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Introduction: Diabetes and obesity are public health concerns influenced by socioenvironmental conditions. This ecological,
cross-sectional study examined estimated diabetes-obesity burden across census tracts in the ten-county Greater Houston area,
using a continuous combined diabetes-obesity score and its relationship with social vulnerability and United States Department
of Agriculture (USDA) income-and-access indicators.
Methods: Public tract-level diabetes and obesity prevalence estimates, Social Vulnerability Index (SVI) percentiles, and USDA
income-and-access indicators were harmonized to 2010 census tracts using area-weighted crosswalks. Diabetes and obesity
z-scores were averaged into a continuous combined score. Analyses included rank correlation, blocked permutation testing of
high-burden overlap, multivariable models with county controls, county-clustered standard errors, a neighbor-average spatial-lag
covariate, and spatial clustering using Moran’s I and Getis-Ord Gi*.
Results: Among 1,069 analyzed tracts, diabetes and obesity prevalence estimates were strongly related (Spearman ρ = 0.857).
The combined score increased across SVI quartiles and correlated strongly with SVI (ρ = 0.882). In multivariable models, SVI
and the neighbor-average spatial-lag covariate had the largest positive coefficients for the combined score, while low-access status
had the smallest USDA coefficient. The combined score was spatially clustered (Moran’s I = 0.719). At the 80th-percentile, the
high diabetes-obesity overlap included 163 tracts versus 43.4 expected under independence (enrichment ratio = 3.75; Jaccard
overlap = 0.61; blocked permutation P < .001).
Conclusion: Combined diabetes-obesity burden aligned with social vulnerability, low-income status, and spatial clustering
across Greater Houston tracts. These tract-level patterns identify candidate areas for local review, validation, and planning
discussion, but not individual-level or causal conclusions.
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Introduction

Diabetes and obesity are major public health challenges whose
estimated prevalence can vary sharply across small geographic
areas. A census tract-level analysis of insured adults in
King County found that adult obesity prevalence varied ge-
ographically by tract after adjustment for individual charac-
teristics1. A companion tract-level analysis in the same re-
gion found that diabetes prevalence also varied geographically
and aligned with neighborhood socioeconomic patterns2. A
primary-care geospatial study found significant census-tract
hot and cold spots of type 2 diabetes and showed that hot-
spot tracts had lower income, lower high-school graduation,
more limited English proficiency, and less insurance cover-
age than other tracts3. A Gulf Coast cohort study found that
greater neighborhood deprivation was associated with higher
obesity and diabetes prevalence in a region with high baseline
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cardiometabolic burden4.
Social vulnerability and social determinants of health pro-

vide a framework for studying these patterns at the tract level.
A national census-tract study found that higher Social Vulner-
ability Index (SVI) values were associated with higher preva-
lence of diabetes, obesity, physical inactivity, cardiovascular
risk factors, and coronary heart disease5. A Pennsylvania
study found that multiple tract-level social-determinants in-
dexes and community typologies were associated with new-
onset type 2 diabetes across diverse urban and rural settings6.
A Houston tract-level study found that food-insecurity hot
spots had higher overall SVI and higher SVI subdomain scores
than cold-spot tracts7. A randomized housing-mobility exper-
iment found that assignment to a low-poverty neighborhood
voucher group was associated with lower long-term preva-
lence of extreme obesity and diabetes than the control group8.
Together, these studies support investigating whether Greater
Houston tracts with higher combined diabetes-obesity bur-
den also have higher social vulnerability. It should be noted
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that tract-level patterns do not prove that social vulnerability
causes diabetes or obesity in individual people.

Neighborhood physical and social environments have also
been linked to obesity and diabetes in individual-level co-
hort research. In a multiethnic cohort, better neighborhood
physical-environment scores were associated with lower body
mass index9. In another study, better neighborhood resources
for physical activity and healthy foods were associated with
lower incidence of type 2 diabetes10. A 10-year follow-
up study found that cumulative exposure to higher-quality
healthy food resources, physical activity resources, and social
environment was associated with reduced incidence of type 2
diabetes11. A Boston-area multilevel study found substantial
neighborhood variation in type 2 diabetes, while also showing
that neighborhood measures did not fully explain racial and
ethnic disparities12. These primary research studies suggest
that neighborhood conditions can help explain why diabetes
and obesity are higher in some places than others.

Food access is relevant to this study, but prior research
has shown mixed findings. Therefore, the United States De-
partment of Agriculture (USDA) income-and-access indica-
tors should be interpreted carefully. A longitudinal veterans
cohort found that greater neighborhood fast-food exposure
was associated with higher diabetes risk13. A Swedish co-
hort found that food-environment characteristics beyond sim-
ple supermarket access were associated with diabetes risk14.
A three-cohort mediation study found that neighborhood so-
cioeconomic disadvantage was associated with type 2 diabetes
but was not mediated through measured food-environment
pathways15. A dynamic food-environment study found that
changes in grocery stores, fast-food restaurants, and full-
service restaurants were associated with neighborhood type 2
diabetes prevalence over time16. A national global and lo-
cal regression study found that food-desert exposure and fast-
food density were not significant in global models for obe-
sity and diabetes, whereas park access was inversely associ-
ated with both outcomes and local associations varied geo-
graphically17. An activity-based national food-environment
study found that patterns related to food retailer visits pre-
dicted cardiometabolic disease prevalence better than residen-
tial food-location measures alone18. A county-level food-
environment study found that food swamps were stronger pre-
dictors of adult obesity rates than food deserts19. Similarly, a
commuting-corridor analysis found body mass index associa-
tions with food environments near home and along commuting
routes20. These findings support analyzing low-income status,
low-access status, and Low-Income, Low-Access (LILA) sta-
tus separately rather than treating LILA as a pure food-access
mechanism.

Recent spatial epidemiology studies explain why overlap
should be tested directly rather than assumed from separate
maps. A Chicago study found that food-environment asso-

ciations with obesity depended on neighborhood racial seg-
regation, illustrating that environmental associations can dif-
fer across urban contexts21. A geospatial machine-learning
study in Shelby County identified adult-obesity hot spots and
found associations with income, poverty, race, renting, insur-
ance, and age composition22. A Missouri geospatial model
found strong spatial autocorrelation in obesity prevalence and
showed that adding spatial structure improved prediction23.
A New York City study found that about half of pediatric
type 2 diabetes hot spots overlapped with childhood obesity
hot spots, but also identified discordance in some neighbor-
hoods24. In adults with diabetes, higher neighborhood depri-
vation was associated with poor glycemic control and multiple
poorly controlled cardiometabolic risk factors25. A Swedish
primary-care cohort found that neighborhood deprivation was
associated with higher type 2 diabetes risk after adjustment for
individual-level factors26. A longitudinal young-adult cohort
found that changes in neighborhood food-retail and physical-
activity environments were associated with body mass index
trajectories27. A recent U.S. census-tract study found that
population-level social risk factors were associated with di-
abetes prevalence across tracts28.

The present study builds on this body of work by focus-
ing on tract-level combined diabetes-obesity burden in Greater
Houston. Maps that depict a single chronic disease condition
would show where diabetes or obesity is individually elevated.
However, they do not show whether both burdens co-occur
in the same tracts more often than expected under indepen-
dence. Therefore, this study used the continuous combined
diabetes-obesity score as the primary measure and treated the
high-burden overlap classification as a secondary test of over-
lap. The study focused on four research questions for Greater
Houston. First, are estimated diabetes and obesity burdens re-
lated across census tracts? Second, do high diabetes and high
obesity estimates appear in the same tracts more often than
expected under independence? Third, how is the continuous
combined score related to social vulnerability and to USDA
low-income, low-access, and LILA indicators? Finally, is the
continuous combined score spatially clustered across the study
area?

Methods

Study Area

The present study was an ecological, cross-sectional, cen-
sus tract-level spatial analysis in the ten-county Houston-
Pasadena-The Woodlands Metropolitan Statistical Area, re-
ferred to as “Greater Houston” herein. These ten counties
included Austin, Brazoria, Chambers, Fort Bend, Galveston,
Harris, Liberty, Montgomery, San Jacinto, and Waller (Figure
1).
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Study Area: Houston-Pasadena-The Woodlands MSA 10-County MSA Census Tracts

Figure 1. Greater Houston MSA Census Tract Study Area. The
map defines the official ten-county Greater Houston MSA study area
and shows the census tract layout used for the tract-level analysis.

Data Sources and Variables

Publicly available datasets from the Centers for Disease Con-
trol and Prevention (CDC), the USDA, and the United States
Census Bureau were downloaded on March 7, 2026. Har-
monization of these datasets, mapping, and statistical analy-
ses were conducted during March 2026. Diabetes and obe-
sity prevalence estimates were obtained from CDC PLACES
202529. This dataset provides model-based, small-area esti-
mates of chronic disease measures for the US census tracts.
Small-area estimates are useful for place-based public health
research, but they should be interpreted only as modeled es-
timates rather than direct clinical measurements of census
tract disease prevalence30. The PLACES dataset includes
estimates from the Behavioral Risk Factor Surveillance Sys-
tem (BRFSS). Its 2025 release includes 35 measures based
on 2023 BRFSS and 5 measures based on 2022 BRFSS.
The CDC/Agency for Toxic Substances and Disease Registry
(ATSDR) SVI 2022 dataset31 was used to obtain community-
level social vulnerability data built from American Commu-
nity Survey (ACS) 2018-2022 estimates. SVI is a variable
that synthesizes several socioeconomic and demographic indi-
cators. The overall SVI percentile variable (RPL THEMES)
was used in the present analysis (Figure 2).

Food access was evaluated using the USDA Food Access

Social Vulnerability Index by Census Tract

SVI Overall Percentile
0.00, 0.19
0.19, 0.37
0.37, 0.57
0.57, 0.73
0.73, 0.88
0.88, 1.00

Figure 2. Social Vulnerability Index (SVI) by Census Tract in
Greater Houston, Displayed Using a Choropleth Map. Tracts
were grouped into six quantile-based categories, with each quantile
representing approximately 16.67% of the tracts.

Research Atlas (2019) dataset32. Three tract indicators were
used: low-income status (LowIncomeTracts), low-access sta-
tus (LA1and10), and the combined low-income, low-access
(LILA) status (LILATracts 1And10). The low-access crite-
rion flags tracts where at least 500 people, or 33% of the tract
population, live more than 1 mile in urban areas or more than
10 miles in rural areas from the nearest supermarket, super-
center, or large grocery store. LILA status combines this low-
access criterion with low-income status. The low-income and
low-access components were examined separately before the
combined LILA measure was interpreted. The LILA classi-
fication accounts for both economic and geographical dimen-
sions of food access, but is not a complete measure of food
affordability, food quality, transportation reliability, or house-
hold food insecurity.

Ethical Statement

This study utilized previously collected, publicly available
government datasets. No new human data were collected, and
no human participants were recruited, so Institutional Review
Board (IRB) approval was not required. In all the datasets,
personally identifiable information was already removed prior
to public release. Analyses were conducted only on aggre-
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gated census tract-level variables for public health research
and planning purposes, not for clinical diagnosis or individual-
level medical decision-making.

Data Preparation and Tract Harmonization

The PLACES tract-level dataset was filtered to the ten Greater
Houston counties using the 5-digit county Federal Informa-
tion Processing Standards (FIPS) prefixes within the tract Ge-
ographic Identifiers (GEOIDs). Values of -999 in certain SVI
percentile fields of the 2022 SVI dataset were treated as miss-
ing. The USDA Food Access Research Atlas 2019 dataset was
also filtered to the ten counties, but it uses 2010 tract GEOIDs.
Therefore, the 2020 to 2010 census tract crosswalk33 was used
to calculate area-based weights:

Weight2020→2010 =
AREALANDPART

AREALANDTRACT20

where,
Weight2020→2010 = area-based proportion of the 2020 tract as-
signed to the 2010 tract
AREALANDPART = land area of the intersection between the
2020 tract and the 2010 tract
AREALANDTRACT20 = total land area of the 2020 tract

These weights were used to convert the PLACES health in-
dicators and the SVI percentile scores to the 2010 tracts:

X2010 =
∑(X2020 ×Weight2020→2010)

∑(Weight2020→2010)

where,
X2020= value of a variable in the 2020 census tract (diabetes
prevalence, obesity prevalence, or SVI percentile)
X2010 = harmonized value of that variable per the correspond-
ing 2010 census tract

This approach allowed values from split or partially over-
lapping tracts to be proportionally allocated to the correspond-
ing 2010 tracts. These converted estimates were merged with
the LowIncomeTracts, LA1and10 and LILATracts 1And10
indicators, and the 2010 tract boundary shapefile34 to cre-
ate the comprehensive analysis dataset. Any census tracts
with missing diabetes prevalence, obesity prevalence, SVI,
or USDA classifications were removed. In order to visualize
the spatial variation of those variables across the study area,
choropleth maps were produced by assigning color gradients
to the tract polygons based on the selected variables.

Continuous Combined Diabetes-Obesity Score and High-
Burden Overlap Tracts

Diabetes and obesity prevalence were standardized using z-
scores calculated from the respective means and standard de-
viations as follows:

z =
(X −µ)

σ

where,
X = diabetes or obesity prevalence
µ = mean prevalence across all tracts
σ = standard deviation of the prevalence

For each tract, the z-scores for diabetes and obesity were
averaged to create the continuous combined score, the pri-
mary measure for all main analyses. This average z-score
was linearly rescaled to a 0-to-1 range, preserving rank order
while making larger values consistently represent higher com-
bined diabetes-obesity burden. This score summarized joint
estimated prevalence with equal contribution from both con-
ditions (Figure 3).

Continuous Combined Diabetes-Obesity Score by Census Tract

Combined score
(0 1)

0.00, 0.17
0.17, 0.24
0.24, 0.32
0.32, 0.39
0.39, 0.48
0.48, 1.00

Figure 3. Continuous Combined Diabetes-Obesity Score by
Census Tract. Higher combined scores were concentrated in parts
of the Houston urban core and selected outer tracts, showing uneven
tract-level modeled burden across Greater Houston.

Diabetes and obesity prevalence estimates were also ranked
separately across census tracts (Figure 4). To examine whether
high diabetes and high obesity estimates appeared in the same
tracts, tracts in the highest 20% for diabetes were designated
as high diabetes burden tracts, tracts in the highest 20% for
obesity were designated as high obesity burden tracts, and
tracts that met both criteria were classified as high-burden
overlap tracts. This 80th-percentile cutoff was used as a sec-
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A. Diabetes Prevalence in the Houston-Pasadena-The Woodlands MSA by Census Tract

Diabetes Prevalence (%)
 4.05,  9.90
 9.90, 11.50
11.50, 13.20
13.20, 15.30
15.30, 17.70
17.70, 33.88

B. Obesity Prevalence in the Houston-Pasadena-The Woodlands MSA by Census Tract

Obesity Prevalence (%)
19.14, 30.40
30.40, 33.79
33.79, 37.00
37.00, 40.00
40.00, 43.15
43.15, 59.18

Figure 4. Estimated Diabetes and Obesity Prevalence by Census Tract in Greater Houston. Panel A shows estimated diagnosed diabetes
prevalence, and Panel B shows estimated obesity prevalence. Tracts were grouped into six quantile-based categories, with each quantile
representing approximately 16.67% of the tracts.

ondary measure to define a high-burden overlap group for test-
ing whether high diabetes and high obesity estimates appeared
in the same tracts more often than expected under indepen-
dence. This comparison was repeated using the 75th- and
85th-percentile thresholds to confirm that the result did not
depend on the specific cutoff.

Statistical Analysis

Statistical analyses were performed in Python using pandas,
NumPy, and SciPy, with GeoPandas and PySAL (libpysal and
esda) for spatial analyses. Statistical significance was evalu-
ated at α = .05. The relationship between estimated diabetes
and obesity prevalence across tracts was assessed using the
Spearman rank correlation. The relationship between the con-
tinuous combined score and SVI percentiles (RPL THEMES)
was also assessed using the Spearman rank correlation, and
the median combined score was summarized across SVI quar-
tiles.

For the high-burden overlap question, the observed number
of high-burden overlap tracts was compared with the number
expected if the high-diabetes and high-obesity classifications
were independent. The enrichment ratio and the Jaccard over-
lap were reported as well. Statistical significance was tested
with a blocked permutation test. This test compared the ob-
served diabetes-obesity overlap with overlaps that could occur

by chance. To keep the random test realistic, tracts were only
compared within the same county and urban/rural group. In
the main 80th-percentile overlap test, the high-diabetes tracts
were kept the same, while the high-obesity labels were ran-
domly shuffled within each county and urban/rural group.
This process was repeated 10,000 times using random seed
12345. The P value was calculated as the proportion of shuf-
fled results that produced as much overlap as, or more overlap
than, the observed result, using a standard +1 correction.

The continuous combined score was summarized by low-
income, low-access, and LILA status, reporting the median
score and the difference in medians. Two multivariable lin-
ear models used the continuous combined score as the out-
come: Model A included SVI, LILA status, and county
controls; Model B included SVI, low-income status, low-
access status, and county controls. Both models added a
neighbor-average spatial-lag covariate, defined as the average
continuous combined score of neighboring tracts using row-
standardized Queen contiguity weights, and used standard er-
rors clustered by county.

Spatial clustering of the continuous combined score was
tested with Global Moran’s I using row-standardized Queen
contiguity weights and 999 permutations. Under this ap-
proach, two tracts were considered neighbors if they shared
a boundary or a corner. Local Getis-Ord Gi* analysis used
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Table 1 Study Sample and Variable Summary (n = 1,069 tracts). The 1,069 analyzed tracts showed moderate median diabetes and obesity
estimates, broad SVI variation, and substantial representation of low-income, low-access, and LILA tract status.

Measure Median Q1–Q3 Mean, n
Estimated diabetes prevalence, % 13.2 10.6–16.4 13.7
Estimated obesity prevalence, % 37.0 32.2–41.7 37.0
Continuous combined score (0–1) 0.318 0.209–0.438 0.329
Overall SVI percentile 0.566 0.284–0.805 0.543
Low-income tracts, n (%) — — 503 (47.1%)
Low-access tracts, n (%) — — 414 (38.7%)
LILA tracts, n (%) — — 155 (14.5%)

Queen contiguity with binary weights and 999 permutations,
with a one-sided local cluster interpretation focused on ar-
eas where higher combined scores were concentrated near
other higher scores. Local significance was controlled with
the Benjamini-Hochberg False Discovery Rate (FDR) pro-
cedure, and both nominal and FDR-significant high-cluster
counts were reported. To check whether the spatial results de-
pended on how neighbors were defined, Moran’s I and the Gi*
high-cluster counts were recomputed using Queen contigu-
ity, Rook contiguity, four- and eight-nearest-neighbor weights,
and a distance-band specification.

Code Availability

The code used for data preprocessing, spatial analysis, statis-
tical testing, and figure generation in this study is available at:
https://github.com/ynganatra/houston-cen
sus-tract-analysis.

Results

The study area originally comprised 1,075 census tracts in the
tract polygon layer. After merging the health, social vulner-
ability, and food-access datasets and removing the six tracts
with missing key variables, the final analysis dataset contained
1,069 tracts across the ten counties, of which 784 were in Har-
ris County. Diabetes and obesity prevalence estimates were
not evenly distributed across Greater Houston, with the higher
prevalence concentrated mainly in parts of the Houston urban
core. As seen in Figure 5, diabetes and obesity prevalence es-
timates were also strongly related across census tracts (Spear-
man ρ = 0.857, P < .001), supporting their combination into
a single continuous combined score.

When evaluated with respect to social vulnerability, the
continuous combined score rose steadily across SVI quartiles
(Table 2), from a median of 0.163 in the lowest quartile to
0.497 in the highest and showed a strong positive Spearman
correlation with the SVI percentiles (ρ = 0.882, P < .001).
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Figure 5. Diabetes and Obesity Relationship Across Census
Tracts. Estimated diabetes and obesity prevalence rank percentiles
were strongly related across tracts (Spearman ρ = 0.857), supporting
analysis of the continuous combined score.

Further analyses compared the continuous combined
diabetes-obesity score by USDA indicator status (Figure 6).
The median score was higher in low-income tracts than in
non-low-income tracts (0.441 vs 0.219; difference = +0.222)
and higher in LILA tracts than in non-LILA tracts (0.425 vs
0.293; difference = +0.132). In contrast, the median score
was lower in low-access tracts than in non-low-access tracts
when the two groups were compared directly (0.279 vs 0.348;
difference = −0.069). This means that the continuous com-
bined score was higher in low-income and LILA tracts, but
low-access status alone did not show the same pattern.

Similarly, in the multivariable models (Table 3), SVI and
the neighbor-average spatial-lag covariate had the largest posi-
tive coefficients. In Model A, SVI had a coefficient of +0.245,
LILA status had a coefficient of +0.015, and the neighbor-
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Median continuous combined diabetes-obesity score

Low-income status

Low-access status
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Combined Diabetes-Obesity Score by USDA Low-Income, Low-Access, and LILA Status

Figure 6. Combined Diabetes-Obesity Score by USDA Low-Income, Low-Access, and LILA Status. The continuous combined
diabetes-obesity score was higher in low-income and LILA tracts, but low-access status alone did not show the same pattern.

Table 2 Social Vulnerability and Continuous Combined
Diabetes-Obesity Score. The continuous combined score increased
stepwise from the lowest to highest SVI quartile and was strongly
correlated with SVI across all 1,069 tracts.

Measure Median Combined
Score

n

Spearman ρ , combined
score vs SVI

0.882 (P < .001) 1,069

SVI quartile 1 (lowest) 0.163 268
SVI quartile 2 0.262 267
SVI quartile 3 0.369 267
SVI quartile 4 (highest) 0.497 267

average spatial-lag covariate had a coefficient of +0.593. In
Model B, which separated the USDA components, SVI had
a coefficient of +0.233, low-income status had a coefficient
of +0.018, low-access status had a coefficient of +0.009, and
the neighbor-average spatial-lag covariate had a coefficient of
+0.582. These results indicate that the continuous combined
diabetes-obesity score was more clearly related to low-income
status and LILA status than to low-access status alone. The
low-access result was weaker and less consistent because low-
access tracts had a lower median score in the direct median
comparison, while low-access status had only a small positive
coefficient in the multivariable model.

The continuous combined score showed strong overall spa-

tial autocorrelation (Global Moran’s I = 0.719, P = .001, z
= 42.18; Figure 7). This means that the tracts with simi-
lar combined scores tended to be located near one another
as opposed to being randomly distributed across the study
area. Local Getis-Ord Gi* analysis identified 232 nominal
high-cluster tracts, of which 170 remained significant after
Benjamini-Hochberg FDR adjustment (Figure 8). The median
combined score was 0.519 inside FDR-significant high clus-
ters compared with 0.285 outside those tracts, demonstrating
that the local clusters captured areas with substantially higher
combined burden.

The spatial clustering results were similar across most
neighbor definitions (Table 4). Queen, Rook, KNN-4, and
KNN-8 weights all showed strong clustering, with Moran’s
I values from 0.71 to 0.76. The distance-band method used a
wider neighborhood definition, connecting each tract to many
more nearby tracts, with an average of 286.21 neighbors per
tract. Because this method tested clustering at a broader re-
gional scale, its Moran’s I value was lower at 0.073, although
it remained statistically significant. Therefore, the distance-
band Gi* result should be interpreted as a broad regional pat-
tern, not the same type of local cluster result shown by the
other neighbor definitions.

The 80th-percentile cutoff was 17.22% for diabetes and
42.5% for obesity, identifying 214 high diabetes burden tracts
and 217 high obesity burden tracts, respectively. Of these,
163 tracts met both criteria and were classified as high-burden
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Table 3 Multivariable Models for Continuous Combined Diabetes-Obesity Score. After accounting for county differences and nearby
tract conditions, SVI and the neighbor-average spatial-lag covariate had the largest positive coefficients, while the USDA income-and-access
terms were smaller.

Term Coefficient 95% CI
Model A (R2 = 0.839): SVI +0.245 0.225–0.266
Model A: LILA status +0.015 0.012–0.019
Model A: neighbor-average spatial-lag covariate +0.593 0.572–0.614
Model B (R2 = 0.840): SVI +0.233 0.208–0.259
Model B: low-income status +0.018 0.008–0.029
Model B: low-access status +0.009 0.004–0.014
Model B: neighbor-average spatial-lag covariate +0.582 0.565–0.599
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Figure 7. Moran Scatterplot for Combined Diabetes-Obesity
Scores in Greater Houston. The upward trend and fitted line
indicated positive spatial clustering, meaning that high-score tracts
tended to be near other high-score tracts and low-score tracts tended
to be near other low-score tracts.

overlap tracts (Figure 9). This observed overlap far exceeded
the 43.4 tracts expected under independence (enrichment ratio
= 3.75; Jaccard overlap = 0.608; Table 5). A blocked permu-
tation test that preserved county and urban or rural structure
placed the observed overlap far beyond its null distribution
(mean permuted overlap = 52.8; 95th-percentile = 62; maxi-
mum = 74; P < .001; Table 5). The high-burden overlap result
was stable across cutoff values. The observed overlap stayed
more than three times the expected value at the 75th-percentile
(observed = 214; expected = 69.2; enrichment ratio = 3.09),

80th-percentile (observed = 163; expected = 43.4; enrichment
ratio = 3.75), and 85th-percentile (observed = 118; expected =
24.7; enrichment ratio = 4.78), with blocked permutation P <
.001 at each cutoff (Table 6).

Discussion

The present study used the continuous combined diabetes-
obesity score as the primary measure to evaluate tract-level
diabetes-obesity burden across Greater Houston. Estimated
diabetes and obesity prevalence were strongly related across
tracts, and the continuous combined score showed clear align-
ment with social vulnerability, low-income status, and spatial
clustering. The secondary high-burden overlap analysis in-
dicated that the high diabetes and high obesity estimates ap-
peared together in the same tracts far more often than expected
under independence. These results jointly showed that the
combined diabetes-obesity burden in Greater Houston was not
evenly distributed across census tracts.

The continuous combined score showed a strong relation-
ship with social vulnerability. It rose steadily across SVI
quartiles and showed a strong positive Spearman correlation
with the SVI percentile scores. These results were in line
with prior studies5,6, which showed that chronic disease bur-
den is often higher in areas with greater neighborhood so-
cioeconomic disadvantage. The PLACES estimates and SVI
both draw on area-level demographic and socioeconomic in-
formation; hence, this finding should be interpreted as align-
ment between two area-level measures, not as an independent
cause-and-effect relationship. The results also showed that
low-income status was more clearly related to the continu-
ous combined score than low-access status alone. When the
median scores were compared directly, the continuous com-
bined diabetes-obesity score was higher in low-income tracts
and LILA tracts, but was not higher if the low-access tracts
were considered alone. In the multivariable model that sepa-
rated the USDA indicator components, low-income status also
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Table 4 Spatial analysis and spatial weight sensitivity. All weight types had 0 islands, 1 connected component, and Moran’s I permutation P
= .001. Queen, Rook, KNN-4, and KNN-8 showed strong spatial autocorrelation. The distance-band method used a broader scale, with a
26,567.21-meter threshold and an average of 286.21 neighbors per tract.

Weight Type Moran’s I Z-Score Gi* Nominal High Gi* FDR High
Queen contiguity 0.719 42.18 232 170
Rook contiguity 0.737 38.48 214 122
KNN, k = 4 0.761 38.79 207 107
KNN, k = 8 0.712 50.47 292 227
Distance band 0.073 14.99 491 477

Table 5 High-Burden Overlap Enrichment and Blocked
Permutation Results. Observed high-burden overlap was 3.75
times the expected overlap under independence and exceeded the
blocked permutation null distribution, showing that high diabetes
and high obesity appeared together in the same tracts far more often
than expected.

Observed high-burden overlap
tracts

163

Expected overlap under
independence

43.4

Enrichment ratio (observed /
expected)

3.75

Jaccard overlap 0.608
Blocked permutation null
distribution

Mean = 52.8;
95th-percentile = 62;
maximum = 74

Blocked permutation P value < .001

had a larger coefficient than low-access status. Therefore, the
higher continuous combined score observed in the LILA tracts
appeared to reflect the low-income component more strongly
than the low-access component and should not be interpreted
as being related to food access alone.

The continuous combined diabetes-obesity score was also
spatially clustered. Global Moran’s I showed that nearby
tracts tended to have similar combined scores, and Getis-Ord
Gi* identified local areas where higher combined scores were
concentrated. The sensitivity analysis showed that this pat-
tern remained strong with Queen, Rook, KNN-4, and KNN-8
weights. The lower distance-band Moran’s I value showed
that spatial findings depended on how neighboring tracts were
defined, especially when a method connected each tract to a
much larger set of neighbors. In the maps, Harris County
did not appear to have a uniformly high combined diabetes-
obesity score. Instead, the higher combined diabetes-obesity
scores were concentrated in parts of the Houston urban core,
where many tracts also showed higher SVI. The maps also
showed some higher-burden tracts outside of Harris County,

so the finding was not restricted to Harris County alone. Thus,
high combined burden appeared at the neighborhood level, not
across an entire county.

The high-burden overlap tract analysis helped answer a dif-
ferent question than the analyses that utilized the continuous
combined score. The continuous combined score measured
the full range of the combined diabetes-obesity burden across
all tracts, whereas the high-burden overlap analysis evalu-
ated whether the high diabetes and high obesity estimates
overlapped more often than expected. The observed overlap
was much higher than expected under independence, and the

Getis-Ord Gi* Local Clusters of Combined Diabetes-Obesity Score

Tract classification
Gi* local cluster, FDR q  .05
Gi* local cluster, nominal p  .05
High-burden overlap, not Gi* local cluster
Other tracts

Figure 8. Getis-Ord Gi* High Clusters of the Combined
Diabetes-Obesity Score in Greater Houston. FDR-adjusted Gi*
high-cluster tracts, nominal Gi* high-cluster tracts, and high-burden
overlap tracts that were not Gi* high clusters are shown.
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Table 6 Threshold Sensitivity for High-Burden Overlap Tracts (Blocked Permutation, P < .001 at Each Threshold). Observed overlap
remained more than three times expected at the 75th-, 80th-, and 85th-percentile thresholds, showing that the high-burden overlap result was
not dependent on the specific cutoff.

Threshold Observed Overlap Expected Overlap Enrichment Jaccard
75th-percentile 214 69.2 3.09 0.648
80th-percentile 163 43.4 3.75 0.608
85th-percentile 118 24.7 4.78 0.570

blocked permutation test confirmed that this pattern was un-
likely to be explained by county and urban or rural structure
alone. The results of the 75th-, 80th-, and 85th-percentile cut-
offs indicate that the overlap finding did not depend upon the
exact cutoff.

Public Health Implications

Census tract-level spatial analysis can help identify candidate
areas for local review, validation, and planning discussion.
Because the health values are model-based, small-area esti-
mates rather than direct measurements of tract residents, these
maps should be compared with local clinical, screening, or
program data before being used in planning. In Greater Hous-
ton, the tracts with higher continuous combined scores and
local spatial clusters in Harris County can provide reasonable
starting points for local review, but the maps should not be
treated as stand-alone decision tools.

Limitations

Certain limitations may have influenced the results of the
present study, and they should be addressed at this point. The
CDC PLACES dataset consists of model-based prevalence es-
timates derived from survey data. Direct clinical measure-
ments at the census tract-level are resource-prohibitive, and
this limitation should be kept in mind when interpreting the
results. The study was ecological and cross-sectional, so its
findings only describe tract-level patterns that cannot be inter-
preted as individual-level relationships or cause-and-effect re-
lationships. Thus, a person living in a certain tract of Greater
Houston with a higher modeled continuous combined score
should not be assumed to have diabetes or obesity.

The strong relationship between SVI and the continuous
combined diabetes-obesity score should also be interpreted
cautiously. PLACES estimates and SVI both use area-level
demographic and socioeconomic information, so part of this
relationship may reflect shared underlying inputs. The analy-
sis therefore describes tract-level alignment between the mod-
eled continuous combined score and social vulnerability, not
an independent causal effect of SVI.

Results also depend upon the census-tract scale and tract
boundary definitions, reflecting an issue known as the Modi-

fiable Areal Unit Problem. A different geographic unit, such
as block groups, ZIP codes, or counties, could yield differ-
ent estimates. Because neighboring tracts tend to have sim-
ilar conditions, simple tract-level tests that assume indepen-
dent observations may not offer the main bases for inference.
The main findings utilize multivariable models with county
controls, county-clustered standard errors, and a neighbor-
average spatial-lag covariate, along with permutation-based
tests. Thus, the reported medians, correlations, model coef-
ficients, and spatial maps should be considered jointly rather
than relying on P values.

High-Burden Overlap Tracts for Diabetes and Obesity

High-burden overlap tract
Other tract

Figure 9. High-Burden Overlap Tracts by Census Tract.
High-burden overlap tracts were concentrated mainly in Harris
County, showing where high diabetes and high obesity estimates
appeared together within the Greater Houston study area.

The harmonization of datasets required the translation of
census tract boundaries from the 2020 to 2010 definitions us-
ing area-based weighting. This crosswalk may have intro-

10 | © The National High School Journal of Science 2026



duced some approximations that affected the results. The
USDA low-income, low-access, and LILA indicator flags only
represented limited measures of income and food access con-
ditions, but did not capture food affordability, food quality,
household food insecurity, transportation reliability, or indi-
vidual shopping behavior. LILA was therefore interpreted as
a combined income-and-access measure, and the low-income
and low-access components were examined separately.

Finally, the 80th-percentile cutoff used to define high-
burden overlap tracts was neither a clinical threshold nor a
national public health benchmark. It was only used to test
whether high diabetes and high obesity estimates appeared in
the same tracts more often than expected under independence.
Threshold sensitivity analyses showed that the observed over-
lap remained more than three times the expected overlap at the
75th-, 80th-, and 85th-percentiles.

Conclusion and Future Work

The present study found that estimated diabetes and obe-
sity prevalence were strongly related across Greater Houston
census tracts, and that higher continuous combined diabetes-
obesity scores were spatially clustered. The continuous com-
bined score was more consistently aligned with social vulner-
ability and low-income status, while low-access status alone
showed a weaker and less consistent pattern. The secondary
high-burden overlap analysis showed that high diabetes and
high obesity appeared in the same tracts more often than ex-
pected under independence. These findings support tract-level
mapping as a tool for local review, validation, and planning
discussion, while being limited to ecological, cross-sectional,
modeled estimates.

Future research could strengthen the findings of the present
study. Longitudinal studies could evaluate whether changes
in neighborhood socioeconomic conditions or food environ-
ments are associated with changes in the diabetes-obesity bur-
den or its spatial patterns over time. Other neighborhood indi-
cators, such as physical inactivity and access to health care ser-
vices, could be studied to better understand the observed pat-
terns. Additional spatial analyses using alternative local clus-
ter definitions could help identify smaller subregional trends
within Greater Houston. A larger-scale comparative study of
multiple metropolitan areas could help establish whether the
trends observed in Greater Houston are reflected in other large
cities as well.
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