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Abstract

Childhood obesity is a major risk factor for adult cardiovascular disease. Current obesity-prediction models were not developed
in diverse populations and do not include heterogeneous social, environmental, and climate factors that may impact body mass
index across the full pediatric spectrum. Additionally, they consider only the immediate neighborhood within which a child lives,
ignoring contextual factors from expanded (ie, distal) neighborhoods. This study uses expanded neighborhoods’ social, environmental,
and climate data to improve individual-level body mass index prediction–from underweight through obesity–using a novel machine
learning approach. We obtained demographic and clinical data from the electronic health records of the Duke University Health
System, identifying 12,226 children aged 6-18 years in Durham County, North Carolina, with body mass index data from 2014 to 2022.
Participants’ data were linked to socioeconomic and environmental information at the census block group level. We captured expanded
neighborhood effects with a graph neural network and combined this information with individual-level factors to predict body mass
index. Our model predicted body mass index more accurately than simpler models for children aged 6–11 (R2 = 0.234, mean absolute
error = 3.352, root mean square error = 4.370) and 12–18 (R2 = 0.147, mean absolute error = 4.980, root mean square error = 6.343) using
all features. Key predictive factors identified included rent burden, poverty rate, and tree coverage. This research highlights the value of
including broader socioeconomic and environmental factors in body mass index prediction, offering insights that could guide targeted,
neighborhood-level interventions.

Key words: electronic health records; geospatial modeling; child exposure/health; machine learning.

Introduction
Obesity in children is strongly associated with cardiometabolic
risk factors such as hypertension, insulin resistance, and
dyslipidemia and increases the risk for diabetes, cardiovascular
disease, and premature mortality.1-4 Approximately 80% of ado-
lescents with obesity will continue to have obesity into adulthood,
resulting in substantially higher risk for cardiovascular disease as
adults.5 The factors that predispose children to obesity include
household and individual factors, and social and environmental
determinants of health (SDOH).6,7 Identifying the specific social
and environmental factors that predict childhood obesity may
improve prevention by helping prioritize policy interventions.

Existing models to predict childhood obesity incorporate demo-
graphic, clinical, and parent-level factors.8 However, these mod-
els have largely been developed and validated in cohort studies
of homogenous European populations and are not necessarily
generalizable to the US population, which is more racially and

socioeconomically diverse. In the US, the prevalence of childhood
obesity is significantly higher among non-Hispanic Black and
Hispanic children compared to non-Hispanic white children.4

Excluding diverse populations when developing childhood obesity

prediction models may lead to poor predictions in those groups

and incorrect clinical decisions.9 Also, current models that pre-

dict individual BMI primarily include clinical and demographic
variables, with limited or no neighborhood level environmental
or contextual factors. Even when such factors are included, they

are often restricted to a person’s immediate surroundings and fail
to capture influences from broader communities.

When considering how SDOH can improve prediction charac-
teristics, we are mindful of the limitations of current measures

of spatial autocorrelation. Traditional spatial autocorrelation

approaches rely on parametric, linear combinations of predictors

while SDOH predictors may be non-linear and correlated.10

These approaches also require that data are observed.10 Novel
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machine learning approaches can be designed to better account

for autocorrelation between expanded neighborhoods.

This study addresses these limitations by linking electronic
health record (EHR) data from a health system that serves
a racially, ethnically, and socioeconomically diverse patient
population with social, environmental, and climate data, focusing
on incorporating the geographic distribution of expanded
neighborhood environments. We propose a custom graph
neural network (GNN) approach that captures autocorrelation
between neighborhood-level SDOH variables and combines it
with individual-level clinical data. This is used to develop a
novel framework to predict body mass index (BMI) in children,
which is used to risk stratify children based on categories (ie,
overweight, obesity, and severe obesity). The resulting model has
the potential to more accurately predict childhood obesity and
identify opportunities for prevention efforts.

Methods
Data sources and study population
The study population and clinical data were obtained from the
EHR of the Duke University Health System (DUHS). DUHS is the
primary provider of healthcare in Durham County, NC. Durham
County includes racially, ethnically, and socioeconomically
diverse urban, suburban, and rural areas and nearly 90% of
children in Durham receive care within DUHS.11 In our study,
children were eligible for the study if they had at least two
encounters with body mass index (BMI) recorded between 9 to
36 months apart. We only used the first BMI measurement in
our study. The resulting source population for this study included
159,675 children under 18 years of age residing within North
Carolina from 2014-2022. Children were excluded if they were
less than 6 years of age to focus on school-aged children and
adolescents, if they lacked a recorded address, were missing
BMI value, lived outside of Durham County, or were diagnosed
with attention deficit hyperactivity disorder (due to stimulant
effects on BMI). As a result, 147,449 children were excluded from
the study. Patient addresses were geocoded and assigned FIPS
codes at the block group level. This study was approved by the
Duke University School of Medicine Institutional Review Board. A
flowchart outlining the inclusion and exclusion criteria used to
define the final study population is presented in Figure 1.

Socioeconomic, built environment, and climate
predictors
Block group–level socioeconomic, built environment, and climate
factors from 2014-2022 were included in the model based on
their known associations with childhood obesity.12-17 Socioeco-
nomic and built environment data were obtained from the Social,
Environmental, and Equity Drivers (SEED) Health Atlas,12 Durham
Neighborhood Compass,18 DataAxle,19 United States Environmen-
tal Protection Agency,20 North Carolina State Climate Office,21 US
Geological Survey,22 Google Earth Engine23 and prior research.24

These organizations provide valuable data on social and environ-
mental factors, and the built environment, contributing to the
comprehensive scope of SDOH data on the SEED Health Atlas,
a web based platform that democratizes data. Socioeconomic
variables included 2014-2022 Childhood Opportunity Index (COI)
(block groups were assigned the COI of their containing census
tract), median household income, unemployment rate, percent of
residents without a vehicle, percentage of households with high
rent burden, percent of individuals living at or below poverty level,

Figure 1. Flowchart of exclusion criteria used to define the final study
population.

and percentage of households with more than one person per
room. Built environment variables included 2014-2022 neighbor-
hood tree coverage, National Walkability Index, LandSat Normal-
ized Difference Vegetation Index (NDVI), and data from DataAxle
on the number of liquor stores, grocery stores, convenience stores,
religious institutions, and fast-food restaurants within a block
group.

To estimate neighborhood-level variations in climate, we used
block-group level estimates of summertime evening air tempera-
ture to serve as an indicator of the urban heat island effect. To
produce these estimates for 2014-2022, we adapted a land-use
and vegetation-based model following an established method.25

This model is based on data collected from the NOAA (Office
of Education, Climate Program Office, National Integrated Heat
Health Information System (NIHHIS)) heat island mapping cam-
paign in July 2021, in which evening temperature was observed
at high spatial resolution.21 We fit the model using 2021 National
Land Cover Dataset (NLCD) and NDVI data, then used the model
to estimate neighborhood evening temperature based on NLCD
and NDVI data from the other years (2014-2020, 2022). Since this
method produced rasterized estimates for each year at 30-meter
resolution, we then averaged the estimates over census block
group boundaries for use in the GNN. We provide several example
visualizations of temperature over time in supplementary mate-
rial (Figure S1).

Demographic and clinical data
Demographic predictors included patient age and sex. Clinical
data was used to quantify BMI (the outcome), which was defined
using weight and height (ie, kg/m2).26

Geographic information
We collected TIGER/Line shapefiles including geographic and
cartographic information of Durham County in 2014-2022 from
United States Census Bureau.27 Patient level residential address
and associated block group level Federal Information Processing
Standards (FIPS) codes at the block group level were obtained
from DUHS EHR.

D
ow

nloaded from
 https://academ

ic.oup.com
/ajeadvances/article/1/3/uuaf011/8262918 by guest on 10 February 2026

https://academic.oup.com/ajeadvances/article-lookup/doi/10.1093/ajeadv/uuaf011#supplementary-data


AJE Advances: Research in Epidemiology, 2025, Volume 1, Number 3 | 3

Figure 2. Illustration of the graph building process. Each block group is given its own node in the graph, and nodes are connected if they are neighbors
to one another.

Statistical analysis
Our proposed method integrated spatial patterns with personal-
ized information. First, we constructed time-varying graphs where
each node represented a block group and each edge connected
two neighboring block groups. Each year had a distinct graph
that incorporated SDOH, climate factors and geographic patterns.
Second, we predicted individual BMI using 1) a person’s demo-
graphic information, and 2) the constructed graphs. This involved
training a single graph neural network that works across all years
to summarize information from the extended neighborhoods into
a vector. We then combined this vector of summary features with
each person’s demographic features to predict BMI. The approach
is described in detail below.

Building time-varying graphs
We first constructed a separate graph for each year t (ie, 2014-
2022) to capture the impact of the extended neighborhood, with
t ∈ {2014, 2015, . . . , 2022} . To do this, we defined each block group
j as a node, and we identified all contiguous block groups (ie, block
groups that touched the index block group) to find “edges,” as
illustrated in Figure 2. We denoted all block groups in year t as
B [t] and represented the j-th block group as bj [t]

(
bj [t] ∈ B [t]

)
.

Each block group contained features corresponding to that block
group and year. The resulting graph included features of the node
and edges. The edges were denoted E [t]. This resulted in a graph
Gt = {

B [t] , E [t]
}

containing |B [t] | nodes and |E [t] |edges for year t.
Some predictors were missing for certain block groups in spe-

cific years, with the overall missing values accounting for approx-
imately 8% of the entire dataset. To address this, for each year,
missing feature values were imputed by replacing them with the
arithmetic mean of non-missing values from neighboring block
groups. This process was applied iteratively (twice).

Individual outcome prediction framework
We generated individual-level predictions of BMI by integrating
neighborhood-level contextual factors with individual demo-
graphics. Specifically, we employed a GNN with shared param-
eters to capture neighborhood effects across all years, enabling
it to generalize across different graphs and temporal SDOH and

climate patterns. This generalization is necessary as the precise
location and number of block groups and census tracts can vary
over years, meaning that the derived graph can be different for
different years. By shared parameters, we mean that the same
GNN parameters are used in each year that the GNN is applied,
meaning that the predictions in different years can effectively
share information on how best to learn the GNN.

Graph neural network modeling
We employed a unified graph convolutional neural network archi-
tecture28 that can process all annual graphs,

{
G2014, G2015, . . . ,

G2022
}
, using shared parameters, as shown in Figure 3b. For any

single year, the network operated on that year’s graph through
the following steps:

Graph initialization
For each year’s graph, we defined the node (ie, block group)
predictors based on predictors from that specific block group and
that specific year (eg, median household income for the block
group with FIPS code 370630011001 in 2021).

Shared feature learning
We implemented a 2-layer graph convolutional network using
shared weights across all years. To briefly summarize, in each
layer each node (block group) summarizes its information along
with the information of its neighbors. This happens twice, mean-
ing that the output on each node can capture a summary of the
information of the input features, the features of its neighbors,
and the features of the neighbors of its neighbors, in what is often
referred to as the 2-neighborhood. The extent of neighbors that
is used is a tunable parameter and could be varied. This graph
neural network performed iteratively passing messages (eg, infor-
mation/summaries about their input features and prior messages
passed from neighbors) between neighboring nodes to incorporate
nearby information, and was defined28 for each layer as:

hl
bj

=
⎛
⎝∑

k∈Nbj
[t]∪{bj[t]}

1√
dbj

dk

h(l−1)
k Wl

⎞
⎠ .
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Figure 3. Schematic of prediction framework. a) Year-by-year graph construction spanning 2014 to 2022, as more fully described in Figure 2; b) spatial
pattern learning via a graph convolutional network that captures index-level and neighboring area features, employing weight sharing across years;
c) fully connected network for individual demographic information extraction; d)) spatiotemporal matching module for retrieving block group–level
representation using the individual’s residential location and BMI measurement year; e) individualized BMI prediction using demographics, geographic
location, and block group–level data from the measurement year. BMI: Body mass index; GNN: Graph neural network.

where Wl is trainable weight matrix at layer l shared by all years;
Nbj [t] denotes neighbors of j-th block group in year t’s graph; dbj

is
the degree of node bj including a self-loop (eg, the number of block
groups, or nodes, the j-th block group is connected to, counting a
connection to itself); σ denotes a non-linear activation function,
which is here we used the common Rectified Linear Unit (ReLU),
which is defined as ReLU(x) = 1x>0 × x. This definition means
that the function returns 0 if x is less then 0, and x otherwise.
This nonlinearity is necessary in deep networks to increase the
capacity or flexibility of the network.

We denote the entire process in this section using function
g. Thus, for year t, the output of the GNN was given as g (Gt),
with block group bj at time t given as g

(
Gt

)
bj

. Thus, the final

embeddings for 2014 to 2022 of our graph neural network model

were
[
g
(
G2014

)
, . . . , g

(
G2022

)]
, that will then be used in predictions.

The proposed neighborhood-level learning architecture
enables each node to refine its features by considering infor-
mation from neighboring nodes, thereby capturing greater
information about the extended neighborhood. This approach
offers several key advantages: (1) it supports graphs that vary
across years; (2) it adapts to year-specific adjacency structures;

and (3) it maintains a consistent feature space across temporal
domains.

Individual outcome prediction
As outlined in Figure 3, our framework provides patient-level BMI
predictions for each individual i based on their demographic char-
acteristics, while also considering predictors within their index
and expanded neighborhoods. This process is shown in Figure 3c,
where the individual level information xi (ie, age and sex) mea-
sured in yearti is first summarized by a simple neural network
f (xi), and that information is combined with the summary values
from the GNN for the block group that represents the information
present in the extended neighborhood, g

(
Gti

)
bi

, meaning that we
use the graph from the corresponding year and location of indi-
vidual i. These two pieces of information are combined (Figure 3d)
to make the final prediction yi (Figure 3e), as

ŷi = W
(
f (xi)

∥∥∥ g
(
Gti

)
bi

)
+ c.

where ‖ denotes concatenation of vectors, and W and c denote
parameters of a linear transformation. In other words, this is the
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same mathematical form as a linear regression given the two sets
of summaries from the personal and location information.

During model training, the unified architecture learned from
heterogeneous graphs across each year (2014-2022) to enable
end-to-end training, meaning that the parameters of the GNN,
the network f (· ) , W, and c are learned simultaneously to better
interact with each other, using real BMI values as ground truth,
with two key innovations:

• Temporal generalization capability: The shared-weight GNN
processes graphs from any year without retraining

• Dynamic topology handling: Automatic adaptation to yearly
changes in block group boundaries/connections that can hap-
pen due to updates from the decennial census.

Model training and selection
We generated a test set by randomly withholding 20% of the
individuals prior to training. We used 5-fold cross-validation to
estimate performance on the rest of the data. During training, we
used the Adam optimizer29 with a learning rate decay strategy29

and mean squared error (MSE) loss. We optimized hyperparam-
eters using Ax optimization.30 These were, the learning rate of
the Adam optimizer (range [1e-5, 0.4]); weight decay [5e-5, 5e-
3]; learning rate decay step size [20, 50] and γ [0.6, 1.0]. We
conducted 30 runs to identify the optimized hyperparameters for
each experiment.

Model evaluation
Similar to other studies,31,32 we evaluated inter-individual
coefficient of determination (R2), mean absolute error (MAE), and
root mean square error (RMSE) on a validation set. We compared
to multiple baseline models, including benchmarking using the
average BMI value. To evaluate the contribution of key model
components, we conducted three model comparison experiments,
each designed to isolate and assess the impact of specific features
or structures within our framework. We chose to use two machine
learning methods that do not capture extended neighborhoods
as the baseline approaches to isolate the gain from capturing
extended neighborhoods while keeping the nonlinear capabilities
of the machine learning approaches, along with a penalized linear
regression approach that cannot capture nonlinear relationships.
Specifically, these approaches are: 1) LocalFCN: We replaced the
GNN with a Fully Connected Neural Network (FCN) to only use the
index block group, meaning that this uses a standard deep learn-
ing approach that does not capture the extended neighborhood;
2) We trained an Explainable Boosting Machine (EBM, ie, an
explainable generalized additive model)33 using characteristics
in index residential block group and individual information,
which likewise will not capture extended neighborhoods, but has
the benefit that feature importance and nonlinear relationships
can be easily visualized due to its “glassbox” model structure;
3) Linear regression with L2 penalty using characteristics in
index residential block group and individual information. To
summarize: the first two comparison models demonstrated the
value of incorporating extended neighborhood information, while
the third highlighted the predictive improvement gained through
added non-linearity (as compared to traditional linear models).
To assess the impact of child opportunity index (COI)—a metric
partially derived from other features and partly incorporating
unique external information34—we trained our model with and
without COI. All analyses were conducted in Python3, version
3.10.435 with the packages, NetworkX, version 3.136 to create the
graph, and PyTorch, version 2.0.137 to build the deep learning
framework.

Results
Final cohort
The final study cohort included 12,226 children with a mean age
of 11.5 years, of whom 53% were female, 45% were Black, and 25%
were Hispanic (Table 1). When comparing characteristics among
children above and below 12 years of age, older children were
more likely to be female (55% vs 50%), Black (48% vs. 41%), and
less likely to be Hispanic (21% vs. 27%), compared to children less
than 12 years of age.

The overall block group-level mean values of social, environ-
mental and climate predictors are presented in Table 2. Year-
specific summary statistics across block groups from 2014 to 2022
are available in supplementary material (Tables S1-S9). These
tables highlight substantial heterogeneity in socio-environmental
characteristics across block groups, including in the yearly distri-
butions of the COI, median household income, and the percentage
of the population living below the poverty level.

Prediction performance and comparison models
We assessed the contribution of neighborhood social, environ-
mental and climate data to BMI prediction and further evaluated
the specific influence of including COI by comparing model per-
formance with and without COI in the feature set (Table 3).

As shown in Table 3, our proposed method outperformed all
comparison models, achieving the highest predictive performance
both with and without COI. Of note, our model, which does
account for autocorrelation between block groups, outperformed
the Explainable Boosting Machine and the LocalFCN, two
approaches that do not use autocorrelation between block groups
for its predictions. These results underscored the importance of
incorporating data from expanded neighborhoods for both age
groups, regardless of whether COI is included. Results from the
linear regression showed the importance of accounting for non-
linearity in our framework.

To further investigate the enhanced performance resulting
from our model’s capability to integrate data from expanded
neighborhoods, we conducted comparative experiments using a
modified test set, where demographics for all individuals were
fixed. This ensured that only block-group level characteristics
(SDOH and climate data) contributed to the inter-individual vari-
ation in BMI prediction. We split the visualizations in 2020, as
block group boundaries and definitions were updated in that year,
affecting data consistency across the 2014-2022 period. We used
the feature set excluding COI for this analysis to avoid poten-
tial redundancy, as COI is a composite index partially derived
from multiple block-group–level variables already included in the
model. This approach allowed us to more directly assess the
contribution of individual neighborhood features and the added
value of incorporating spatial context.

We compared our model to LocalFCN by visualizing block
group–level average BMI predictions (Figure 4) and calculating
inter-individual R2 on a modified test set. LocalFCN achieved
R2 values of 0.057 (ages 6-11) and 0.070 (ages 12-18), while our
model improved performance to 0.088 and 0.132, respectively.
These results suggest our model better captures inter-individual
BMI variation from neighborhood-level context, especially among
older children. Visualizations further support this, showing higher
average BMI and greater spatial variability in the 12-18 age group.
Our model’s predictions align more closely with observed values
than LocalFCN, highlighting the value of incorporating broader
neighborhood information.
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Table 1. Summary statistics on the baseline characteristics of the study population with standard deviations.

Characteristic 6-11 years old (n = 6929) 12-18 years old (n = 5397) Total (n = 12226)

Age (years), mean ± SD 8.9 ± 1.7 14.6 ± 1.7 11.5 ± 3.6
BMI (kg/m2), mean ± SD 20.6 ± 5.0 26.3 ± 6.9 23.1 ± 6.6
Female [n (%)] 3485 (50.3%) 2978 (55.2%) 6463 (52.9 %)
Race [n (%)]

Black 2839 (40.9%) 2617 (48.4%) 5456 (44.6 %)
Caucasian/White 2321 (33.5%) 1568 (29.1%) 3889 (31.8 %)
Asian 189 (2.7%) 140 (2.6%) 329 (2.7 %)
Other 985 (14.2%) 541 (10.0%) 1562 (12.8 %)
More than one race 81 (1.2%) 85 (1.6%) 166 (1.4 %)
Missinga 511 (7.4%) 308 (5.7%) 819 (6.7 %)

Ethnic group [n (%)]
Hispanic or Latino 1895 (27.3%) 1115 (20.6%) 3010 (24.6 %)
Not Hispanic or Latino 4693 (67.7%) 3989 (73.9%) 8682 (71.0 %)
Missinga 338 (4.9%) 190 (3.5%) 528 (4.3 %)

Abbreviations: BMI, Body Mass Index; SD, standard deviation.
aCorresponding characteristic is not included or not reported.

Significance tests
We validated the model by testing the statistical significance
of incorporating SDOH and climate data. Specifically, for both
age groups, we conducted analyses using our proposed model
on different feature sets: 1) demographic information only
(denoted as demo); 2) demographic information and SDOH
(demo+SDOH); 3) demographic information and climate data

(demo+temp); and 4) all features combined (demo+SDOH+temp).
After collecting the resulting R2 from 5 runs, we conducted
t-tests and calculated the p-values for different pairs of
feature sets.

Table 4 presents R2 for both age groups across different predic-
tor sets, with p-values indicating whether the addition of socioe-
conomic and environmental variables significantly improves BMI

prediction. The results demonstrate that socioeconomic factors
substantially improve model performance beyond demographics

alone for both age groups (P < 0.001). In contrast, the contribution

of temperature data is comparatively modest. Adding tempera-
ture alone to demographic features does not yield a statistically
significant improvement (P = 0.09 for ages 6-11; P = 0.11 for
ages 12-18). Even when SDOH features are already included, the
incremental benefit of adding temperature remains limited—
statistically non-significant for younger children (P = 0.44) and
only marginally significant for adolescents (P = 0.03). These results
suggest that while temperature may provide some additional
predictive value, particularly for older children, the primary gains
in BMI prediction are driven by neighborhood socioeconomic
characteristics.

Table 2. Overall mean and standard deviation derived from the annual means for block group-level social, environmental and climate
predictors across years.

Predictors Value (mean ± standard deviation (SD))

Socioeconomic
Child Opportunity Index (scale: 0-100)a 51.5 ± 4.4
Median household income ($) 64 653.5 ± 9817.2
Unemployment (%) 6.0 ± 1.6
Residents without vehicle (%) 9.2 ± 1.4
Households with high rent burden (%) 50.6 ± 2.4
Individuals living at or below poverty level (%) 16.9 ± 2.7
Households with more than one person per room (%) 2.8 ± 0.2

Built environment
Tree coverage (%) 17.8 ± 0.5
National Walkability Indexb 10.6 ± 4.0
Number of tobacco stores 1.2 ± 0.3
Number of liquor stores 1.2 ± 0.3
Number of grocery stores 0.3 ± 0.1
Number of recreation centers 0.5 ± 0.2
Number of convenience stores 0.3 ± 0.1
Number of religious institutions 1.8 ± 0.5
Number of fast food restaurants 0.4 ± 1.1
Landsat Normalized Difference Vegetation Index (NDVI)c 0.3 ± 0.0

Climate
Temperature 26.8 ± 0.0

Abbreviation: SD, standard deviation over block groups.
All statistics are calculated using block group level data of block groups in Durham County.
aDiverse Data Kids (https://www.diversitydatakids.org/child-opportunity-index).
bUSEPA (https://www.epa.gov/smartgrowth/national-walkability-index-user-guide-and-methodology).
cUSGS (https://www.usgs.gov/landsat-missions/landsat-normalized-difference-vegetation-index).
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Table 3. Model performance comparison for BMI value prediction.

Model
E

(
R2)

E(MAE) E(RMSE)

w COI wo COI w COI wo COI w COI wo COI

6-11 years old
Benchmark 0 3.969 4.944
Linear model 0.166 0.169 3.550 3.615 4.495 4.603
EBM33 0.188 0.195 3.467 3.519 4.447 4.509
LocalFCN 0.228 0.227 3.368 3.376 4.384 4.395
Our model 0.234 0.230 3.352 3.369 4.370 4.386

12-18 years old
Benchmark 0 5.349 6.601
Linear model 0.078 0.082 5.220 5.299 6.514 6.555
EBM33 0.116 0.107 5.135 5.143 6.444 6.447
LocalFCN 0.139 0.131 4.991 5.031 6.366 6.449
Our model 0.147 0.134 4.980 5.018 6.342 6.389

Benchmark: model using average BMI as predicted value for all individuals; Linear Model: Linear Regression model using L2 penalty; EBM: an explainable
generalized additive model; LocalFCN: uses index and neighborhood characteristics for predicting individual BMI; Our model: the proposed individual BMI
prediction framework; MAE: mean absolute error; R2: coefficients of determination for unseen independent data; RMSE: root mean square error.

Model-identified predictors and their importance
To understand which variables contributed most to BMI predic-
tion, we examined feature importance scores, which are quan-
titative measures of how much each predictor influenced the
model’s output. Feature importance was calculated by EBM for
each block group level predictor (Figure 5) and provided the full
visualization of feature importance in supplementary material
(Figure S2). While this framework does not perform as well as
the full model, it has a tractable computation methodology to
visualize the importance of each feature through established code
packages. We excluded COI to clearly identify the contribution of
specific social, environmental and climate predictors, which may
otherwise be masked by the composite nature of COI. We also
excluded individual demographics to focus specifically on block
group-level information.

Figure 5 shows that block group-level SDOH and climate fac-
tors are more influential in adolescence than early childhood,

Table 4. Impact of using different predictor sets on prediction
characteristics.

Significant Tests

p-value (on R2)

6-11 years old 12-18 years old

demo vs. demo +temp 0.09 0.11
demo +SDOH vs. demo +SDOH+temp 0.44 0.03
demo vs. demo+SDOH 0.00 0.00
demo+temp vs. demo+SDOH+temp 0.00 0.00
demo vs. demo+SDOH+temp 0.00 0.00

All statistical values are calculated using results from our proposed
individual BMI prediction framework. P-values are calculated based on all
R2 and MSE after 5 runs. demo: individual demographic features (age and
sex); SDOH: Social and environmental Determinants of Health (Child
Opportunity Index, median household income, unemployment rate,
percentage of residents without vehicle, percentage of household with high
rent burden, percent of individual living at or below poverty level,
percentage of household with more than one person per room, tree
coverage, National Walkability Index, number of tobacco stores, number of
liquor store, number of grocery stores, number of recreation centers,
number of convenience stores, number of religious institutions, number of
fast food restaurants, Landsat Normalized Difference Vegetation Index);
temp: summer evening temperature in Durham County; MSE: mean square
error; R2: coefficients of determination for unseen independent data.

consistent with our findings where socioeconomic and environ-
mental factors explained more BMI variation in older children.
Socioeconomic variables consistently rank above built environ-
ment and climate features. Built environment indicators like tree
coverage and number of religious institutions also contribute
meaningfully, with tree coverage ranking highest for ages 12-18.
Temperature shows moderate importance, with scores of 0.066
(ages 6-11) and 0.117 (ages 12-18). Overall, while socioeconomic
conditions remain the most influential drivers of obesity, built
environment and climate features significantly contribute to pre-
dictions.

Discussion
We developed a novel individual BMI prediction framework
based on a GNN to include SDOH and climate information
that may inform strategies to curtail childhood obesity. This
framework shows that extended neighborhood information
improves predictions compared to only information directly
proximal to patients.38,39 Furthermore, this study underscores
the importance of considering socio-environmental factors in a
broader geographic area from where a child lives when predicting
health measures such as BMI. There are multiple novel aspects of
the current study outlined below.

First, a major methodologic advance of our work is the use
of GNNs to account for autocorrelation. Increasingly, GNN-based
models are used to predict individual health outcomes.40 However,
work to date has not blended shared information over nodes
(neighborhoods) with personal information. Specifically, prior
studies that use graph structures for individual level disease
prediction treat each patient or disease as a node,40-43 which
is incapable of directly learning shared relationships over space.
To our knowledge, our study is the first to use GNNs to relate
broader environmental features (eg, tree coverage, number of fast-
food restaurants) to health by capturing the impact of extended
neighborhoods on individuals.

Second, our GNN effectively models complex relationships
and dependencies inherent in graph-structured data. Only a few
studies have incorporated environmental variables.32,44-47 Among
these, the majority have focused on neighborhood environments
directly proximal to where a person lives, whereas we show there
is greater information captured by expanded neighborhoods. In
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Figure 4. Block group level average BMI (kg/m2) prediction using only SDOH and climate data for kids in both age groups. A) 6-11 years old group;
B) 12-18 years old group. Visualizations are split at the year 2020 due to changes in block group definitions starting that year. Prediction results come
from test (held-out) data. Each color bar represents the value of the average BMI (kg/m2) prediction in their corresponding age group. Our full proposed
model better captures the spatial variation in Durham County compared to only using information from an individual block group. Our model: The
proposed individual BMI prediction framework; LocalFCN: The model which only uses index and neighborhood characteristics for predicting
individual BMI; BMI: Body mass index.

addition, we extended the use of GNN by building a framework
that incorporates personal and spatial factors and can be applied
to dynamically changing graphs over years. This is critical in
our study as the number of individuals within each node varies,
resulting in different output dimensionality for each node. To
overcome this challenge, our method simultaneously learns at
a “sub-node” level, analyzing individual elements within each
node concurrently. This approach addresses the shortcomings of
traditional GNNs in handling variable output dimensions.

Third, our method of incorporating neighborhood-level tem-
perature into the model is unique. Data products that quantify
temperature, such as the ERA5-Land reanalysis dataset, provide
information at too coarse a resolution (9 kilometers) to be useful
at the block group level (as done in our study).48 Moreover, the
ERA5-Land dataset has been found to underestimate the intensity
of urban heat.49 Therefore, we opted to use a model of evening
temperature estimates at high resolution so that we could capture
the influence of the urban heat island effect when it tends to be
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Figure 5. SDOH and temperature (climate data) feature importance after excluding COI. The x-axis indicates the estimated feature importance for
each predictor; the y-axis indicates the name of each corresponding predictor. NDVI: LandSat normalized difference vegetation index.

most pronounced (ie, the urban–rural temperature difference is
at its highest). We note that the temperature model is based on
a snapshot of evening temperature and thus does not completely
characterize urban heat island variability. However, because the
data used in the model was collected under typical summer
conditions, the resulting estimates serve as an indicator of average
spatial temperature variation under peak impacts.

Fourth, our study simultaneously considers neighborhood
sociodemographic, built environment, climate, and individual
factors to predict individual BMI. This advances prior research
that supports an association between neighborhood socio-
environmental factors and obesity.50-53 These studies have shown
that children living in neighborhoods with poor housing and
limited access to sidewalks, parks, and recreation centers, have
higher odds of being overweight or obese compared to those
in more favorable environments.50 The physical neighborhood
characteristics, such as the presence and distance to parks,
highways, green streets, access to health food, and diverse
housing types, correlate with variations in obesity prevalence
across different neighborhoods.50,53 Importantly, the risk of
obesity increases with age, with younger children less sensitive
to neighborhood environments than older ones.53 Our study in
Durham County aligned with these findings; SDOH and climate
data explained 13.2% of the interindividual variance for children
aged 12-18 and 8.8% for those aged 6-11. In addition, previous
studies often only consider obesity prediction as a community-
level outcome50-60 rather than individual-level obesity prediction.
Although recent methods target individual obesity prediction,61-65

they primarily emphasize lifestyle, genetic, demographic, and
clinical factors, and are unable to assess broader neighborhood
influences.

There are some limitations to our study. First, our method
uses a single BMI measurement at one point in time and does not
account for length of exposure to neighborhood influences, which
may influence the effect of SDOH and climate exposures66-68;
longer-term residents may be more affected by local conditions
than recent movers. Additionally, our findings may be less
generalizable in areas with low socioeconomic and environmental
variability, such as uniformly rural counties, where expanded
neighborhood context may add limited predictive value. Finally,

while our model outperforms all baseline approaches, the R2

values may appear modest in absolute terms. This is expected
given the high inter-individual variability in BMI and the influence
of lifestyle, diet, physical activity, and genetics, which are known
predictors of obesity. Despite these constraints, our approach
captured more variance than established models and revealed
clear spatial patterns aligned with known socio-environmental
disparities.

Future research should include broader geographic areas and
larger populations to better assess the impact of SDOH and cli-
mate on BMI. Considering the length of time spent at current and
prior addresses of individuals may clarify how cumulative expo-
sures influence outcomes. Finally, identifying causal pathways
could inform targeted obesity prevention strategies.

Conclusion
In conclusion, we observed statistically significant improve-
ments in prediction performance of a model predicting child
and adolescent BMI when using a graph neural network
(GNN), suggesting that accounting for spatial autocorrelation in
socio-environmental factors is important in childhood obesity
prediction. While prior studies have accounted for spatial
autocorrelation when predicting clinical outcomes, they are not
able to effectively model complex relationships and dependencies
inherent in graph-structured data. Our study addresses these
limitations by integrating individual-level data with both
proximal and expanded neighborhood-level contextual factors
using a GNN framework. The results highlight the importance
of broader neighborhood socioeconomic and environmental
exposures beyond a child’s immediate surroundings in shaping
BMI. These findings inform public policy, urban planning, and
community development approaches to address the childhood
obesity epidemic, while also offering a novel, generalizable
modeling for other clinical conditions.
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