. To test this moderation effect, the following model is specified: 336 

Formula (9): Moderation model 337 

HSCit=α+β ESEi,t−1+δZi,t−1+θ(ESEi,t−1×Zi,t−1)+γ′Xit+μi+λt+εit    (9) 338 

where Zi,t-1 sequentially denotes the pollution pressure index, energy intensity per unit GDP, per capita 339 

energy consumption, or CEADs city-level sectoral carbon emissions. If the interaction term θ is significant, 340 

pollution, energy, or carbon-emission conditions modify the marginal relationship between the 341 

eco-sanitation environment and health service supply capacity; the sign of θ is used to determine whether 342 

the effect represents constraint, compensation, or a resource-allocation response. To reduce 343 

multicollinearity in interaction terms, continuous interacting variables are mean-centered before entering 344 

the model. 345 

The mechanism tests focus on the urban public infrastructure investment pathway: eco-sanitation 346 

improvement may enhance material conditions for health service systems by increasing urban maintenance 347 

and construction expenditure, landscaping investment, wastewater treatment investment, and sanitation and 348 

environmental appearance investment. Pollution pressure, energy intensity, and carbon emissions are no 349 

longer treated as mechanism variables; instead, their boundary roles are examined in the moderation model 350 

described above. The first-stage model for mechanism variable M_it is specified as follows: 351 

Formula (10): First-stage mechanism model 352 

Mit=α+ρ ESEi,t−1+γ′Xit+μi+λt+εit    (10) 353 

In Formula (10), Mit denotes the mechanism variable of city i in year t, and ρ captures the association 354 

between lagged eco-sanitation environment and the mechanism variable; the other terms are defined as in 355 

Formula (7). To avoid excessive dispersion of mechanism pathways, this study tests only channels directly 356 

related to the components of the eco-sanitation environment and urban public infrastructure provision. 357 

These include urban maintenance and construction expenditure as a share of GDP, landscaping investment 358 

as a share of GDP, wastewater treatment investment as a share of GDP, sanitation and environmental 359 

appearance investment as a share of GDP, and local fiscal expenditure as a share of GDP. Investment and 360 

expenditure variables are uniformly expressed as shares of GDP to reduce the influence of city size and 361 

price-level differences on the mechanism tests. In the second stage, the mechanism variable is added to the 362 

baseline model: 363 

Formula (11): Model with mechanism variable 364 

HSCit=α+β ESEi,t−1+ϕMit+γ′Xit+μi+λt+εit    (11) 365 

where Mit denotes the mechanism variable, including urban maintenance and construction expenditure, 366 

landscaping investment, sanitation and environmental appearance investment, wastewater treatment 367 

investment, and fiscal expenditure. If φ is significantly positive, the coefficient β changes after Mit is added, 368 

and ρ is significant, this may indicate that the corresponding variable constitutes a possible transmission 369 

channel through which the eco-sanitation environment affects health service supply capacity. Because this 370 

study uses city-level observational data, the mechanism tests are used to identify possible pathways and are 371 

not interpreted as strict causal mediation effects. 372 
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2.5 Heterogeneity analysis 373 

To examine whether the conversion relationship between the eco-sanitation environment and health service 374 

supply capacity varies across urban conditions, this study conducts four types of heterogeneity analysis. 375 

First, cities are grouped into eastern, central, western, and northeastern regions to compare differences 376 

across regions with different stages of development and fiscal capacity. Second, cities are grouped by their 377 

location on either side of the Hu Huanyong line to examine how population density, resource endowments, 378 

and urban-system differences affect the estimates. Third, cities are grouped by city size or population size 379 

to test whether large and small-to-medium cities differ in the agglomeration of health service resources and 380 

the conversion efficiency of eco-sanitation infrastructure. Fourth, cities are divided into high and low 381 

groups according to the median of per capita GDP or fiscal expenditure as a share of GDP to examine 382 

whether economic development and fiscal capacity affect the conversion of eco-sanitation improvement 383 

into health service supply capacity. 384 

Heterogeneity is assessed using both subgroup regressions and interaction-term regressions. Subgroup 385 

regressions maintain the same fixed effects and control-variable settings as the baseline model, while 386 

interaction regressions add the interaction between the eco-sanitation environment index and city-type 387 

variables to the full sample. The interaction model is specified as follows: 388 

Formula (12): Heterogeneity interaction model 389 

HSCit=α+β ESEi,t−1+η(ESEi,t−1×Gi)+γ′Xit+μi+λt+εit    (12) 390 

where Gi denotes the grouping variable, including region, Hu Huanyong line grouping, city size, economic 391 

development level, or fiscal capacity. η reflects whether the conversion relationship between the 392 

eco-sanitation environment and health service supply capacity varies by city type. 393 

2.6 Robustness checks and endogeneity treatment 394 

This study evaluates robustness in several ways. First, it replaces core variable definitions. For the 395 

dependent variable, the three components of health service supply capacity - hospital and health-center 396 

beds per 10,000 persons, licensed physicians per 10,000 persons, and hospitals and health centers per 397 

10,000 persons - are used as alternative dependent variables. For the explanatory variables, green 398 

infrastructure, municipal sanitation facilities, and pollution pressure are used as alternative explanatory 399 

variables. Second, lag structures are adjusted by using contemporaneous ESE, two-year lagged ESE, and 400 

lagged controls to test sensitivity to time specification. Third, sample ranges are adjusted by estimating the 401 

models on the main sample, energy-extended sample, and CEADs extended sample, and by excluding 402 

municipalities, extreme years, or cities with small samples. Fourth, control-variable sets are adjusted by 403 

gradually adding population size, urbanization rate, fixed-asset investment, financial development, 404 

education expenditure, science and technology expenditure, and R&D intensity. Fifth, city-clustered 405 

standard errors and two-way clustered standard errors by city and year are used to test sensitivity to 406 

standard error specification. In addition, the entropy-weighted index is replaced with equal-weighted and 407 

principal component analysis (PCA) indices to examine whether the estimation results depend on the 408 

index-construction method; consistent results under alternative indices would indicate that the findings are 409 

not driven by a single weighting scheme. 410 

With respect to endogeneity, this study faces three main risks: reverse causality, omitted variables, and 411 

common trends. To mitigate reverse causality, the baseline model uses the one-year lagged eco-sanitation 412 

environment index. To reduce omitted-variable bias, the models include city fixed effects, year fixed 413 

effects, and multidimensional controls. To address common trends, year fixed effects absorb national 414 

shocks, and heterogeneity and sample-adjustment analyses test whether the results are driven by specific 415 

regions or years. In addition, this study includes future ESE as a placebo variable and conducts a joint test 416 

using one-year, two-year, and three-year leads of ESE to identify possible systematic pre-trends. If the 417 

multi-period lead terms are jointly insignificant, current changes in health service supply capacity are 418 

unlikely to be driven entirely by future eco-sanitation changes or pre-existing trends; if weak significance 419 
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is present, the baseline results should be interpreted as directional evidence rather than strict causal effects. 420 

The placebo model is specified as follows. It should be emphasized that this study is not based on an 421 

exogenous policy shock or a natural experimental design. Fixed effects, lagged variables, and placebo tests 422 

can only partially mitigate endogeneity concerns. Therefore, the baseline results are interpreted mainly as 423 

conditional within-city associations and directional evidence between changes in the eco-sanitation 424 

environment and changes in health service supply capacity, rather than as strict causal effects. 425 

Formula (13): Future-period placebo test model 426 

HSCit=α+βf ESEi,t+1+γ′Xit+μi+λt+εit    (13) 427 

where ESEi,t+1 denotes the future one-year eco-sanitation environment index, and βf is the placebo 428 

coefficient. If βf is insignificant, the baseline result is unlikely to be fully driven by reverse causality or 429 

pre-trends. 430 

2.7 Interpretable machine learning as a supplementary analysis 431 

In addition to panel econometric models, this study uses interpretable machine learning as a supplementary 432 

analysis. The machine learning models take the urban health service supply capacity index as the 433 

prediction target and use the eco-sanitation environment index, green infrastructure index, municipal 434 

sanitation facility index, pollution pressure index, energy intensity, carbon emissions, and control variables 435 

as features. The models include random forest and gradient boosting, and prediction performance is 436 

reported using R², RMSE, and MAE. To avoid temporal leakage, observations from 2018 and earlier are 437 

used as the training set, and observations from 2019 onward are used as the test set, rather than using a 438 

completely random split. Hyperparameters are selected through time-blocked cross-validation and fixed in 439 

the final reproducible configuration: for the random forest, n_estimators = 500, max_depth = None, 440 

max_features = sqrt, and min_samples_leaf = 2; for the gradient boosting model, n_estimators = 300, 441 

max_depth = 3, learning_rate = 0.05, subsample = 0.80, and max_features = sqrt. Time-blocked 442 

cross-validation uses rolling year-based validation within the training period to avoid information leakage 443 

from adjacent years of the same city. 444 

The machine learning analysis has three purposes. First, it compares the relative contributions of 445 

eco-sanitation variables with economic, fiscal, and population variables. Second, it identifies nonlinear 446 

relationships and potential thresholds, such as whether the marginal contribution of the eco-sanitation 447 

environment index, sewage treatment rate, built-up area green coverage rate, or harmless domestic waste 448 

treatment rate strengthens or weakens after reaching a certain level. Third, SHAP values are used to 449 

explain the direction and magnitude of variable contributions to predictions, helping assess whether 450 

average effects in panel models conceal city heterogeneity. It should be emphasized that machine learning 451 

results are used only for pattern recognition and interpretive supplementation; because they cannot 452 

automatically control for unobserved city heterogeneity or reverse causality, they are not used as the main 453 

basis for causal inference. 454 

The predictive performance of the machine learning models is evaluated using the following metrics: 455 

Formula (14): Coefficient of determination R2 456 

R2=1− ∑ (HSCit−HSĈit)2
i,t∑ (HSCit−HSC)2
i,t

    (14) 457 

Formula (15): Root mean squared error (RMSE) 458 

RMSE=√1
N
∑ (HSCit−HSĈit)2
i,t     (15) 459 

Formula (16): Mean absolute error (MAE) 460 
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MAE= 1
N
∑ |HSCit−HSĈit|i,t     (16) 461 

where HSCit denotes the observed health service supply capacity, ĤSCit denotes the value predicted by the 462 

machine learning model, HSC̄ denotes the sample mean of HSC, and N denotes the number of observations 463 

in the test sample. 464 

3 Results 465 

3.1 Descriptive statistics and index evolution 466 

Table 5 reports descriptive statistics for the main variables in the model sample. The mean value of the 467 

urban health service supply capacity index is 0.2201, with a standard deviation of 0.1236, indicating 468 

substantial differences in health resource supply capacity across cities. The mean eco-sanitation 469 

environment index is 0.6419, which is much higher than the health service supply capacity index, 470 

suggesting that urban eco-sanitation infrastructure improved relatively rapidly but was not fully 471 

synchronized with healthcare resource allocation. The mean green infrastructure index is 0.4860, lower 472 

than the municipal sanitation facility index of 0.8048, indicating that water supply, gas coverage, sewage 473 

treatment, and waste treatment infrastructure had relatively high coverage, whereas green-space provision 474 

still showed larger inter-city variation. The mean pollution pressure index is 0.1442, and its maximum 475 

reaches 1, indicating that some cities still faced strong environmental pressure. 476 

To examine the external validity of the HSC indicator, this study further tests the correlation between HSC 477 

and the number of all health institutions per 10,000 persons, which is not included in the index 478 

construction. The Pearson correlation coefficient is 0.379 and the Spearman rank correlation coefficient is 479 

0.495, indicating a moderate positive correlation between HSC and urban health service network density. 480 

However, this test provides only supply-side external validity evidence and cannot substitute for indicators 481 

of quality of care, healthcare accessibility, or service utilization. 482 

Table 5 Descriptive statistics of main variables 483 

Variable N Mean SD Min Median Max 

Health service 
supply capacity 

5070 0.2201 0.1236 0.0084 0.1987 0.7892 

Eco-sanitation 
environment 5068 0.6419 0.1644 0.0071 0.6853 0.9663 

Green 
infrastructure 

5062 0.4860 0.1543 0.0000 0.4968 0.9636 

Municipal 
sanitation 
facilities 

4879 0.8048 0.1860 0.0400 0.8710 1.0000 

Pollution 
pressure 

4941 0.1442 0.1442 0.0000 0.0966 1.0000 

Hospital and 
health-center 

beds per 10,000 
persons 

5069 39.5731 18.1379 8.6000 37.0235 136.9930 

Licensed 
physicians per 
10,000 persons 

5069 21.0893 11.4158 3.7554 18.7942 98.3317 

Hospitals and 
health centers 

per 10,000 
persons 

5070 0.5205 0.6512 0.0543 0.4068 11.4770 

Log per capita 
GDP 

5070 10.2887 0.8425 7.6009 10.3590 12.4565 

Secondary 
industry share 

5070 46.6420 11.3195 10.6000 46.9600 90.9700 

Fiscal 
expenditure/GDP 

5070 0.1701 0.0998 0.0313 0.1455 1.1817 
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Figure 2 shows the annual evolution of the core indices during 2002-2024. The eco-sanitation environment, 484 

green infrastructure, and municipal sanitation facility indices generally increased, while the pollution 485 

pressure index generally declined, indicating evident improvement in urban eco-sanitation infrastructure 486 

and pollution governance. The health service supply capacity index also increased overall, but breaks 487 

appear due to missing health service statistical data in 2020, 2023, and 2024. Therefore, subsequent 488 

regional comparisons use 2022, the latest year with available health service supply capacity data. 489 

 490 

Figure 2 Temporal evolution of core indices 491 

In terms of the components of health service supply capacity, Figure 3 shows that hospital beds per 10,000 492 

persons and licensed physicians per 10,000 persons increased continuously, indicating overall expansion of 493 

physical medical resources and health workforce resources. By contrast, the number of hospitals and health 494 

centers per 10,000 persons changed only modestly, suggesting that the improvement in health service 495 

supply capacity mainly came from the expansion of beds and physicians rather than from a simultaneous 496 

increase in the number of medical institutions. 497 
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 498 

Figure 3 Temporal evolution of health service supply capacity components 499 

Figure 4 further decomposes the component indicators of the eco-sanitation environment. Park green area 500 

per capita, built-up area green coverage rate, and built-up area green-space rate increased steadily, 501 

reflecting continuous improvement in green infrastructure. Water supply coverage and gas coverage 502 

remained at relatively high levels overall. Sewage treatment rate, centralized sewage treatment rate, and 503 

harmless domestic waste treatment rate increased more rapidly, indicating that municipal sanitation 504 

facilities were the main drivers of the increase in the eco-sanitation environment index. 505 
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 506 

Figure 4 Temporal evolution of eco-sanitation environment components 507 

Figure 5 presents the distribution of the main composite indices. The eco-sanitation environment and 508 

municipal sanitation facility indices have relatively high medians, and the latter is more concentrated. The 509 

health service supply capacity index and the green infrastructure index are more dispersed, indicating 510 

strong inter-city differences in health service resources and green infrastructure. The pollution pressure 511 

index is generally low but has a long right tail, suggesting that pollution pressure in a small number of 512 

cities was substantially higher than the sample average. 513 
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 514 

Figure 5 Distribution characteristics of main composite indices 515 

The correlation matrix shows that health service supply capacity is more strongly correlated with economic 516 

development, population size, and fiscal capacity, whereas its simple correlations with eco-sanitation 517 

variables are unstable (Figure 6). This means that cross-sectional correlations alone cannot determine 518 

whether eco-sanitation improvement increases health service supply capacity; it is necessary to further 519 

control for unobserved city characteristics and common year shocks through city and year fixed effects. 520 
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 521 

Figure 6 Correlation matrix of core variables 522 

Figure 7 compares the core indices across regions in 2022. Eastern cities had relatively higher health 523 

service supply capacity and higher levels of eco-sanitation environment and municipal sanitation facilities. 524 

Although the eco-sanitation environment differed less between central and western cities, their health 525 

service supply capacity remained lower than that of eastern cities. This result suggests that eco-sanitation 526 

improvement is not necessarily equivalent to synchronous improvement in health service supply capacity; 527 

the relationship between the two may be jointly shaped by economic development, population size, fiscal 528 

capacity, and the functional hierarchy of urban services. 529 
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 530 

Figure 7 Regional comparison of core indices in 2022 531 

Figure 8 shows the scatter relationship and binned mean curve between the eco-sanitation environment and 532 

health service supply capacity. The two do not show a simple monotonic positive relationship. In the high 533 

range of the eco-sanitation environment index, the mean health service supply capacity levels off or even 534 

declines. This pattern is consistent with the specification of nonlinear and stage-dependent effects in 535 

Section 2 and provides preliminary evidence for the subsequent two-way fixed effects and interpretable 536 

machine learning analyses. 537 

 538 

 539 
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 540 

Figure 8 Binned mean relationship between the eco-sanitation environment and health service 541 

supply capacity 542 

3.2 Baseline relationship: does eco-sanitation improvement 543 

translate into health service supply capacity? 544 

Table 6 reports the baseline two-way fixed effects estimates of the effect of lagged eco-sanitation 545 

environment on urban health service supply capacity. All models control for city fixed effects and year 546 

fixed effects, and standard errors are clustered at the city level. For ease of interpretation, the 547 

eco-sanitation environment index is scaled by 0.1 units. 548 

Table 6 Baseline two-way fixed effects regression results 549 

Variable (1) (2) (3) (4) 
ESE (lagged, per 0.1 

increase) 
-0.0069*** 

(0.0020) 
-0.0057*** 

(0.0020) 
-0.0053*** 

(0.0020) 
-0.0006 

(0.0020) 

Log per capita GDP — 
-0.0149 

(0.0111) 
-0.0123 

(0.0130) 
0.0015 

(0.0163) 
Secondary industry 

share 
— 

-0.0007** 

(0.0003) 
-0.0004 

(0.0005) 
-0.0009 

(0.0006) 

Tertiary industry share — — 
0.0003 

(0.0006) 
-0.0003 

(0.0006) 
Fiscal 

expenditure/GDP 
— 

-0.0936** 

(0.0425) 
-0.1390*** 

(0.0464) 
-0.0427 

(0.0475) 
Education 

expenditure/GDP 
— — 

0.3025 

(0.2523) 
-0.1231 

(0.2014) 
Science 

expenditure/GDP 
— — 

2.6187*** 

(0.8750) 
0.7774 

(0.5786) 

Log population — — 
-0.0266 

(0.0382) 
-0.0819** 

(0.0346) 

Loan balance/GDP — — 
0.0174** 

(0.0075) 
0.0037 

(0.0061) 
Fixed asset — — — 0.0153 
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investment/GDP (0.0109) 
City FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Observations 5070 5070 5069 3919 

Cities 288 288 288 285 

Adjusted R² 0.011 0.025 0.042 0.011 

Note 

Robust standard errors clustered at city 
level are shown in parentheses. *** p < 

0.01, ** p < 0.05, * p < 0.10. 
— — — 

The results show that in model (1), which controls only for city and year fixed effects, the coefficient of the 550 

lagged eco-sanitation environment index is -0.0069 and significant at the 1% level. After adding baseline 551 

controls such as economic development, industrial structure, and fiscal capacity, the coefficient in model (2) 552 

is -0.0057 and remains significant at the 1% level. After further adding extended controls such as the 553 

tertiary industry share, education expenditure, science and technology expenditure, population size, and 554 

financial development, the coefficient in model (3) is -0.0053 and remains significant. When fixed-asset 555 

investment as a share of GDP is included, the sample size falls to 3,919 observations and the coefficient 556 

becomes insignificant. Figure 9 visualizes this change in coefficients. 557 

To address the decline in sample size from 5,070 to 3,919 observations in model (4), this study conducted 558 

additional tests of missing-sample characteristics. Compared with excluded observations, the sample 559 

retained in model (4) has a lower mean health service supply capacity (0.206 vs. 0.268), lower lagged 560 

eco-sanitation environment (0.571 vs. 0.778), lower log per capita GDP (10.079 vs. 11.004), and lower 561 

loan balance/GDP (0.821 vs. 1.277), but a higher secondary industry share (48.482 vs. 40.374). Most of 562 

these differences are statistically significant, indicating that the missingness in model (4) is not completely 563 

random. Therefore, the coefficient becoming insignificant in model (4) should not be interpreted as a direct 564 

rejection of the baseline result, but as a supplementary test on a non-randomly reduced sample after adding 565 

the fixed-asset investment variable. 566 

 567 

Figure 9 Coefficient estimates of the lagged eco-sanitation environment index in baseline models 568 

These results indicate that after controlling for unobserved time-invariant city characteristics and common 569 

national year shocks, eco-sanitation improvement was not stably converted into stronger health service 570 

supply capacity. This finding should not be interpreted as evidence that eco-sanitation improvement 571 

weakens health service capacity. Rather, it more likely reflects two forms of conversion mismatch: first, a 572 
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time lag between eco-sanitation infrastructure construction and healthcare resource allocation; and second, 573 

marginally diminishing room for eco-sanitation improvement in some cities with already high health 574 

service supply capacity. Thus, RQ1 does not show a stable positive conversion relationship. 575 

3.3 Dimension-specific differences: different roles of green 576 

infrastructure, municipal sanitation facilities, and pollution 577 

pressure 578 

To identify the roles of different dimensions within the eco-sanitation environment, this study decomposes 579 

it into green infrastructure, municipal sanitation facilities, and pollution pressure. Figure 10 shows that 580 

when the three variables enter the model simultaneously, the coefficient of green infrastructure is 581 

significantly negative, the coefficient of municipal sanitation facilities is no longer significant, and the 582 

coefficient of pollution pressure is significantly positive. 583 

 584 

Figure 10 Dimension-specific coefficients of green infrastructure, municipal sanitation facilities, and 585 

pollution pressure 586 

This result suggests that the relationship between urban health service supply capacity and the 587 

eco-sanitation environment is not a simple linear positive association. Cities with faster improvements in 588 

green infrastructure and municipal sanitation facilities do not necessarily have higher or faster-growing 589 

health service resources. Conversely, highly industrialized cities with greater pollution pressure often have 590 

larger populations, stronger fiscal capacity, and more concentrated healthcare demand, and thus may 591 

allocate more health service resources. Therefore, the positive coefficient of pollution pressure is more 592 

reasonably interpreted as a pressure-resource allocation response, rather than as a positive health effect of 593 

pollution itself. 594 

To examine the risk of multicollinearity when the three dimension-specific indicators enter the model 595 

simultaneously, this study calculated variance inflation factors (VIFs). The VIFs of the green infrastructure, 596 

municipal sanitation facility, and pollution pressure indices are 1.96, 2.39, and 1.58, respectively. After 597 

including the main control variables, the VIFs of all core eco-sanitation variables remain below 3, and the 598 

maximum VIF among all explanatory variables is 5.05, below the commonly used empirical threshold of 599 

10. Thus, the dimension-specific results are unlikely to be mainly driven by severe multicollinearity. 600 
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3.4 Conversion channel test: does urban construction investment 601 

form an effective transmission pathway? 602 

Section 2 narrowed the mechanism pathway to channels directly related to the components of the 603 

eco-sanitation environment and urban public infrastructure provision, including urban maintenance and 604 

construction expenditure as a share of GDP, landscaping investment as a share of GDP, wastewater 605 

treatment investment as a share of GDP, sanitation and environmental appearance investment as a share of 606 

GDP, and fiscal expenditure as a share of GDP. Figure 11 shows the first-stage effect of the eco-sanitation 607 

environment on the main mechanism variables. The eco-sanitation environment has a weak positive 608 

association with landscaping investment, a significant negative association with wastewater treatment 609 

investment, and insignificant effects on urban maintenance and construction expenditure and sanitation and 610 

environmental appearance investment. 611 

 612 

Figure 11 First-stage effects of the eco-sanitation environment on mechanism variables 613 

Figure 12 further presents the coefficients of the mechanism variables after they are added to the health 614 

service supply capacity model. The results show that the direct effects of the relevant investment and 615 

expenditure variables on health service supply capacity do not reach conventional significance levels. After 616 

the mechanism variables are added, the eco-sanitation environment coefficient remains mostly negative. 617 

This suggests that the current data do not provide sufficient evidence to support a stable transmission chain 618 

of eco-sanitation environment -> urban construction investment -> health service supply capacity. A 619 

possible explanation is that urban construction investment and health service resource allocation belong to 620 

different fiscal and governance systems, and eco-sanitation infrastructure investment may not be converted 621 

into medical resource expansion in the short term. In addition, missing values and large annual fluctuations 622 

in investment variables may reduce the statistical power of the mechanism tests. Therefore, the direct 623 

effects of the mechanism variables on health service supply capacity do not reach conventional 624 

significance levels, and the transmission chain is not supported under the current data conditions. 625 
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 626 

Figure 12 Direct effects of mechanism variables on health service supply capacity 627 

3.5 Moderating effects of energy and carbon emissions 628 

Figure 13 reports the moderating effects of pollution pressure, energy intensity per unit GDP, per capita 629 

energy consumption, and CEADs city-level sectoral carbon emissions. The interaction terms for pollution 630 

pressure, energy intensity, and per capita energy consumption are insignificant, indicating that the current 631 

model specification does not confirm that these variables significantly modify the marginal effect of the 632 

eco-sanitation environment on health service supply capacity. The interaction term for CEADs carbon 633 

emissions is positive and significant at the 5% level, indicating that in cities with higher carbon emissions, 634 

the relationship between the eco-sanitation environment and health service supply capacity is strengthened. 635 

 636 

Figure 13 Moderating effects of pollution pressure, energy intensity, and carbon emissions 637 

This result indicates that energy intensity and carbon emissions may modify the marginal relationship 638 

between the eco-sanitation environment and health service supply capacity, but their direction is not a 639 

simple negative constraint. A more plausible explanation is that high-carbon cities usually have stronger 640 

industrial bases, fiscal capacity, population agglomeration, and public service demand; therefore, 641 
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eco-sanitation improvement in these cities is more likely to occur together with the expansion of public 642 

service systems. The positive significance of the carbon-emission interaction term thus reflects the 643 

combined effect of urban development stage and resource-allocation capacity, rather than any positive role 644 

of carbon emissions themselves. 645 

3.6 Heterogeneity analysis 646 

Figure 14 reports heterogeneous effects of the eco-sanitation environment on health service supply 647 

capacity. Regional grouping shows that the coefficients are significantly negative in eastern and central 648 

cities, but insignificant in western cities. When grouped by economic development, the coefficient is 649 

significantly negative in high-GDP cities and insignificant in low-GDP cities. When grouped by city size, 650 

the coefficient is significantly negative in large-population cities and insignificant in small-population 651 

cities. Grouping by the Hu Huanyong line shows that the coefficient is significantly negative on the 652 

southeastern side and insignificant on the northwestern side. 653 

 654 

Figure 14 Heterogeneous coefficients of the eco-sanitation environment across city types 655 

These results indicate that the relationship between the eco-sanitation environment and health service 656 

supply capacity mainly appears in regions with higher economic development, greater population 657 

concentration, and more mature urban systems. In these cities, both eco-sanitation infrastructure and health 658 

service systems have reached relatively high levels, and their relationship is more likely to reflect 659 

structural adjustment rather than simple synchronous expansion. In other words, eco-sanitation 660 

improvement does not automatically translate into stronger health service supply capacity; its role depends 661 

on urban development stage, resource-allocation mechanisms, and the degree of coordination in public 662 

service planning. Therefore, RQ5 regarding city-type heterogeneity and nonlinear boundaries is supported. 663 

3.7 Robustness checks 664 

Figure 15 shows the main robustness-check results. When the lagged eco-sanitation environment is 665 

replaced with contemporaneous eco-sanitation environment, the coefficient remains significantly negative. 666 

When the dependent variable is replaced with the three component indicators of health service supply 667 

capacity, the eco-sanitation environment has a weakly significant negative effect on the number of licensed 668 

physicians per 10,000 persons, but insignificant effects on beds and institutional density. After excluding 669 
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municipalities, the core coefficient remains significant. In the energy-extended and CEADs extended 670 

samples, the eco-sanitation environment coefficient is also significantly negative. 671 

 672 

Figure 15 Core coefficient estimates in robustness checks 673 

The robustness checks indicate that the baseline results are not driven by a specific sample, municipalities, 674 

or the lag specification. However, results using alternative dependent variables also suggest that the 675 

association between the eco-sanitation environment and the composite health service supply capacity index 676 

mainly arises from changes in health workforce and the composite index rather than from a single indicator 677 

such as beds or number of institutions. This further indicates that urban health service supply capacity is a 678 

multidimensional supply-side capacity and cannot be explained by a single health resource indicator. It 679 

should be emphasized that because this study uses city panel fixed effects models, the results mainly 680 

represent directional evidence under within-city changes rather than strict natural-experiment causal 681 

effects. 682 

Further robustness checks show that when the entropy-weighted eco-sanitation environment index is 683 

replaced with an equal-weighted index, the core coefficient is -0.0050 (SE = 0.0018) and significant at the 684 

1% level. When it is replaced with a PCA index, the core coefficient is -0.0035 (SE = 0.0017) and 685 

significant at the 5% level, indicating that the results do not depend on a single weighting method. With 686 

two-way clustered standard errors by city and year, the core coefficient remains -0.0053 (SE = 0.0026) and 687 

significant at the 5% level, indicating that the standard error specification does not change the main 688 

conclusion. For placebo tests, the coefficient of future one-year ESE is -0.0042 (SE = 0.0021), weakly 689 

significant at the 5% level. After including one-year, two-year, and three-year leads of ESE, the Wald 690 

statistic for the joint test of multi-period leads is 7.53, with a p-value of 0.057. The joint test does not pass 691 

the 5% significance level, but is close to the 10% level. This result suggests that the risk of pre-trends is 692 

weaker than indicated by the single lead test, but unobserved dynamic factors still cannot be completely 693 

excluded. Therefore, the baseline estimates are interpreted as conditional within-city associations and 694 

directional evidence rather than strict causal effects. 695 

3.8 Interpretable machine learning results 696 

Table 7 reports the predictive performance of the machine learning models. To avoid temporal leakage, 697 

observations from 2018 and earlier are used as the training set, and observations from 2019 onward are 698 

used as the test set. The random forest model achieves an R² of 0.5936, an RMSE of 0.0763, and an MAE 699 

of 0.0589 on the test set, outperforming the gradient boosting model. Model hyperparameters are selected 700 

using the time-blocked cross-validation procedure described in Section 2 and then fixed to ensure 701 

reproducibility of variable importance and SHAP explanations. Figure 16 further shows that the random 702 

forest model has better overall performance in explaining nonlinear differences in urban health service 703 
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supply capacity. 704 

Table 7 Predictive performance of machine learning models 705 

Model R² RMSE MAE Train N Test N 

Random forest 0.5936 0.0763 0.0589 3665 793 

Gradient 
boosting 

0.5637 0.0791 0.0630 3665 793 

 706 

Figure 16 Comparison of predictive performance of machine learning models 707 

Figure 17 reports SHAP-based variable importance for the random forest model. The results show that per 708 

capita GDP, population size, the tertiary industry share, and loan balance as a share of GDP are the most 709 

important variables explaining differences in urban health service supply capacity. The importance of 710 

eco-sanitation-related variables is lower than that of economic and population variables, but pollution 711 

pressure and green infrastructure still rank among the explanatory features, indicating that eco-sanitation 712 

variables contribute to explaining health service supply capacity, although their strength is weaker than that 713 

of economic development, population size, and industrial-structure factors. 714 

 715 

Figure 17 SHAP variable importance ranking 716 

Figure 18 further shows the quantile dependence relationships between the eco-sanitation environment, 717 

municipal sanitation facilities, pollution pressure, and health service supply capacity. The marginal 718 

relationships of the eco-sanitation environment and municipal sanitation facilities tend to flatten at high 719 

values, while pollution pressure shows a clear nonlinear increasing relationship with health service supply 720 
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capacity. This is consistent with the earlier interpretation of pollution pressure as a resource-allocation 721 

response and also suggests that average effects in conventional linear models may conceal differences 722 

across cities at different stages of development. 723 

 724 

Figure 18 Nonlinear dependence between key variables and health service supply capacity 725 

Finally, Figure 19 summarizes the empirical evidence for the five research questions. The results show that 726 

eco-sanitation improvement was not stably converted into stronger health service supply capacity; its 727 

internal dimensions played differentiated roles; the transmission chain through urban construction 728 

investment was weak; pollution pressure, energy intensity, and carbon-emission conditions modified the 729 

marginal relationship; and city-type heterogeneity and nonlinear boundaries were evident. Overall, the core 730 

finding of this study is not that the eco-sanitation environment has a unidirectional promoting effect, but 731 

that structural mismatches exist between eco-sanitation improvement and the enhancement of health 732 

service supply capacity. 733 

 734 

Figure 19 Summary of empirical evidence for the research questions 735 
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4 Discussion 736 

4.1 From positive-effect assumptions to mismatch mechanism 737 

identification 738 

The core finding of this study is not that eco-sanitation improvement has a stable positive effect on health 739 

service supply capacity, but that there is a clear conversion mismatch between the two. During 2002-2024, 740 

the eco-sanitation environment, green infrastructure, and municipal sanitation facilities of Chinese cities 741 

improved continuously, and pollution pressure generally declined; however, health service supply capacity 742 

improved more slowly and relied mainly on the expansion of beds and licensed physicians rather than on a 743 

synchronous increase in the number of medical institutions. The two-way fixed effects model further 744 

shows that the lagged eco-sanitation environment does not exhibit a stable positive average effect. This 745 

finding suggests that although eco-sanitation construction can improve the foundation for public health, its 746 

conversion into health service supply capacity is jointly constrained by healthcare resource allocation, 747 

interdepartmental coordination, population demand, primary service networks, and the stage of urban 748 

development. 749 

The theoretical implication of this study is therefore to move eco-sanitation research beyond the single 750 

question of whether it produces positive health effects and toward a health service governance perspective 751 

that asks whether environmental improvement can be converted into health service supply capacity. 752 

Eco-sanitation improvement can reduce health risks, improve urban livability, and strengthen the 753 

foundations of public health, but it does not automatically expand beds, physicians, primary service outlets, 754 

or medical institutions. Health service supply capacity is more directly affected by population size, fiscal 755 

capacity, service network planning, health workforce allocation, and the service functions of cities. 756 

4.2 Temporal, spatial, and institutional mismatches 757 

The baseline regressions, dimension-specific models, and mechanism tests jointly indicate temporal, 758 

spatial, and institutional mismatches between eco-sanitation improvement and health service supply 759 

capacity. First, the two systems adjust over different time horizons. Green space, wastewater treatment, 760 

waste treatment, and water and gas facilities are often promoted by urban construction and environmental 761 

governance systems, whereas the expansion of health resources involves hospital siting, physician training, 762 

and fiscal budgeting, which require longer cycles. Second, their spatial distributions do not fully coincide. 763 

Cities with rapid eco-sanitation improvement are not necessarily cities where medical resources are 764 

concentrated; regional centers, population-inflow cities, and cities with higher administrative status are 765 

more likely to attract health resources. Third, governance is segmented across departments. The 766 

eco-sanitation environment is mainly promoted by departments responsible for housing and urban-rural 767 

development, urban management, and ecology and environment, whereas health service supply capacity is 768 

shaped by health, finance, and personnel systems. Differences in departmental objectives and budget 769 

channels weaken policy coordination. 770 

The mechanism tests do not support a stable transmission chain of eco-sanitation environment -> urban 771 

construction investment -> health service supply capacity. The eco-sanitation environment has a weak 772 

positive relationship with landscaping investment, a negative relationship with wastewater treatment 773 

investment, and insignificant effects on urban maintenance and construction expenditure and sanitation and 774 

environmental appearance investment. After these investment and expenditure variables enter the health 775 

service supply capacity model, they still do not show stable effects. Thus, the direct effects of the 776 

mechanism variables on health service supply capacity do not reach conventional significance levels, and 777 

the transmission chain is not supported under current data conditions. This suggests that if eco-sanitation 778 

infrastructure construction is not jointly planned with medical service layouts, primary care networks, and 779 

fiscal resource allocation, it is unlikely to naturally generate stronger health service supply capacity. 780 
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4.3 Pollution pressure, energy-carbon conditions, and 781 

resource-allocation responses 782 

The dimension-specific results show a positive coefficient for pollution pressure, but this should not be 783 

interpreted as evidence that pollution has health benefits. A more reasonable interpretation is a 784 

pressure-resource allocation response: cities with higher pollution pressure usually have stronger industrial 785 

bases, larger populations, higher fiscal capacity, and more concentrated healthcare demand, and therefore 786 

may allocate more beds, physicians, and medical institutions. Higher pollution pressure also increases 787 

latent health service demand and may prompt governments and markets to strengthen the supply of health 788 

service resources. 789 

The moderating effects of energy and carbon emissions also reflect differences in stages of urban 790 

development. The interaction terms for pollution pressure, energy intensity per unit GDP, and per capita 791 

energy consumption are unstable, whereas the CEADs city-level carbon-emission interaction term is 792 

positive and significant. This indicates that energy intensity and carbon emissions may modify the 793 

marginal relationship between the eco-sanitation environment and health service supply capacity, but the 794 

direction is not a simple negative constraint. One possible explanation is that high-emission cities often 795 

simultaneously have stronger industrial foundations, population agglomeration, fiscal capacity, and public 796 

service demand, making eco-sanitation improvement more likely to occur alongside public service 797 

expansion. Therefore, the positive moderation effect of carbon emissions reflects the resource-allocation 798 

capacity behind high-emission cities rather than any beneficial effect of carbon emissions themselves. 799 

4.4 Urban heterogeneity and nonlinear boundaries 800 

Heterogeneity analysis shows that the relationship between the eco-sanitation environment and health 801 

service supply capacity mainly appears in eastern and central cities, high-GDP cities, large-population 802 

cities, and cities on the southeastern side of the Hu Huanyong line, while it is insignificant in low-GDP 803 

cities, small-population cities, and cities on the northwestern side. This suggests that the role of the 804 

eco-sanitation environment depends on urban development stage and resource-allocation conditions. In 805 

mature cities, both eco-sanitation infrastructure and health service systems have reached relatively high 806 

levels, and their relationship is more likely to take the form of structural adjustment, diminishing marginal 807 

returns, or resource substitution. In less developed cities, eco-sanitation improvement alone is insufficient 808 

to promote medical resource expansion, and health service supply capacity remains constrained by fiscal 809 

capacity, population size, and regional service functions. 810 

Interpretable machine learning further supports this interpretation. The random forest model shows good 811 

predictive performance. SHAP results indicate that per capita GDP, population size, the tertiary industry 812 

share, and financial development are the main variables explaining differences in health service supply 813 

capacity. Eco-sanitation variables have relatively lower importance, but green infrastructure and pollution 814 

pressure still contribute to model explanations. SHAP dependence relationships show that the marginal 815 

effects of the eco-sanitation environment and municipal sanitation facilities flatten at high values, while 816 

pollution pressure has a nonlinear relationship with health service supply capacity. Thus, the evidence 817 

supports RQ5 regarding urban heterogeneity and nonlinear boundaries. 818 

4.5 Policy implications and limitations 819 

The results indicate that healthy city development cannot rely solely on eco-sanitation improvement; 820 

instead, ecological governance, municipal infrastructure, and health service resource allocation should be 821 

incorporated into the same health service governance framework. Green space, water supply, wastewater 822 

treatment, waste management, and pollution control can improve the public health foundation, but without 823 

coordinated hospital location planning, primary care service outlets, physician allocation, service-radius 824 

management, and fiscal investment, their contribution to health service supply capacity cannot be fully 825 

realized. From the perspective of healthcare delivery, accessibility, and governance, eco-sanitation 826 

improvement should be understood as an external condition of the health system rather than a substitute for 827 
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strengthening health service capacity. 828 

Policy strategies should therefore be differentiated by city type and linked directly to health service 829 

governance actions. For eastern, densely populated, and high-GDP cities, the priority should not be merely 830 

to increase the coverage of eco-sanitation facilities, but to optimize the spatial matching among ecological 831 

spaces, primary care outlets, and high-level medical resources, and to promote the balanced distribution of 832 

medical services from core urban areas to peripheral and population-growth areas. For central and western, 833 

small and medium-sized, and fiscally weaker cities, filling gaps in basic health resources should be placed 834 

on the same level of importance as eco-sanitation improvement; priority should be given to increasing 835 

primary physicians, beds, and health-center service nodes, while improving the quality of wastewater 836 

treatment, harmless waste treatment, and green-space provision. For cities with high pollution pressure and 837 

carbon emissions, environmental governance, low-carbon transition, and health service expansion should 838 

be incorporated into project evaluation simultaneously, with latent health demand, primary healthcare 839 

capacity, health workforce allocation, and pollution-control performance treated as joint constraints. At the 840 

cross-departmental level, a joint monitoring mechanism for the eco-sanitation environment and health 841 

service supply capacity should be established. Green space, wastewater treatment, waste management, 842 

pollution control, beds, physicians, and primary care service outlets should be included in a unified 843 

performance framework to encourage departments of urban construction, ecology and environment, health, 844 

and finance to share data, budget objectives, and service coverage responsibilities. 845 

This study has several limitations. First, health service supply capacity is constructed from beds, 846 

physicians, and hospitals/health centers. Although these indicators reflect supply-side health service 847 

capacity and show moderate correlation with the number of all health institutions per 10,000 persons, they 848 

cannot directly represent quality of care, actual service utilization, or residents' health outcomes. Second, 849 

city-level data cannot capture differences in healthcare accessibility across neighborhoods, communities, 850 

and population groups. Third, the CEADs carbon-emission data do not fully cover the same years as the 851 

main sample, and some health service indicators and mechanism variables contain missing values. Fourth, 852 

this study is not a strict natural experimental design, and the results should be interpreted as conditional 853 

associations and directional evidence. Fifth, the current data package does not include consistent 854 

city-center coordinates, adjacency matrices, or commuting-flow matrices over time, making it difficult to 855 

construct a stable spatial weights matrix; therefore, spatial autocorrelation and spatial panel tests such as 856 

Moran's I, SAR, or SEM have not yet been conducted. This means that cross-city spatial spillovers remain 857 

a potential source of unaddressed bias. Future research could combine resident health surveys, medical 858 

insurance claims, geocoded medical institution locations, remote-sensing measures of green-space 859 

exposure, urban spatial weights matrices, and quasi-natural experiments to further test the effects of 860 

eco-sanitation improvement on health service supply capacity and resident health outcomes. 861 

5 Conclusion 862 

This study does not assume that eco-sanitation improvement is a sufficient condition for enhancing health 863 

service supply capacity. Instead, using panel data for Chinese prefecture-level and above cities from 2002 864 

to 2024, it examines whether eco-sanitation improvement can be converted into health service supply 865 

capacity and identifies the mismatch mechanisms and boundary conditions in this process. The study 866 

constructs indices of urban health service supply capacity, eco-sanitation environment, green infrastructure, 867 

municipal sanitation facilities, and pollution pressure, and combines two-way fixed effects models, 868 

mechanism tests, moderation analysis, heterogeneity analysis, and interpretable machine learning. 869 

The results show that the eco-sanitation environment, green infrastructure, and municipal sanitation 870 

facilities in Chinese cities improved continuously, and pollution pressure generally declined; however, 871 

health service supply capacity improved more slowly and was mainly driven by the expansion of beds and 872 

licensed physicians rather than by a synchronous increase in the number of medical institutions. The 873 

baseline regressions show that the lagged eco-sanitation environment does not exhibit a stable positive 874 

average effect on health service supply capacity, indicating that eco-sanitation improvement does not 875 

automatically translate into stronger healthcare resource supply capacity. Instead, temporal, spatial, and 876 

institutional mismatches exist between the two. 877 
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Dimension-specific results show that green infrastructure, municipal sanitation facilities, and pollution 878 

pressure play different roles. The positive coefficient of pollution pressure more likely reflects a healthcare 879 

resource-allocation response in high-pollution and high-demand cities, rather than any positive role of 880 

pollution itself. The mechanism tests do not identify a stable transmission chain of eco-sanitation 881 

environment -> urban construction investment -> health service supply capacity. Extended analyses of 882 

energy and carbon emissions further indicate that ecological governance, low-carbon transition, and health 883 

service resource allocation need to be promoted in a coordinated manner. 884 

Heterogeneity and interpretable machine learning results further show clear city-type differences and 885 

nonlinear boundaries in the relationship between the eco-sanitation environment and health service supply 886 

capacity. The relationship mainly appears in eastern and central cities, high-GDP cities, large-population 887 

cities, and cities on the southeastern side of the Hu Huanyong line. SHAP results show that per capita GDP, 888 

population size, industrial structure, and financial development are the main factors explaining differences 889 

in health service supply capacity, while eco-sanitation variables provide supplementary explanatory power. 890 

The innovations of this study are as follows. First, it extends the research object from residents' health 891 

outcomes to supply-side urban health service capacity, clarifies that the operational definition mainly 892 

captures the stock of health resources and service network density, and shifts the focus from positive-effect 893 

identification to conversion-relationship identification. Second, it integrates green infrastructure, municipal 894 

sanitation facilities, pollution pressure, energy intensity, and carbon emissions into a unified analytical 895 

framework, revealing mismatch mechanisms in the conversion from eco-sanitation improvement to health 896 

service supply capacity. Third, it combines panel econometric models with interpretable machine learning 897 

to characterize urban heterogeneity and nonlinear boundaries while identifying average relationships. 898 

Overall, healthy city development should promote coordination between eco-sanitation governance and 899 

health service resource allocation, and should avoid equating ecological infrastructure improvement with 900 

stronger health service supply capacity. 901 
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List of abbreviations 902 

CEADs: Carbon Emission Accounts and Datasets 903 

CO₂: Carbon dioxide 904 

ESE: Eco-sanitation environment index 905 

FE: Fixed effects 906 

GDP: Gross domestic product 907 

GII: Green infrastructure index 908 

GIS: Geographic information system 909 

HSC: Health service supply capacity index 910 

IND2: Share of secondary industry in gross domestic product 911 

LIME: Local Interpretable Model-Agnostic Explanations 912 

MAE: Mean absolute error 913 

MSI: Municipal sanitation facility index 914 

N: Number of observations 915 

NOₓ: Nitrogen oxides 916 

PCA: Principal component analysis 917 

PGDP: Per capita gross domestic product 918 

PM₂.₅: Particulate matter with an aerodynamic diameter of 2.5 μm or less 919 

PPI: Pollution pressure index 920 

R&D: Research and development 921 

R²: Coefficient of determination 922 

RMSE: Root mean squared error 923 

RQ: Research question 924 

SAR: Spatial autoregressive model 925 

SD: Standard deviation 926 

SE: Standard error 927 

SEM: Spatial error model 928 

SHAP: SHapley Additive exPlanations 929 

SO₂: Sulfur dioxide 930 

tce: Tonne of coal equivalent 931 

VIF: Variance inflation factor 932 
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