
Abstract 

Obesity prevalence varies markedly across neighborhoods, reflecting environmental, built-environment, and social influences, yet 
few studies integrate primary environmental measurements with contextual spatial data under a scale-aware predictive framework. 
As a proof-of-concept, we evaluated whether household-resolution measurements, laboratory-measured soil metals (Pb, Cd, Zn, Se, 
Cu) together with housing, soil-context, built-environment, and sociodemographic variables, can be harmonized into a spatial-block 
machine-learning framework to generate small-area obesity predictions for Greensboro, North Carolina, USA. Predictors were 
assembled for 475 geocoded households spanning 34 census tracts and aligned across heterogeneous spatial supports. Models were 
fitted using household-resolution predictors, with predictions aggregated to the census-tract level for evaluation. Five-fold cross-val-
idation used coordinate-based spatial blocks, which reduced geographic proximity between training and testing observations but did 
not guarantee complete separation of census tracts. In the primary exploratory analysis, Gradient Boosting produced the lowest mean 
prediction error (root mean squared error, RMSE = 4.57 ± 1.53; R² = 0.453 ± 0.235), although performance was modest and variable 
across folds; these values are primary exploratory estimates rather than validated generalization performance. A fully tract-aggregat-
ed analysis provided a complementary evaluation using 34 independent observations and indicated that tree-based models remained 
comparatively strong, although model rankings were not identical. Contextual demographic, housing, and spatial-gradient variables 
contributed more strongly than measured soil metals; because the PLACES outcome is itself modeled from demographic and socioe-
conomic structure, these leading predictors are partly circular with the outcome and are best read as markers of structural context. 
These findings demonstrate the feasibility of the data-integration framework but should not be interpreted as definitive estimates of 
predictive accuracy or causal environmental effects.
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Introduction 
Obesity is a major global public health concern and a leading 

risk factor for cardiovascular disease, type 2 diabetes, several can-
cers, and premature mortality (GBD 2017 Risk Factor 
Collaborators, 2018; Hruby, 2015). In the United States, obesity 
prevalence has increased steadily over the past several decades and 
now affects more than 40% of adults (Hales, 2020). Although obe-
sity is often framed as an individual-level condition driven by diet 
and physical activity, a growing body of research demonstrates that 
its distribution is strongly shaped by social, environmental, and 
structural factors operating at multiple spatial scales (Diez Roux & 
Mair, 2010; Swinburn, 2011). Obesity prevalence does not occur 
uniformly across space. Substantial geographic variation has been 
documented across states, counties, and smaller neighborhood 
units, even within the same metropolitan region (Befort et al., 
2012; Robert & Reither, 2004). Such spatial heterogeneity reflects 

differences in contextual exposures, access to resources, environ-
mental burdens, and built-environment conditions. Understanding 
this variation requires moving beyond individual risk factors and 
examining the environments in which people live. Census tracts 
provide a meaningful and policy-relevant unit for this analysis. 
Designed to approximate neighborhoods and typically containing 
2,500–8,000 residents, census tracts capture localized contextual 
conditions while remaining large enough for stable population-
level estimates (U.S. Census Bureau, 1994). Many public health 
programs, environmental assessments, and equity-based resource 
allocation strategies operate at or near this scale. Accordingly, 
tract-level obesity prediction supports place-based public health 
planning and aligns with environmental justice priorities 
(Braveman et al., 2011).  

Obesity is a multifactorial condition. Individual-level determi-
nants include dietary intake, physical activity, and genetic suscep-
tibility. These operate alongside contextual determinants: the food 
environment and access to affordable, nutrient-dense foods 
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(Drewnowski, 2009), and its influence on physical activity (Sallis 
et al., 2012), and socioeconomic conditions shaping exposure and 
opportunity (Braveman et al., 2011; Diez Roux & Mair, 2010). 
Environmental contaminant exposure represents an additional, less 
well-characterized domain (Heindel et al., 2017; Swinburn, 2011). 
The present study examines measured environmental exposures as 
one component among these determinants rather than as a primary 
driver. 

Tract-level obesity prevalence and neighborhood 
heterogeneity 

Marked variation in obesity prevalence across census tracts has 
been widely documented (Robert & Reither, 2004; Befort et al., 
2012). This heterogeneity reflects the cumulative influence of 
environmental, built-environment, and neighborhood social condi-
tions. Neighborhood context influences dietary patterns, opportu-
nities for physical activity, psychosocial stress, environmental 
exposures, and access to health-promoting resources (Diez Roux & 
Mair, 2010; Sallis et al., 2012). These contextual domains interact 
over time, shaping population-level health outcomes in ways that 
are not fully captured by individual characteristics alone. 
Environmental exposures may contribute to obesity through multi-
ple pathways. Certain environmental contaminants, including 
heavy metals, have been linked to metabolic dysregulation, inflam-
mation, and altered endocrine function in experimental and epi-
demiologic studies (Heindel et al., 2017; Thayer et al., 2012). Soil 
represents a long-term environmental reservoir for metal accumu-
lation, particularly in urban areas affected by historical industrial 
activity, traffic emissions, and legacy housing materials (Mielke et 
al., 2019). Although soil metals are not traditionally central to obe-
sity research, environmental health frameworks increasingly rec-
ognize the role of chronic low-level exposures in shaping car-
diometabolic outcomes (Heindel et al., 2017). The built environ-
ment further influences obesity risk by shaping physical activity, 
food access, transportation patterns, and neighborhood walkability 
(Sallis et al., 2012). Features such as land use, street connectivity, 
proximity to major roads, and housing characteristics are unevenly 
distributed across neighborhoods and are often patterned by 
socioeconomic and racial stratification (Diez Roux & Mair, 2010). 
Social and demographic context, including measures of income, 
education, racial composition, and population density, further 
modifies exposure patterns and health opportunities (Braveman et 
al., 2011). Importantly, obesity prevalence at the census-tract level 
reflects aggregated population outcomes rather than individual 
risk. Ecologic analyses at this scale are intended to identify contex-
tual associations and spatial patterns, not to infer individual-level 
causation (Roux, 2002), yet tract-level modeling remains essential 
for geographic targeting, environmental remediation priorities, and 
equitable public health interventions. A central methodological 
challenge is integrating predictors measured at heterogeneous spa-
tial supports, since failure to address scale alignment can lead to 
biased inference, ecological misinterpretation, or overly optimistic 
predictive performance (Openshaw, 1984; Roux, 2002; Bivand, 
2008). In this study, we adopt a scale-aware framework that har-
monizes laboratory-measured soil metals and contextual spatial 
variables to the tract level and evaluates predictions using house-
hold-coordinate spatial-block cross-validation. 

Environmental exposures, context, and scale  
mismatch 

Environmental health research frequently integrates data col-
lected at very different spatial scales. Environmental contaminants 

such as heavy metals are often measured at fine spatial resolution, 
sometimes at individual households, parcels, or sampling points 
(Filippelli & Laidlaw, 2010; Levin et al., 2008), and urban soil 
contamination can vary substantially within short distances due to 
historical land use, traffic corridors, industrial emissions, and 
housing age. These point-level measurements capture localized 
exposure but do not align directly with population-level health 
data. Contextual predictors, by contrast, are typically derived from 
spatially aggregated datasets: built-environment variables such as 
land use, transportation networks, street density, vegetation cover, 
and zoning are represented as polygons or grid cells (Brownson et 
al., 2009; Frank et al., 2004), and soil classifications from national 
surveys represent mapped units that average multiple soil charac-
teristics across defined areas. Health outcomes such as obesity 
prevalence are likewise available only at aggregated levels, includ-
ing census tracts, counties, or metropolitan areas (Zhang et al., 
2014) these describe the proportion of residents affected within an 
area rather than individual risk, and associations at this level 
should be interpreted ecologically rather than causally at the per-
son level (Wakefield, 2008). Combining predictors and outcomes 
measured at different spatial supports therefore requires explicit 
methodological care, because statistical associations can change 
depending on how spatial data are aggregated or partitioned 
(Fotheringham & Wong, 1991; Wakefield, 2008). Without careful 
scale alignment, analyses may introduce bias or produce mislead-
ing estimates, so harmonizing fine-resolution environmental expo-
sures with tract-level health outcomes demands deliberate aggre-
gation procedures and scale-aware modeling. 

Limitations of prior tract-level prediction studies 
Small-area prediction of obesity has grown in recent years, but 

several limitations remain evident. 
First, many tract-level models rely heavily on sociodemo-

graphic variables derived from census data. Indicators such as 
poverty, education, racial composition, and housing characteristics 
are frequently used as (Drewnowski, 2009). While these variables 
are important markers of structural disadvantage, they often func-
tion as proxies for underlying environmental and infrastructural 
exposures. Reliance on sociodemographic predictors alone may 
obscure physical environmental influences that contribute inde-
pendently to metabolic health. 

Second, direct environmental exposure measurements are 
rarely incorporated into tract-level obesity models. Experimental 
and mechanistic studies suggest that certain environmental con-
taminants, including metals and endocrine-disrupting chemicals, 
may influence adipogenesis, insulin signaling, inflammation, and 
metabolic regulation (Lind et al., 2012). Epidemiological evi-
dence, however, remains inconsistent, and the independent contri-
bution of metal exposure to obesity at the population level has not 
been established. Soil metals are therefore best regarded as poten-
tial environmental determinants whose contribution remains 
uncertain, rather than as confirmed risk factors. Such exposures are 
nonetheless seldom integrated into spatial obesity prediction 
frameworks, partly due to data complexity and scale mismatch, 
and their measurement is warranted to evaluate whether any con-
tribution is detectable. 

Third, predictive modeling studies often use random train–test 
splits without accounting for geographic clustering. When neigh-
boring observations are randomly divided between training and 
testing sets, spatial dependence can artificially inflate predictive 
performance (Brenning, 2012; Valavi et al., 2019). Spatial autocor-
relation is common in environmental and neighborhood data 
(Anselin, 1988), and ignoring it introduces geographic information 
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leakage, whereby information from the test region is effectively 
present in the training data. Few prior small-area obesity studies 
report geographically structured validation or quantify residual 
spatial autocorrelation, so reported accuracies may reflect leakage 
rather than transferability to unsampled areas. A related and often 
unaddressed issue is spatial misalignment: predictors and out-
comes are frequently drawn from different spatial supports and 
combined without explicit harmonization, which can bias associa-
tions and further inflate apparent model performance 
(Fotheringham & Wong, 1991). 

Finally, prior studies frequently emphasize linear regression 
frameworks or limited nonlinear exploration. Yet obesity emerges 
from complex systems involving environmental, behavioral, and 
social feedback loops (Hammond, 2009). Nonlinear relationships 
and cross-domain interactions may be central to understanding 
tract-level variation. Restricting models to additive linear effects 
may fail to capture important structural dynamics. 

Study innovation 
This study advances tract-level obesity modeling in several 

important ways. We note at the outset that machine-learning inte-
gration of environmental, neighborhood, and built-environment 
variables for small-area obesity prediction is by now well estab-
lished (Lotfata et al., 2022; Allen, 2023), so novelty here does not 
rest on that integration itself. The distinctive contribution is instead 
the coupling of primary, laboratory-measured household soil-metal 
concentrations with an explicit treatment of spatial-support mis-
match and household-coordinate spatial-block cross-validation. 

First, we integrate laboratory-measured soil metals with con-
textual built-environment and neighborhood variables. Unlike 
many prior small-area studies that rely primarily on census indica-
tors, we incorporate measured environmental contaminants that 
may reflect long-term cumulative exposure conditions (Filippelli 
& Laidlaw, 2010; Lind et al., 2012). Their inclusion is exploratory 
and does not presuppose an association with obesity prevalence. 

Second, we explicitly harmonize heterogeneous predictors to 
the tract-level outcome scale, aligning environmental, soil, and 
contextual variables through explicit aggregation rather than com-
bining differing spatial supports without adjustment. This directly 
addresses concerns in spatial epidemiology regarding ecological 
inference and spatial misalignment (Fotheringham & Wong, 1991). 

Third, we adopt leakage-aware evaluation using household-
coordinate spatial-block cross-validation. By holding out spatial 
blocks of proximate households during model testing, we reduce 
the influence of spatial autocorrelation on performance metrics; 
because the blocks are defined on household coordinates rather 
than on tract boundaries, this does not guarantee that every house-
hold from a given tract is held out together. This analysis provides 
a more geographically conservative evaluation than random house-
hold splitting (Brenning, 2012; Valavi et al., 2018). 

Fourth, we compare interpretable statistical models with flexi-
ble machine learning approaches. Regularized regression and 
spline-based models offer transparency and partial interpretability, 
while ensemble and neural network models capture nonlinear pat-
terns and higher-order interactions (James et al., 2023).  

Study objectives 
The objectives of this study are as follows: i) to predict census-

tract obesity prevalence using an integrated set of predictors 
including laboratory-measured soil metals, soil characteristics, 
built-environment metrics, and neighborhood demographic vari-
ables; ii) to identify influential predictors, nonlinear effects, and 
cross-domain interactions that contribute to tract-level predictive 

variation in obesity prevalence; iii) to evaluate predictive perfor-
mance at the census-tract level (34 independent outcomes) under 
leakage-aware cross-validation. 

 
 
 

Materials and Methods 
This is a cross-sectional, ecological (small-area) study that 

uses a predictive spatial machine-learning framework. It is ecolog-
ical because the outcome, obesity prevalence, is defined at the cen-
sus-tract level rather than for individuals; it is predictive rather 
than causal because the goal is to estimate tract-level prevalence 
from environmental, built-environment, and neighborhood vari-
ables rather than to identify causal effects; and it is a spatial 
machine-learning framework because predictors measured at dif-
fering spatial supports are aligned to the tract level and models are 
evaluated with household-coordinate spatial-block cross-valida-
tion. All findings should therefore be interpreted at the tract level 
and as predictive, not causal. 

Data sources and construction 
Data used in this study were obtained from several environ-

mental, administrative, and public spatial datasets and combined 
into a single analytic dataset. Soil samples were collected from 475 
household locations within the study area and analyzed in the lab-
oratory for five metals: lead (Pb), cadmium (Cd), zinc (Zn), sele-
nium (Se), and copper (Cu). Households were enrolled using a 
convenience-based sampling strategy rather than probability (ran-
dom) sampling. Recruitment was directed toward achieving broad 
spatial coverage across Greensboro, so that sampled households 
spanned 34 census tracts distributed across the city rather than 
clustering in a single area. Because sampling was not random, the 
households are not a statistically representative sample of the city’s 
population, and the results are not population-representative esti-
mates. This sampling design is revisited as a limitation in the dis-
cussion. Lead, copper, and zinc are reported in mg/kg (ppm) and 
cadmium and selenium in µg/kg (ppb); because the analytical 
method carries higher detection limits and greater relative uncer-
tainty for cadmium and selenium, these two metals are treated 
throughout as exploratory indicators rather than definitive expo-
sure measures, and their tract-level values are consistent with 
reported North Carolina background soil concentrations. 
Laboratory analyses followed established environmental measure-
ment protocols to ensure reliable and comparable results (Sparks et 
al., 2022). Soil metals are commonly used as indicators of long-
term environmental contamination because they accumulate over 
time and often reflect historical industrial activity and land use 
(Tchounwou et al., 2012). Each soil measurement represents a 
point-level environmental observation at a specific household 
location. 

In addition to soil measurements, contextual variables describ-
ing the built environment and neighborhood characteristics were 
incorporated. Housing characteristics, including housing age and 
property value indicators, were obtained from parcel-level admin-
istrative records. Soil context variables, such as soil type and relat-
ed attributes, were derived from the Soil Survey Geographic 
Database (SSURGO) maintained by the United States Department 
of Agriculture Natural Resources Conservation Service (USDA 
NRCS, 2021). Built-environment variables were derived from 
publicly available spatial datasets describing land use, transporta-
tion networks, and infrastructure, including measures such as dis-
tance to major roads and proximity to transportation corridors. 
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These distance-based measures, including distance to the airport, 
should be interpreted with care. Within a single city evaluated 
across a small number of tracts, such variables largely index a 
household’s position along a broad northwest–southeast spatial 
gradient that co-varies with neighborhood demographic and 
socioeconomic structure. They are therefore best understood as 
spatial-gradient proxies rather than as causal transportation or 
proximity exposures, and this interpretation is developed further in 
the Discussion. Neighborhood sociodemographic characteristics, 
including racial composition and population density, were obtained 
from census block and census tract summaries, which are widely 
used in small-area health research to represent population context 
(Krieger et al., 2003). All variables were spatially linked to the 
geographic coordinates of household locations using Geographic 
Information System (GIS) procedures (Longley et al., 2015). The 
resulting dataset contained environmental, housing, soil, built-
environment, and neighborhood predictors for each household 
location. Formally, each observation can be represented as a pre-
dictor vector: 

 

 
 

where i=1,…,475  indexes households and p denotes the number of 
predictors across environmental, built, soil, and neighborhood 
domains. 

Outcome variable 
The outcome variable used in this study was census-tract obe-

sity prevalence, denoted as OBESITY_CrudePrev. This variable 
represents the model-based prevalence of adults with obesity 
(body mass index ≥ 30 kg/m², computed from self-reported height 
and weight) within each census tract, obtained from the U.S. 
Centers for Disease Control and Prevention PLACES project. 
PLACES provides small-area estimates generated from Behavioral 
Risk Factor Surveillance System (BRFSS) survey data using mul-
tilevel regression and poststratification, such that between-tract 
variation is driven largely by the demographic composition of each 
tract together with area-level socioeconomic structure. A direct 
consequence is that some predictors in the present models overlap 
with the types of variables used to generate the PLACES estimates. 
Tract racial composition and area-level socioeconomic indicators 
such as home value resemble inputs to the underlying small-area 
estimation, so their association with modeled obesity prevalence is 
partly circular: it may reflect the structure of the outcome model 
rather than an independent relationship. We therefore treat these 
variables as markers of structural context rather than as evidence 
of independent effects, and we return to this circularity as a central 
interpretive limitation in the Discussion. The variable was treated 
as a continuous outcome. Because obesity prevalence is defined at 
the census-tract level, it determines the analytic scale of the study 
and the level at which model predictions are interpreted. Let t=1,…
,T index census tracts and let Yt represent the observed obesity 
prevalence for tract t. All model predictions and evaluation metrics 
were ultimately summarized at the tract level to maintain consis-
tency between the predictors and the outcome scale. 

Predictor domains, spatial support, and analytic 
scale 

Predictors used in this study come from multiple spatial 
sources, including point-level environmental measurements, par-
cel-level administrative data, soil map units, built-environment 

datasets, and census-based summaries. Because variables mea-
sured at different spatial scales can produce misleading relation-
ships if not properly aligned, all predictors were harmonized to a 
common spatial reference based on household locations (Gotway 
& Young, 2002). Each household location was assigned to a census 
tract using geographic coordinates and tract boundary data, ensur-
ing that all observations were linked to the correct tract. Because 
the outcome is defined at the census-tract level, all predictions, 
performance metrics, and substantive interpretations were ulti-
mately summarized at the tract level. Accordingly, results should 
be interpreted as ecological associations that reflect patterns across 
geographic areas rather than individual-level relationships. 

Analytic unit and a note on inference 
Although environmental and housing predictors were mea-

sured at 475 individual household locations, the obesity outcome is 
defined only at the census-tract level, and the 475 households fall 
within 34 tracts. Because household-level soil measurements cap-
ture within-tract environmental heterogeneity that would be lost 
under simple tract aggregation, the household-level feature matrix 
was retained for this analysis, while all performance summaries 
were computed at the tract level. In the analyses reported here, 
models were trained at the household level: each household was 
assigned the obesity prevalence of its tract, so each tract’s single 
obesity value is repeated across all of its sampled households, and 
model predictions were subsequently aggregated to the tract level 
for evaluation. This design preserves the fine spatial resolution of 
the soil measurements, but it means that the number of indepen-
dent outcome observations is 34 rather than 475. This repetition of 
the outcome (a form of pseudo-replication) tends to understate 
uncertainty and can inflate apparent predictive performance and 
the stability of predictor-importance rankings. For this reason, all 
results are presented as preliminary, exploratory, and hypothesis-
generating, and the predictors are additionally aggregated to the 34 
tracts as a complementary tract-aggregated sensitivity analysis 
(Supplementary Materials), and multilevel or measurement-error 
models with a tract-level random effect are identified as the next 
methodological step. The household-level framework was adopted 
for a specific, limited purpose: it is the resolution at which the 
environmental predictors are measured, and it preserves within-
tract exposure heterogeneity that aggregation removes. It is not 
presented as statistically preferable for tract-level inference. 
Aggregation would remove the pseudo-replication but discard 
within-tract variation; hierarchical and mixed-effects models 
would represent household nesting through a tract-level random 
effect; Bayesian spatial models would borrow strength across 
tracts and propagate uncertainty; and measurement-error models 
would account for the gap between measured soil concentration 
and true exposure. Each is better suited to formal inference and is 
identified as a next step. The present analysis is a proof-of-concept 
that measured environmental data carry predictive signal at their 
native resolution, not a substitute for these approaches. 

Preprocessing 
Missing values were imputed within each cross-validation fold 

using median imputation for continuous predictors and most-fre-
quent-category imputation for categorical predictors, so that no 
information from held-out folds entered preprocessing. 
Continuous predictors were standardized: 
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Categorical predictors were encoded using one-hot encoding 
within cross-validation folds to prevent information leakage (Kuhn 
& Johnson, 2013). 

Validation and performance metrics 
Model performance was evaluated using five-fold grouped 

cross-validation. The dataset was partitioned into five folds based 
on spatial blocks, ensuring that observations from the same spatial 
block were assigned to the same fold. In each iteration, approxi-
mately 80% of the spatial blocks were used for model training and 
the remaining 20% were used for testing. This approach reduces 
spatial leakage between training and testing data and provides a 
more geographically conservative evaluation than random house-
hold splitting (Brenning, 2012; Roberts et al., 2017). 

Predictions generated during cross-validation were aggregated 
to the census-tract level, and model accuracy was evaluated using 
three standard metrics: Mean Absolute Error (MAE), Root Mean 
Squared Error (RMSE), and the coefficient of determination (R²). 
Lower values of MAE and RMSE indicate better predictive accu-
racy, while higher R² values indicate greater explanatory power. 
All models were fitted by minimizing squared error, and compara-
tive model performance was ranked using RMSE averaged across 
the five spatial folds, with MAE and R² reported alongside. All 
reported metrics are computed on held-out folds under spatial-
block cross-validation and therefore reflect held-out rather than in-
sample performance. Because the spatial blocks were defined on 
household coordinates rather than tract boundaries, this blocking 
did not guarantee that all households within a census tract were 
assigned to the same fold, so the resulting estimates should be 
interpreted as provisional rather than as fully leakage-free mea-
sures of geographic generalizability. An additional optimism cor-
rection (for example, the bootstrap 0.632 estimator) was not 
applied, as the grouped out-of-fold design already excludes train-
ing data from each estimate and such corrections are unstable with 
a small number of independent units. 

Mean Absolute Error (MAE) 
Mean Absolute Error measures the average magnitude of pre-

diction errors without considering their direction. It provides a 
direct interpretation of the typical absolute difference between 
observed and predicted values. 

 

 

Root Mean Squared Error (RMSE) 
Root Mean Squared Error gives greater weight to larger errors 

because the prediction differences are squared before averaging. 
RMSE is commonly used in predictive modeling because it penal-
izes large deviations more strongly than MAE. 

 

 

Coefficient of Determination (R²) 
The coefficient of determination measures the proportion of 

variance in the observed outcome that is explained by the model. 
 

 
 

where T denotes the number of census tracts used in model evalu-

ation,  Yt represents the observed obesity prevalence for tract t, 

t  represents the predicted obesity prevalence for tract t,  denotes 
the mean observed obesity prevalence across all tracts. These met-
rics quantify prediction accuracy and explained variance (James et 
al., 2023). 

Predictive modeling approaches 
Several predictive modeling approaches were evaluated to cap-

ture both linear and nonlinear relationships between environmental 
predictors and obesity prevalence. Elastic Net regression was used 
as an interpretable baseline model because it combines L1 and L2 
regularization to stabilize estimates when predictors are correlated 
and to perform variable selection (Zou & Hastie, 2005). 
Generalized Additive Models (GAMs) were also implemented to 
allow flexible nonlinear relationships between predictors and the 
outcome while maintaining interpretability (Wood, 2017). To cap-
ture more complex interactions among predictors, tree-based 
ensemble models were applied, including Random Forests and 
Gradient Boosting, which are well suited for modeling nonlinear 
relationships and interactions without requiring explicit specifica-
tion (Friedman, 2001). Neural network approaches were also eval-
uated to explore more complex feature representations. These 
architectures (MLP, CNN-1D, Transformer, and Autoencoder) 
were included as prespecified benchmarks rather than as expected 
top performers. Deep-learning models typically require large train-
ing samples, so with only 34 independent tract-level outcomes they 
were anticipated to be at a disadvantage. We evaluated them delib-
erately to test whether more flexible, nonlinear representations 
could improve on the tree-based models under identical house-
hold-coordinate spatial-block validation; their substantially higher 
held-out prediction errors provided an informative benchmark 
under the present exploratory evaluation. A Multilayer Perceptron 
(MLP) was used as a fully connected neural network model, and a 
one-dimensional Convolutional Neural Network (CNN-1D) was 
applied to learn structured patterns across ordered predictor vec-
tors. Finally, an ensemble approach was explored by combining 
predictions from multiple models to leverage complementary 
strengths and improve overall predictive performance (Wolpert, 
1992). To evaluate predictor importance, permutation-based fea-
ture importance was used to quantify the decrease in model perfor-
mance after each predictor was randomly permuted. Permutation 
importance from the household-resolution primary model was 
interpreted descriptively. As a complementary sensitivity analysis, 
permutation importance was recomputed using the fully tract-
aggregated Gradient Boosting model, with means and standard 
deviations across 50 permutations reported in Supplementary Table 
S2. Because the two analyses use different analytic units, the sup-
plementary estimates were used to assess qualitative consistency in 
the leading predictor domains rather than to quantify uncertainty in 
the primary ranking. Predictors associated with larger decreases in 
performance were considered more influential. This approach pro-
vides an interpretable measure of the relative importance of envi-
ronmental, built-environment, soil, and neighborhood variables in 
predicting obesity prevalence. 

All data preprocessing, modeling, validation, and visualization 
were conducted in Python (version 3.9.18). Data manipulation and 
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analysis were performed using pandas, NumPy, and SciPy, while 
machine learning models were implemented using scikit-learn. 
The convolutional (CNN-1D), Transformer, and autoencoder net-
works were implemented in PyTorch, and the multilayer percep-
tron (MLP) used scikit-learn’s MLPRegressor. All analyses used a 
fixed random seed (42) applied to NumPy, PyTorch, and scikit-
learn, so that all stochastic procedures are reproducible. Model 
evaluation used 5-fold GroupKFold cross-validation with folds 
defined by KMeans spatial blocks of household coordinates, so 
that geographically proximate households were held out together. 
Because this study is a proof-of-concept with a small number of 
independent tract-level outcomes, hyperparameters were prespeci-
fied and held constant rather than optimized by grid or nested 
search; tuning across so few independent outcomes would risk 
overfitting the validation folds. The complete settings for each 
model are reported in Supplementary Table S3. The analysis code 
is available in the following GitHub repository: 
https://github.com/Doreen-nolda/Predicting-Census-Tract-
Obesity. Spatial data processing, geocoding, census tract assign-
ment, and map production were conducted using ArcGIS Pro (Esri, 
Redlands, CA, USA). All models were supplied the same set of 
approximately 23 candidate predictors; the two categorical predic-
tors were one-hot encoded, and no per-model feature selection was 
performed. Hyperparameters were prespecified and held constant 
across folds and models; no hyperparameter search was conducted, 
and nested cross-validation was therefore not applicable. Complete 
predictor and hyperparameter specifications are given in 
Supplementary Table S3. 

 
 
 

Results 

Descriptive statistics 
Table 1 summarizes the distribution of obesity prevalence, soil 

metal concentrations, environmental characteristics, and sociode-
mographic variables across the study area. Mean obesity preva-
lence was 39.4% (SD = 6.8%), with values ranging from 23.1% to 
50.4%. Housing values exhibited substantial variability, with a 
median value of $85,100 and a maximum value exceeding $45 
million, indicating a highly right-skewed distribution. Such 
extreme maxima are common in administrative parcel data, where 
non-residential, multi-unit, or misrecorded entries can produce val-
ues far above typical residential prices; housing value was there-
fore interpreted as a skewed neighborhood indicator rather than a 
precise property measure, and its modeled influence should be read 
with that caution in mind. The median year of house construction 
was 1953, suggesting that much of the housing stock in the study 
area was built before the mid-20th century. 

Among the measured metals, copper and selenium exhibited 
the greatest variability, with mean concentrations of 239.9 mg/kg 
(copper) and 221.6 µg/kg (selenium), respectively, and large stan-
dard deviations relative to their means. Lead, cadmium, and zinc 
also showed considerable variation across census tracts, indicating 
heterogeneous environmental conditions. Soil characteristics were 
relatively stable, with mean clay, silt, and sand contents of 29.5%, 
26.4%, and 44.0%, respectively. The study area was predominantly 
composed of Black residents (mean proportion = 0.650) compared 
with White residents (mean proportion = 0.254), while population 
density varied substantially across census tracts. 
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Table 1. Summary statistics (mean, standard deviation, median, minimum, and maximum) for obesity prevalence and all predictor vari-
ables used in the analysis. 

Variable                                                                 Mean                    SD                 Median                      Min                                  Max 

Obesity Prevalence (%)                                                     39.4                          6.8                        40.6                             23.1                                        50.4 
Home Value ($)                                                              207,310                2074164.5                85,100                              0                                    45,247,489 
Year House built                                                               1,954                        24.1                      1,953                           1,887                                     2,018 
Pb (mg/kg)                                                                        122.9                        84.5                       97.8                             10.8                                      416.2 
Cd (µg/kg)                                                                        106.7                        51.9                        138                               28                                          190 
Zn (mg/kg)                                                                        107.2                        72.1                         85                                37                                          494 
Se (µg/kg)                                                                         221.6                        293                        155                             2.828                                     1,650 
Cu (mg/kg)                                                                       239.9                       329.6                       128                               21                                        1,581 
Percent_Soil_Clay                                                             29.5                          1.9                        29.4                             23.8                                        39.3 
Percent Soil  Silt                                                                26.4                          3.6                        26.1                             16.9                                        39.3 
Percent Soil Sand                                                                44                           3.8                        44.5                             26.7                                        52.1 
Soil pH                                                                                6.3                           0.5                         6.6                               4.7                                          6.6 
Soil organic matter                                                             0.5                           0.2                         0.5                             0.375                                       1.6 
Distance to Airport (meters)                                           14,247                    2870.2                  14797.1                        3221.2                                  23725.9 
Distance to Nearest Street (meters)                                  27.5                          13                         26.9                              0.4                                        148.4 
Distance to Major Roads (meters)                                   441.3                       565.4                     336.4                             1.3                                      5795.3 
Population Density (persons/sq mile)                             4233.8                  2600.551                 4209.1                              0                                       31366.2 
Proportion White                                                              0.254                      0.316                       0.1                                 0                                             1 
Proportion Black                                                              0.650                      0.344                       0.8                                 0                                             1 
Proportion American Indian                                             0.007                      0.023                         0                                  0                                           0.2 
Proportion Hispanic or Latino                                         0.069                      0.109                       0.0                                 0                                           0.6 
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Distribution of obesity prevalence across census tracts 
Obesity prevalence varied substantially across census tracts 

within the study area, ranging from approximately 23% to 50%, 
indicating marked geographic heterogeneity. This level of tract-
level variability is consistent with prior small-area studies that 
report spatial clustering of obesity within metropolitan regions 

(Zhang et al., 2014). The observed variation is consistent with eco-
logical health frameworks emphasizing contextual influences on 
population health (Pickett & Pearl, 2001). 

Figure 1 illustrates the spatial distributions of cadmium (Cd), 
lead (Pb), copper (Cu), selenium (Se), zinc (Zn), and obesity 
prevalence across census tracts within Greensboro, North 
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Figure 1. Spatial distribution of soil metal concentrations and obesity prevalence across census tracts within the City of Greensboro, North 
Carolina. Panels show the spatial distribution of (A) cadmium (Cd), (B) lead (Pb), (C) copper (Cu), (D) selenium (Se), (E) zinc (Zn), and 
(F) obesity prevalence. 



Carolina. Distinct geographic patterns were observed for each 
metal, indicating that environmental contamination is not uniform-
ly distributed throughout the city. Instead, concentrations tended to 
cluster within specific census tracts. Obesity prevalence also 
exhibited marked spatial variability, allowing for visual compari-
son between environmental exposures and health outcomes across 
the study area. 

Each soil metal showed a distinct, spatially clustered distribu-
tion rather than uniform citywide contamination: cadmium ranged 
from 31–166 µg/kg, lead from 26–287 mg/kg, copper from 42–
1,424 mg/kg, selenium from 3–826 µg/kg, and zinc from 45–376 
mg/kg. Elevated cadmium, copper, and zinc concentrations were 
concentrated in central and southeastern tracts, whereas lead 
hotspots were more widely dispersed and selenium was character-
ized by a single pronounced northern hotspot. Obesity prevalence 
ranged from 23% to 50% and followed a clear gradient, with the 
highest values in central and southeastern tracts and the lowest in 
northern and northwestern areas, partly overlapping areas of ele-
vated cadmium, lead, copper, and zinc. These maps are descriptive 
and do not establish causal relationships; the spatial co-occurrence 
identifies areas that may warrant further environmental health 
investigation. To further examine how well environmental and 
contextual predictors predict this variation, multiple predictive 
models were evaluated and compared against a null baseline that 
predicts each tract using only the training-set mean obesity preva-
lence (root mean squared error equal to the outcome standard devi-
ation, approximately 6.8 prevalence points). Because performance 
varied across spatial folds, these metrics are best interpreted as 
fold-averaged estimates carrying fold-to-fold uncertainty rather 
than precise point values. Model performance varied across the 
evaluated approaches. Tree-based models achieved the strongest 
predictive performance, with Gradient Boosting producing the 
lowest RMSE, followed by the GAM-like spline model and 
Random Forest. 

Table 2 summarizes predictive performance across the five 
spatial cross-validation folds. A null mean model was included as 
a baseline for comparison. The null model does not use any envi-
ronmental, housing, soil, built-environment, or sociodemographic 
predictors. Instead, within each cross-validation fold, it predicts 
the obesity prevalence of every held-out census tract using only the 
average obesity prevalence observed among the training tracts. In 
other words, it assumes that all test tracts have the same obesity 
prevalence equal to the training-set mean. The purpose of the null 

model is to establish the minimum level of predictive performance 
that can be achieved without using any predictor information. 
Models that cannot outperform this baseline provide little evidence 
that the predictors contain meaningful information about spatial 
variation in obesity prevalence. The null model achieved an RMSE 
of 8.13±0.99 and an MAE of 6.92±0.74 (with negative per-fold R², 
as expected for a training-mean predictor evaluated on held-out 
folds; see Supplementary Table S1). Gradient Boosting substantial-
ly outperformed this baseline (RMSE = 4.57±1.53; MAE = 
3.84±1.44; R² = 0.453±0.235), reducing prediction error by 
approximately 44% relative to the null model. Across the five spa-
tial folds these estimates carried wide, descriptive fold-based 95% 
intervals, reflecting the small number of independent tracts (RMSE 
2.67–6.47; MAE 2.05–5.63; R² 0.16–0.75), and the point estimates 
should be interpreted accordingly. The best-performing model also 
reproduced the observed range of tract obesity prevalence, with 
observed values spanning approximately 23% to 50% and predict-
ed values approximately 24% to 51% (Supplementary Figure S1). 
Random Forest and GAM-like spline models also outperformed 
the baseline, although to a lesser extent. In contrast, deep-learning 
approaches, including CNN-1D, Transformer, Autoencoder, and 
MLP architectures, exhibited considerably larger prediction errors 
and strongly negative R² values, consistent with poorer held-out 
predictive performance. These results suggest that for this relative-
ly small, spatially structured dataset, tree-based methods captured 
meaningful predictive signals beyond the average tract obesity 
prevalence. Under the coordinate-based spatial-block evaluation, 
the neural-network models produced substantially higher held-out 
prediction errors than the tree-based models. As a complementary 
sensitivity analysis, predictors were aggregated to the 34 census 
tracts and the models were re-estimated using one observation per 
tract. In the fully tract-aggregated analysis, Random Forest had the 
lowest average RMSE, followed by Gradient Boosting and the 
GAM-like spline model; tree-based methods therefore remained 
among the stronger approaches, although the identity of the top-
performing model differed from the household-resolution analysis. 
Fold-specific results were variable, indicating that model rankings 
and accuracy estimates are unstable with only 34 tracts 
(Supplementary Tables S1–S2). 

Figure 2 shows the top predictors identified using permutation 
feature importance from the Gradient Boosting model. Distance to 
airport appears as the most influential predictor. The proportion of 
Black residents is the second most important predictor, and home 
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Table 2. Model performance under five-fold spatial cross-validation. 

Model                                                       RMSE                                                       MAE                                                   R²  

Null Mean Model                                            8.13±0.99                                                           6.92±0.74                                                       — 
Gradient Boosting                                           4.57±1.53                                                           3.84±1.44                                                0.453±0.24 
Random Forest                                                5.16±2.58                                                           4.42±2.22                                                0.299±0.50 
GAM-like Splines                                           5.23±1.38                                                           4.23±1.34                                                0.294±0.17 
Stacked Ensemble                                           5.58±3.09                                                           3.96±1.60                                                0.164±0.69 
Elastic Net                                                     11.83±15.96                                                         4.81±2.30                                               -5.55±13.18 
CNN-1D                                                              34.78                                                                  33.37                                                        -33.62 
Transformer                                                         34.74                                                                  34.16                                                        -34.59 
Autoencoder                                                        38.94                                                                  37.21                                                        -42.45 
MLP                                                              80.44±150.51                                                     15.39±16.48                                         -458.60±1013.19 
Values are mean±SD across folds where fold-specific standard deviations were available. R² was not summarized for the null model because fold-specific values were negative 
and dependent on the composition of the held-out folds. 



value also ranks among the most influential variables. Built-envi-
ronment and accessibility variables, including distance to major 
roads and distance to the nearest street, show measurable but 
smaller importance. Primary soil metals, by contrast, contributed 
little: only lead (Pb) showed modest importance, while copper, 
cadmium, zinc, and the soil-composition indicators (percent clay, 
soil pH) ranked at or near the bottom of the distribution. Because 
permutation importance is shared among correlated predictors and 
the effective sample comprises only 34 independent tracts, the 
rankings are interpreted qualitatively rather than as precise order-
ings. Supplementary Table S2 reports variability for the separate 
tract-aggregated sensitivity model and is used to assess qualitative 
consistency in the leading predictor domains, not uncertainty in the 
primary ranking. The collective pattern indicates that spatial vari-
ation in modeled obesity prevalence across these census tracts is 
driven predominantly by demographic and socioeconomic compo-
sition, with environmental soil measures adding limited additional 
signal. Figure 3 shows the RMSE values for each model across the 
five spatial cross-validation folds. Each fold represents a different 
geographic partition of the data, allowing the models to be evalu-
ated on different spatial subsets. The results indicate that tree-
based models, such as Gradient Boosting and Random Forest, 
maintain relatively stable performance across folds, with only 
small changes in prediction error. In contrast, neural network mod-
els show larger fluctuations in RMSE between folds. 

Figure 4 presents the correlation structure among the predictor 
variables and the obesity prevalence outcome. Most predictors 
show weak to moderate pairwise correlations, suggesting that 
strong multicollinearity is limited in the dataset. Several demo-
graphic variables display notable relationships. For example, the 
proportion of Black residents shows a positive correlation with 

obesity prevalence, while the proportion of White residents shows 
a negative correlation, reflecting demographic variation across 
census tracts. Environmental and neighborhood factors also exhib-
it modest associations with the outcome. Population density, soil 
characteristics, and proximity to transportation features show 
small to moderate correlations with obesity prevalence. In addi-
tion, some predictors are correlated with each other, particularly 
among soil composition variables and demographic proportions, 
which is expected given the geographic clustering of environmen-
tal and neighborhood characteristics. The correlation patterns indi-
cate that multiple environmental, demographic, and built-environ-
ment factors may contribute jointly to spatial variation in obesity 
prevalence. 

This analysis was included for interpretation rather than vari-
able selection. The tree-based models used here are relatively 
insensitive to multicollinearity, so no predictors were removed. 
The matrix instead informs the permutation-importance results: 
when two predictors move together, one may rank lower because 
the other absorbs part of its contribution, not because it lacks pre-
dictive value. Such predictors are therefore read as a group repre-
senting shared structural context rather than as independent effects. 

 
 
 

Discussion 
This study examined whether census tract obesity prevalence 

can be predicted using an integrated set of environmental, soil, 
built-environment, and neighborhood variables within a scale-
aware modeling framework. Several important findings emerge. 
First, under household-coordinate spatial-block cross-validation, 
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Figure 2. Permutation feature importance for the Gradient Boosting model. Bars show the relative contribution of predictors to model per-
formance, measured as the decrease in prediction accuracy when each feature is permuted.



gradient boosting and spline-based models achieved the strongest 
performance among the models evaluated, although overall predic-
tive accuracy was modest (R² 0.453±0.235), whereas neural net-
work architectures performed poorly when evaluated using spatial-
ly disciplined validation. This pattern aligns with growing evi-
dence that tree-based ensemble methods often outperform deep 
learning approaches in structured tabular data settings, particularly 
when sample sizes are modest and predictor relationships are het-
erogeneous but not extremely high-dimensional (Grinsztajn et al., 
2022; Shwartz-Ziv & Armon, 2022). These results reinforce a cen-
tral principle in applied data science: model complexity must be 
matched to data structure. Increasing architectural sophistication 
does not guarantee improved generalization, especially when spa-
tial clustering is explicitly controlled. 

This level of performance is best understood in relation to the 
validation strategy used. Prior geospatial obesity studies report a 
broad range of accuracy: county-level explainable models have 
reported high explanatory power (Allen, 2023), and deep-learning 
models on satellite imagery have reported R² above 0.9 (Dahu et 
al., 2024). Many of these evaluate performance using random or 
non-spatial cross-validation, which allows geographically proxi-
mate observations to appear in both training and test sets. Because 
obesity prevalence is spatially autocorrelated, this can inflate 
apparent accuracy relative to prediction in genuinely unsampled 
areas. Prior studies have used a range of validation strategies, 
including random and non-spatial cross-validation. Compared with 
random household splitting, the coordinate-based spatial blocking 
used here reduced geographic proximity between training and test-
ing observations. However, because the blocks were not defined by 
census-tract boundaries, the reported estimates remain exploratory 
and should not be interpreted as fully leakage-free or directly com-
parable with estimates from studies using different validation 
designs. Second, predictor importance analyses were dominated by 
neighborhood demographic composition, housing value, and a 

transportation-distance variable that largely indexes the city’s spa-
tial gradient; among primary soil metals, only lead showed modest 
importance, and the remaining metals and soil-composition indica-
tors contributed negligibly. The prominence of transportation relat-
ed variables is consistent with prior research linking traffic expo-
sure, environmental stressors, air pollution, and built-environment 
design to cardiometabolic outcomes (Brook et al., 2010; Cain et 
al., 2021). This consistency is noted as a possible interpretation 
rather than a demonstrated pathway, as the transportation-distance 
variable primarily indexes the city’s spatial gradient. Similarly, 
neighborhood socioeconomic gradients have long been associated 
with obesity disparities, reflecting differences in food environ-
ments, physical activity opportunities, and structural inequality 
(Diez Roux & Mair, 2010; Drewnowski, 2009). The emergence of 
these structural variables within a predictive framework indicates 
that the model is capturing real demographic and socioeconomic 
patterning rather than spurious statistical noise, though, as detailed 
below, their partial circularity with the modeled outcome limits 
any causal reading. 

A specific caution applies because the outcome is a modeled 
estimate rather than a directly observed measure. CDC PLACES 
tract-level obesity prevalence is generated from self-reported 
height and weight using multilevel regression and poststratifica-
tion, so between-tract variation is driven largely by the demo-
graphic composition of each tract and area-level socioeconomic 
structure rather than by independently observed measurements. 
Several of the most influential predictors identified here, particu-
larly racial composition and housing value, are strong correlates of 
that same demographic and socioeconomic structure. Because 
these predictors are closely related to variables already used to 
generate the PLACES estimates, their reported importance may 
partly reflect prediction of the PLACES model itself rather than 
prediction of independently observed obesity prevalence; they are 
therefore best interpreted as proxies for the broader structural con-
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Figure 3. Fold-level model stability across spatial cross-validation folds. Lines show RMSE values for each model across the five spatial 
folds, illustrating variation in predictive performance across geographic partitions.



ditions that jointly shape modeled obesity prevalence and neigh-
borhood disadvantage, not as independent environmental or built-
environment effects. This potential circularity does not negate the 
spatial patterning described here, but it cautions against reading 
these contributions as evidence of direct causal pathways. The 
tract-level associations are intended to prioritize areas and generate 
testable hypotheses for confirmation with individual-level, directly 
measured outcomes, and not to establish causation. 

Third, the tract-aggregated sensitivity analysis showed qualita-
tive consistency in the leading predictor domains and the relative 
performance of model classes. However, the differing model rank-
ings, variable fold-level performance, and small number of tracts 
preclude conclusions regarding robustness or the extent to which 
the primary findings were influenced by repeated tract outcomes. 

In this sensitivity analysis, the predictors were fully aggregated to 
the 34 census tracts and the models were re-estimated on these 
tract-level observations. In the fully tract-aggregated analysis the 
general advantage of tree-based models over the null and regular-
ized linear models was broadly preserved, although the ordering of 
the individual models differed and Random Forest rather than 
Gradient Boosting produced the lowest average RMSE 
(Supplementary Tables S1–S2); the tract-aggregated analysis 
showed qualitative consistency in the relative performance of 
model classes, although it cannot establish that the primary find-
ings were unaffected by repeated tract outcomes. 

A central contribution of this study lies in its explicit handling 
of spatial scale. Environmental exposures were measured at the 
household level, whereas obesity prevalence was defined at the 
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Figure 4. Correlation heatmap of predictors and obesity prevalence. Colors represent Pearson correlation coefficients, with red indicating 
positive correlations and blue indicating negative correlations.



census-tract level. Without careful harmonization, such mismatch-
es in spatial support can introduce bias, distort associations, or 
inflate predictive performance (Gotway & Young, 2002). Spatial 
misalignment is a well-recognized challenge in spatial epidemiol-
ogy and small-area health modeling (Banerjee et al., 2003). By 
assigning households to census tracts and conducting household-
coordinate spatial-block cross-validation, we reduced geographic 
proximity between training and testing observations relative to 
random household splitting but did not guarantee complete separa-
tion of census tracts (Roberts et al., 2017). This approach aligns 
with emerging best practices emphasizing geographically struc-
tured validation instead of random splits, which can yield overly 
optimistic estimates when spatial autocorrelation is present (Meyer 
et al., 2019). More broadly, the study demonstrates that fine-scale 
environmental measurements can be integrated with aggregated 
public health outcomes in a statistically coherent manner when 
scale is handled explicitly. 

Soil metals, including lead, emerged as contextual predictors 
of tract-level obesity prevalence. Experimental studies have pro-
posed that certain metals could influence metabolic pathways 
through oxidative stress, inflammation, or endocrine disruption 
(Ruzzin, 2012), but this is offered here only as a hypothesis. The 
present ecological design, together with the limited contribution of 
soil metals in the models, does not permit any inference regarding 
individual-level exposure-response mechanisms, and no such 
mechanism is supported by these data. Instead, soil metals should 
be interpreted as indicators of environmental context. Urban soil 
contamination frequently co-occurs with older housing stock, his-
torical industrial activity, infrastructure density, and socioeconom-
ic disadvantage (Filippelli & Laidlaw, 2010). In this sense, soil 
metals may function as markers of broader environmental condi-
tions rather than isolated toxic drivers. The identification of cross-
domain interactions, particularly between environmental indica-
tors and neighborhood socioeconomic variables, further supports 
frameworks of environmental inequality, which posit that environ-
mental burdens and social disadvantage often intersect spatially 
(Brulle & Pellow, 2006). Such interactions likely reflect complex 
structural processes rather than simple additive biological effects. 

The limited predictive contribution of the soil metals warrants 
direct consideration. Several non-exclusive explanations are plau-
sible: the modeled outcome is generated primarily from demo-
graphic and socioeconomic structure, so aligned predictors domi-
nate and leave little variance for environmental measurements; 
aggregating household measurements to the tract attenuates fine-
scale exposure signal; the small number of independent tracts lim-
its detection of weak or spatially heterogeneous associations; soil 
concentration is an imperfect proxy for internal or dietary expo-
sure; and any true association may simply be weak at the popula-
tion scale. Distinguishing among these will require individual-
level exposure and biomarker data and larger samples with more 
independent spatial units. 

The spatial distributions shown in Figure 1 provide additional 
context for the predictive modeling results. Several metals, includ-
ing cadmium, lead, copper, and zinc, exhibited localized hotspots 
concentrated within central and southeastern portions of 
Greensboro, areas that also tended to experience higher obesity 
prevalence. These spatial patterns do not establish causality; they 
indicate only that elevated metal concentrations and higher obesity 
prevalence co-occur in some neighborhoods, a co-occurrence that 
generates hypotheses for future individual-level study rather than 
evidence of a shared mechanism. Conversely, some northwestern 
census tracts near Oak Ridge and Summerfield exhibited relatively 
low metal concentrations despite moderate to high obesity preva-

lence, indicating that environmental contamination alone is unlike-
ly to account for the geographic variation in obesity. These obser-
vations support the multifactorial nature of obesity and underscore 
the importance of considering environmental, socioeconomic, and 
built-environment factors simultaneously. Importantly, all interpre-
tations are ecological. Census-tract obesity prevalence represents 
aggregated patterns, and associations identified at the tract level 
cannot be translated directly to individuals. This distinction is fun-
damental in ecological epidemiology, where group-level relation-
ships do not necessarily mirror individual-level mechanisms 
(Morgenstern, 1995). The purpose of this study was predictive and 
descriptive at the small-area level, not causal inference. 

Methodologically, this study demonstrates the feasibility of 
integrating laboratory-generated environmental exposure data with 
public spatial and census datasets in a unified predictive frame-
work. Differences in spatial resolution and measurement support 
are often cited as barriers to cross-domain integration in environ-
mental health research (Jerrett et al., 2005). Our approach provides 
a reproducible template for addressing such challenges. As a sec-
ondary comparison, neural-network models including a one-
dimensional convolutional network were also evaluated. These did 
not outperform the simpler tree-based methods under spatial vali-
dation; rather than a deep-learning contribution, the relevant 
methodological result is that parsimonious tree-based models were 
more reliable than neural networks at this sample size (LeCun et 
al., 2015). The comparative evaluation across interpretable statis-
tical models and flexible machine learning approaches clarifies 
when increased complexity enhances performance and when sim-
pler, well-regularized models remain preferable. 

Several strengths and limitations should be acknowledged. A 
major strength is the use of primary laboratory-measured soil met-
als, which reduce exposure misclassification compared to modeled 
or proxy data (Filippelli & Laidlaw, 2010). The explicit spatial val-
idation provides a more geographically conservative evaluation 
than random splitting. However, limitations include the ecological 
nature of the outcome, compression of within-tract variability, 
potential temporal misalignment across datasets, and modest sam-
ple size relative to predictor dimensionality. External validation in 
additional geographic settings will be essential to assess trans-
portability. 

This practical application illustrates the framework’s potential 
translational value. A local health department could use the tract-
level predictions as a screening tool to prioritize areas for follow-
up: tracts where elevated measured soil-metal concentrations co-
occur with higher predicted obesity prevalence could be flagged 
for targeted environmental sampling or community health assess-
ment, directing limited field resources to where measured environ-
mental burden and health burden overlap. The predictions would 
serve to narrow where more definitive, individual-level assessment 
is conducted, rather than to guide intervention directly. This 
screening role is consistent with the study’s preliminary status: the 
framework identifies areas warranting closer examination, and 
confirmatory measurement would precede any specific action. 

The primary contribution of this study is methodological. It 
presents a scale-aware framework that harmonizes predictors of 
differing spatial support to a common outcome scale, reduces geo-
graphic proximity between training and testing folds through 
household-coordinate spatial-block cross-validation while not 
guaranteeing complete separation of census tracts, and compares 
modeling paradigms under a disciplined evaluation standard. This 
framework is the transferable result of the work and applies to 
small-area environmental health prediction well beyond obesity. 

The public-health implications are more limited and remain 
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preliminary. The findings do not identify causal determinants of 
obesity and are not sufficient to guide intervention. Their practical 
value lies in screening: the framework can indicate tracts where 
measured environmental burden and predicted health burden co-
occur, helping direct where individual-level assessment should fol-
low. Realizing this in practice would require tract-level confirma-
tion, individual-level exposure data, and larger samples. 

Strengths and limitations 

Strengths 
A major strength of this study is the use of laboratory generat-

ed soil metal measurements rather than modeled or proxy environ-
mental exposures. Direct environmental measurements reduce 
exposure misclassification and provide more accurate contextual 
indicators (Filippelli & Laidlaw, 2010). Another strength is the 
explicit spatial validation strategy, which reduces leakage bias and 
provides a more geographically conservative evaluation (Roberts 
et al., 2017). 

Limitations 
Several limitations should be acknowledged. First, the out-

come is ecological. Census-tract obesity prevalence reflects aggre-
gate patterns and does not permit individual level inference 
(Morgenstern, 1998). Within tract heterogeneity is compressed 
into a single summary measure. In addition, the outcome is a mod-
eled small-area estimate derived from self-reported height and 
weight, which tends to underestimate true obesity, and its tract-
level variation is generated largely from demographic and socioe-
conomic structure; because several influential predictors (notably 
racial composition and housing value) correlate with that structure, 
their associations with modeled obesity prevalence may partly 
reflect the outcome model itself rather than independent effects. 
Second, temporal misalignment across datasets is possible. 
Environmental measurements, housing records, and census esti-
mates may not correspond to identical time periods. Temporal mis-
match can attenuate or distort observed associations (Carroll et al., 
2006). Third, the sample size is modest relative to the dimension-
ality of the predictor space. While regularization and cross-valida-
tion mitigate overfitting risk, external validation is needed. In addi-
tion, the number of sampled households differed substantially 
across tracts, so tract-level environmental summaries derived from 
sparsely sampled tracts carry greater uncertainty and should be 
interpreted accordingly. Relatedly, the stability of the permutation-
importance rankings is limited by the small number of independent 
tracts and by correlation among predictors; variability reported in 
Supplementary Table S2 pertains to the separate tract-aggregated 
sensitivity model and should not be interpreted as uncertainty in 
the primary household-resolution ranking. Spatial dependence was 
addressed through spatial-block cross-validation rather than by fit-
ting an explicit spatial model; evaluation of residual autocorrela-
tion (e.g., Moran’s I of the residuals) and explicit spatial models 
such as spatial lag or geographically weighted regression are iden-
tified as next steps, best pursued with more independent spatial 
units than the 34 available here. 

Fourth, and most importantly, the unit of analysis warrants 
explicit caution. Because the obesity outcome is defined only at the 
census-tract level while the models were fit to 475 household-level 
observations, each tract’s single outcome value is repeated across 
its sampled households, and the effective number of independent 
outcomes is 34 rather than 475. This pseudo-replication can under-
state uncertainty and inflate both apparent model performance and 
the apparent stability of predictor importance, so the reported met-

rics should be read as optimistic and provisional. Household-reso-
lution features were used to preserve the spatial resolution of the 
soil measurements, but all performance and importance metrics 
were computed at the census-tract level (34 independent out-
comes), and a fully tract-aggregated complementary sensitivity 
analysis is reported (Supplementary Materials). Multilevel or mea-
surement-error models with a tract-level random effect would pro-
vide still more rigorous inference and are identified as the clear 
next step. 

Finally, because households were recruited by convenience 
rather than by random sampling, the sample may not represent the 
underlying population, and coverage was uneven across tracts; this 
limits generalizability and is a target for future probability-based 
sampling. 

Future directions 
Several extensions are warranted. First, external validation in 

other geographic regions would test the transportability of the 
modeling framework. Spatial heterogeneity in environmental 
exposures suggests that model performance may vary across cities 
(Anselin, 1988). Second, longitudinal designs incorporating time-
varying environmental measurements would improve temporal 
alignment and allow dynamic modeling of tract-level change 
(Lawson, 2018). Third, causal modeling approaches such as direct-
ed acyclic graphs or structural equation models could be explored 
when appropriate data and assumptions are available (Pearl, 2009). 
However, such approaches require stronger assumptions than pre-
dictive modeling and should be applied with careful consideration. 

 
 
 

Conclusions 
This proof-of-concept demonstrates the feasibility of integrat-

ing laboratory-measured household soil metals with built-environ-
ment, housing, and neighborhood data measured across heteroge-
neous spatial supports. Contextual demographic, housing, and spa-
tial-gradient variables contributed more strongly to prediction than 
the measured soil metals, whose contribution was generally limit-
ed. Predictive performance was modest and varied across valida-
tion folds, and the identity of the strongest model differed between 
the household-resolution and fully tract-aggregated analyses. 
Because the outcome was available for only 34 census tracts and 
coordinate-based spatial blocking did not guarantee complete tract 
separation, the reported performance and importance estimates 
should be interpreted as provisional. The principal contribution is 
therefore the scale-aware integration framework and the identifica-
tion of hypotheses and methodological priorities for larger, fully 
tract-grouped studies. 
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