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Abstract

Where we live profoundly shapes our health, with urban environments playing a critical role
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in shaping population health outcomes. As health disparities persist within and between cities,
ensuring equitable urban design has become critical to advancing population wellbeing. Yet
most studies focus on case studies of single cities and overlook differences between general,
physical, and mental health dimensions, limiting our understanding of how urban factors shape
health outcomes at scale. To address this gap, we integrate census tract-level health data,
crowdsourced geospatial information, and deep learning to identify urban features associated
with general, physical, and mental health across the most populous urban areas in the United
States. Our analysis reveals distinct associative relationships through which urban contextual
and socioeconomic factors shape health outcomes. We identify the ranked importance of ur-
ban determinants for each health dimension, along with cross-cutting factors that consistently
matter. Our findings suggest that urban service enhancements in low-income neighborhoods is
associated with 100-462% greater health gains over high-income areas. Furthermore, we find
strong links between the heterogeneity of urban spatial patterns and both health and income
inequalities. Overall, our findings highlight strong associations between equitable access to ur-
ban services and coherent city planning with observed patterns of population health inequalities
across cities.

Keywords: Graph Deep Learning, Healthy Cities, Urban Analytics, Urban Wellbeing,
Sustainability

Introduction

Cities, often seen as engines of economic growth and innovation, display uneven benefits,
contributing to significant health disparities among their residents [1–4]. For example, in the
US, lifestyle-related chronic diseases dominate healthcare expenditures, costing US$4.9 tril-
lion in 2023 [5]. Globally, deaths caused by non-communicable diseases have risen sharply,
accounting for 73.9% of total deaths in 2019, up from 59.5% in 2000 [6]. The convergence of
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unhealthy urban environments, rapid urbanization, and climate change exacerbates these dis-
ease burdens, as dramatically evidenced during the COVID-19 pandemic [7]. These disparities
not only impact health but also influence long-term happiness, socioeconomic mobility, and
climate resilience, ultimately affecting progress toward the Sustainable Development Goals
(SDGs) [8–13].

The Healthy Cities movement of the 1980s marked a pivotal shift in acknowledging the
broader responsibilities of urban environments in promoting health [14]. Driven by the real-
ization that economic growth alone does not guarantee better health outcomes, the movement
underscored the value of targeted urban planning and policy interventions in shaping healthier
living conditions. Although cities in wealthier nations generally show better health indicators,
economic growth does not automatically benefit all residents [15–17]. Low-income popula-
tions, in particular, often face an “urban penalty", with poorer health outcomes than both afflu-
ent urbanites and rural populations [18–20]. Factors such as urban sprawl, social segregation,
and gentrification exacerbate these inequalities within cities [21–23].

As planners have worked toward designing healthier cities, it has become increasingly clear
that sustainability and population health are deeply interconnected. For instance, initiatives
that promote active transportation and expand access to clean energy can deliver substantial co-
benefits for overall population well-being. These measures can improve air quality, which in
turn helps reduce child mortality from acute respiratory infections [24, 25]. At the same time,
growing evidence indicates that environment–health interactions are highly context dependent
and shaped by cultural and social norms as well as economic conditions [26], underscoring
that health gains cannot be assumed to translate uniformly across settings. This contextual
complexity helps explain why health extends beyond SDG 3 (good health and wellbeing) and
is explicitly linked to multiple SDGs, including SDG 1 (no poverty), SDG 10 (reduced in-
equality), and SDG 11 (inclusive, safe, resilient, and sustainable cities) [27–29]. Together,
these linkages reflect a broader paradigm shift in which urban health is recognized as a cross-
sectoral outcome, requiring coordinated, multi-stakeholder action to address health disparities
and strengthen long-term resilience.

Being able to measure progress towards health policy targets and alignment with public
health evidence is cornerstone for achieving healthy and sustainable outcomes [30]. In re-
cent years, cities have increasingly sought to understand population health determinants across
multiple scales, from global comparative studies to place-based analyses of intra-city dispar-
ities. Intercity efforts reveal how city-specific characteristics like spatial structure, size, and
density shape disease prevalence [31, 32]. At the same time, factors such as walkability and
urban greenery were found to have a largely universal positive influence on health outcomes
across different cities. The important International Physical Activity and Environment Net-
work (IPEN) study, covering 14 cities in 10 countries, found a curvilinear relationship where
population (5,665 people km2) and intersection (98 intersections per km2) density thresholds
were associated with more than an 80% probability of walking for transport [33]. Similarly,
[34] found that unequal access to greenspace is associated with poorer health outcomes in over
1,000 cities globally, and evidence from 93 European cities suggests that expanding tree-canopy
coverage to 30% could substantially reduce heat-induced premature mortality [35].

At the same time, the growing availability of high-resolution geospatial data has enabled
data-driven approaches to examine socio-spatial health inequalities within cities [3]. These
studies underscore the multifaceted ways in which urban environments and social determi-
nants of health collectively shape population health outcomes [36–43]. For example, walkable
neighborhoods are associated with better cardiovascular health, particularly in socioeconomi-
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cally disadvantaged areas [26, 44], while zoning practices and residential segregation continue
to entrench health inequities [45]. More time spent in urban nature, such as parks, rivers,
or ponds, show strong links to better mental wellbeing [46]. On the other hand, neighbor-
hoods characterized by high intersection density and limited greenery are linked to unhealthy
diets and higher obesity rates [47, 48]. Urban features such as access to green space, shorter
commuting times, and moderate residential density are generally associated with better men-
tal health outcomes, although these effects are context-dependent and can vary by social and
cultural settings [49–51]. Among young adults, urban design priorities extend beyond the phys-
ical environment to include access to safe public spaces, stable employment, and participatory
planning processes [52].

Although substantial research links urban environments to health disparities, large-scale
patterns in health-environment interactions remain poorly understood. Most high-resolution
studies focus on single cities, which may suffer from geographic bias and limit the broader
applicability of their findings to heterogeneous urban contexts [53, 54]. A key challenge lies in
disentangling the effects of population characteristics from those of the built and natural envi-
ronment, as well as consistently quantifying these relationships [55, 56]. Furthermore, while
recent large-scale and fine-grained population studies represent important progress [57–61],
most do not explicitly link urban environmental factors to health specific indicators or system-
atically compare effects across physical, mental, and general health. As a result, it remains
unclear whether the association of urban contextual factors with health outcomes are consistent
across different urban settings. For example, communities with a higher prevalence of poor
mental health conditions may be associated with different urban design priorities than those
dealing primarily with poor physical health. This lack of differentiation limits the development
of targeted, actionable strategies to address specific crises at the neighborhood level.

To address these challenges, we conduct a comprehensive analysis that integrates high-
resolution multimodal geospatial data with census tract-level indicators of general, physical,
and mental health from the Centers for Disease Control and Prevention (CDC). We focus our
analysis to the most populous urban areas within the contiguous US, encompassing 28,323
census tracts with high-resolution geospatial data coverage. Figure 1 provides an overview of
our conceptual and methodological framework.

Our conceptual framework is guided by the approach of [62], modeling the nexus between
city planning and population health by conceptualizing population health outcomes as the in-
terplay between urban contextual factors (such as urban form, environment, accessibility, and
perception) and compositional factors (poverty, education, financial stability, demographics,
and living arrangements). We ground our selection of social determinants of health in the
CDC PLACES framework, which identifies nine key measures, derived from 5-year estimates
of the American Community Survey (ACS), to ensure policy relevance, comparability across
contexts, and alignment with established public health frameworks. Our selection of urban con-
textual factors reflects indicators aligned with Global Burden of Disease (GBD) risk domains
(e.g., air pollution, healthcare access, and food environments), but focuses on variables that are
widely operationalized in urban planning practice and not in medicine [63]. To validate our
approach, we perform extensive benchmarking and feature ablation (see SI Appendix, Table
S1 for feature ablation and benchmarking results). Consistent with previous urban population
health studies [64], our study examines three dimensions of urban health by measuring the ab-
sence of poor health in the general, physical, and mental categories. We obtain health outcome
indicators from the 2023 PLACES dataset provided by the US Centers for Disease Control and
Prevention (CDC). The PLACES health dataset employs small-area estimation with multilevel
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regression and poststratification to provide prevalence of more than 40 chronic disease, in-
cluding cardiovasular health, obesity, asthma, communicable diseases, and other health-related
measures for adults aged 18 years and older at the census tract level. These include three health
outcome measures of the proportions of adults reporting poor general, physical, or mental
health for more than 14 days in the past year.

To overcome the limitations of conventional statistical and machine learning approaches,
which often rely on coarse spatial aggregations and struggle to capture relational structures be-
tween urban elements, we employ a graph deep learning framework. This allows us to learn
spatially explicit representations of the urban environment while achieving state-of-the-art pre-
dictive performance. Our graph deep learning model outperforms prior machine learning and
deep learning approaches, achieving substantial improvements across all evaluation metrics
(see Supplementary Table 1). Compared to the best-performing alternative, it reduced mean
squared error (MSE) by 12.37% respectively for general health (R2 = 0:971); by 11.10% for
physical health (R2 = 0:948); and by 11.50% for mental health (R2 = 0:920). Through graph
explainability methods, we reveal spatially generalizable patterns of urban feature importance
and effect size, demonstrating the applicability of our findings across diverse urban contexts.

Our findings strengthen the evidence base showing how social determinants and urban con-
textual features are jointly associated with multiple dimensions of population health. Using ur-
ban greenery as a thematic example, we show that different forms of greenery support different
health outcomes: street greenery is most strongly associated with general health, highlighting
the value of everyday exposure during routine travel; local climate zones characterized by dense
tree cover are most strongly associated with physical health, likely because they enable recre-
ational activities such as walking, hiking, and nature-based exercise; and parks and other green
and blue open spaces are most strongly associated with mental health. Across census tracts, we
also identify a widespread health multiplier effect, where improving access to urban services
in low-income tracts is associated with up to 462% larger health benefits than comparable im-
provements in higher-income tracts. Moreover, this multiplier effect increases with state-level
per capita income (General Health: p < 0:001; Physical Health: p < 0:001; Mental Health:
p < 0:001), suggesting that even affluent states can contain deeply deprived neighborhoods.
Collectively, these findings underscore the importance of research-informed, evidence-based
approaches that account for social inequality and tailor strategies to the differentiated needs of
communities to improve population health.

Results

Nexus of Health Dimensions, Urban Factors, and Social Determinants of Health
Despite their interconnectedness, general, physical, and mental health represent distinct

dimensions. Here, we systematically compare and establish the statistical relationships among
general, physical, and mental health. We ground our selection of social determinants of health
indicators in the CDC PLACES framework, which identifies nine key measures, derived from
5-year estimates of the American Community Survey. Using the inverse rating, we report
the estimated percentage of adults (aged 18 and above) in good health, defined as those not
experiencing poor health for 14 or more days within a year.

Figure 2A shows that health outcomes across tracts follow consistently left-skewed normal
distributions, indicating that most areas are healthier than average. On average, most areas re-
port better physical health outcomes (� = 88:96; � = 3:23) than general health (� = 83:39; � =
7:12) or mental health (� = 83:86; � = 3:66). In addition, the variance in general health
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Figure 1: Schematic illustration of the data, methodology, and model architecture with an example of one of the
28,323 analysed census tracts. A) Conceptual framework informed by [62], depicting population health outcomes
as arising from the interplay between urban contextual factors and socioeconomic characteristics such as poverty,
education, financial stability, demographics, and household structure. B) Multi-modal data, including local climate
zone maps, building footprints, street view images, population density maps, and urban points of interest (POI), are
harmonized to generate urban analytical features for urban graph nodes [65]. Computational graphs are generated
by connecting urban elements based on their spatial and topological relationship. As an example, urban plots that
share a common street are connected as neighbors. Similarly, buildings are connected to their nearest adjacent
street. B) We specify a three layer heterogeneous graph neural network with GraphSAGE convolutional encoding
[66]. We implement our model with the Deep Graph Library [67] which provides implementation for the graph
neural network explainer (GNNExplainer) [68] on heterogeneous graphs. (c) Basemap: Mapbox. Data sources:
Centers for Disease Control and Prevention, OpenStreetMap contributors, Overture Maps Foundation, Mapillary,
and Meta.
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is noticeably larger, suggesting sharper urban inequalities across tracts. The systemic differ-
ence between health dimensions is further validated by pairwise Kolmogorov-Smirnov tests,
which show statistically significant differences between general and physical (KS = 0:383,
p < 0:001), general and mental (KS = 0:200, p < 0:001), and physical and mental (KS = 0:581,
p < 0:001) health distributions. Figure 2B demonstrates a strong positive correlation between
general and physical health (r = 0:962, p < 0:001), while the correlation between general and
mental health, though positive, is weaker (r = 0:757, p < 0:001). This suggests that physi-
cal health is more closely associated with general health, whereas mental health exhibits more
complex and heterogeneous relationships across urban contexts. Furthermore, we find signif-
icant disparities across health dimensions when factored by sociodemographic groups. Using
paired independent sample t-tests, Figure 2C reveals significant health differences (p < 0:0001,
denoted as ****) across key factors including poverty and minority ratios, levels of urbaniza-
tion, and rates of aging. These observations confirm the importance of socioeconomic factors
in evaluting population health outcomes. Figure 2D shows the spatial coverage of the most
populous tracts and the overall distribution of health outcomes (average of general, physical,
and mental health). We observe significant spatial clustering in health outcomes across tracts
(Moran’s I: 0:705, p < 0:001), using Queen contiguity spatial weights. This clustering is es-
pecially evident in cities such as Detroit and Los Angeles, where areas with poor health are
spatially concentrated. Overall, our findings underscore the importance of recognising the in-
terconnectedness as well as systemic differences between health dimensions, and highlight the
need for differentiated strategies to improve overall health outcomes.

Guided by our conceptual framework (illustrated in Figure 1A), we select a comprehensive
set of urban contextual indicators derived from urban analytics literature (see Supplementary
Table 2 which lists these indicators along with their corresponding references). To assess the
relative importance of both urban contextual and social determinants of health in shaping gen-
eral, physical, and mental health outcomes across census tracts, we applied state-of-the-art deep
graph explainability methods [68]. Figure 3A-C shows the ranked feature importance of urban
factors and social determinants of health for general, physical, and mental health. For tractabil-
ity, we present only the top 30 factors within each health dimension. Each variable is further
categorized according to its urban component to aid comparison between health dimensions. In
what follows, we denote each factor as G (General Health), P (Physical Health), or M (Mental
Health), followed by a number indicating its ranked importance for each health dimension.

Urban form stands out as one of the most influential factors for population health. Among
the top-ranked features for general health are Plot Rectangularity (G-1), Plot Corners (G-2),
Plot Building Elongation (G-4), and Plot Building Perimeter Spread (G-8), which reflect how
rectangular plots and elongated buildings can enhance commercial foot traffic, storefront visi-
bility, and access to amenities-a pattern visible in places like Midtown Manhattan and Boston’s
Back Bay. In relation to physical health, features such as Plot Building Coverage (P-1), Plot
Building Rectangularity Spread (P-2), and Plot Squareness (P-5) suggest that denser, more
compact urban forms promote walkability and active lifestyles. Mental health appears most
closely linked to factors like Street Clustering Coefficient (M-1), Plot Building Fractal Dimen-
sionality Spread (M-2), Plot Building Squareness Spread (M-3), Plot Circular Compactness
(M-7), and Plot Building Convexity (M-12), indicating that areas with diverse, organic forms
and highly interconnected street networks can foster visual interest and less monotonous envi-
ronments.

Urban greenery also plays a nuanced and essential role across all health dimensions. Green
View Factor (G-3), which captures street-level greenery, emerges as an important contributor

6



Figure 2: Statistical relationships and systematic comparison across health dimensions. a) Density distributions
of general, physical, and mental health outcomes indicated by standard error across census tracts. Pairwise two-
sample, two-sided Kolmogorov-Smirnov test for goodness of fit indicate statistically significant distributions be-
tween health dimensions. b) Two-sided pearson correlations show statistically significant positive relationships
between general health and both physical and mental health with P-values less c) Paired two-sided t-tests show
statistical significance across key socioeconomic factors (P < 0.0001, ****). For urban settings, statistically sig-
nificant differences were also observed between general and mental health outcomes (P = 1:55×10−3). Categories
based on minority ratio [69], poverty ratio [70], urbanization degree [71], and ageing ratio [72]. d) Spatial dis-
tribution of overall population health across the most populous census tracts, with significant Moran’s I spatial
autocorrelation test. Side panels highlight major cities. Data source: (c)US Centers for Disease Control and Pre-
vention.
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to general health, reflecting the everyday impact of urban greenery. The presence of Dense
Trees coverage (P-3) is strongly linked to physical health, likely because areas with dense
greenery create more opportunities for recreational activities such as hiking and nature walks.
When considering mental health, features like Canopy Height Spread (M-6) and Parks (M-11)
underscore the benefits of biodiversity and accessible public green spaces for psychological
well-being. Collectively, these findings reinforce the need for cities to incorporate a diverse
range of green infrastructure to support holistic health.

Local climate zone (LCZ) coverage demonstrates a strong and intuitive convergence with
the earlier findings, further illuminating the interplay between urban form, greenery, and popu-
lation health. LCZ classes, by definition, reflect combinations of built structure and vegetative
cover, and the most important LCZ features for each health dimension align closely with pat-
terns observed in urban form and greenery factors. Compact Lowrise (G-7) and Sparsely Built
(G-14) coverage, which rank highly for general health, mirror the importance of accessible,
well-structured environments interspersed with open areas and street greenery. In the case of
physical health, Compact Highrise (P-8) and Heavy Industry (P-15) emerge as key features,
highlighting how higher density and industrial land uses can influence opportunities for phys-
ical activity and exposure to environmental stressors. Open Highrise (M-4) and Water (M-5)
are critical for mental health, aligning with the psychological benefits of open, green, and blue
spaces within urban settings. LCZ findings provide further intuition into how the structure and
character of the built environment, together with natural elements, jointly shape health across
multiple dimensions.

Socioeconomic factors are also critical in shaping health. The significance of Minority
Ratio (G-6) and Females per Plot (G-11) for general health highlights how racial and gender
inequalities in neighborhoods can affect access to care, social support, and well-being. Fea-
tures such as Internet Access (P-4), Population Size (P-13), and Females per Plot (P-17) in-
fluence physical health by improving access to health information, enhancing social resources,
and contributing to urban vibrancy. Persistent gender disparities may affect opportunities for
physical activity and access to health-promoting environments. In the context of mental health,
Unemployment Rate (M-16) and Ageing Rate (M-19) are especially important, as higher unem-
ployment and larger elderly populations are potentially linked to social isolation, psychological
distress, and increased need for social support. These results underscore the importance of
addressing social determinants alongside physical and green infrastructure to promote health
equity in cities.

The availability and accessibility of diverse urban services play a critical role in shaping
population health outcomes. Cultural institutions (G-5) and restaurants (G-13) are closely
linked to general health, as these venues foster social engagement, leisure, and cultural interac-
tion within communities. For physical health, both POI Accessibility (P-10) and the presence
of healthcare facilities (P-14) are important, ensuring residents have access to essential medical
services and amenities that promote active mobility. With respect to mental health, the avail-
ability of drugstores (M-10) stands out, suggesting the critical role of accessible first and last
point health for mental health screening and medical advice.

Recognizing these differences, Figure 3D presents a systematic overview across health do-
mains, highlighting the factors (in bold) that are important for all health dimensions. POI
accessibility, urban compactness, heavy industry land cover, and cultural institutions consis-
tently stand out as key influences across general, physical, and mental health. Policymakers
concerned with population health may draw on these consistently salient factors as a coherent
empirical reference when informing neighborhood-level planning and policy deliberations.
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