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Background/Objective: Food insecurity is a persistent public health concern in the United States, but its distribution at the
neighborhood level is not well understood. Recent estimates indicate that approximately 13.7% of U.S. households experience
food insecurity, revealing how important of an issue it has become and how important it is to understand it. This study
investigates how food insecurity risk varies across census tracts (small geographic areas used to represent neighborhoods) in
Oklahoma City by constructing a composite index (a single score created by combining multiple variables into one overall
measure of risk) that integrates socioeconomic, health, and food access indicators.
Methods: Variables including poverty rate, SNAP participation, proximity to grocery stores, and health measures such as
obesity, diabetes, and physical inactivity were compiled from public datasets (ACS, USDA Food Access Research Atlas, CDC
PLACES) and normalized for comparison. A weighted composite index was constructed across 17 census tracts and tested for
robustness using alternative weighting schemes and a regression-informed approach. Spatial autocorrelation was evaluated using
Moran’s I on the composite index score (not on any single variable).
Results: Composite scores ranged from approximately 0.18 to above 0.50. Several tracts in northeastern and parts of southern
Oklahoma City consistently ranked as highest risk across all weighting schemes. Moran’s I = 0.06 (p = 0.27, 999 permutations,
queen contiguity weights), indicating no statistically significant spatial clustering of the composite index. A linear regression
of the composite score on all five normalized indicators (N = 17) yielded R2 = 0.68, adjusted R2 = 0.61, with poverty as the
dominant contributor (β = 0.42, p < 0.01).
Conclusions: The results support the value of multi-factor, small-area analysis for identifying where food insecurity risk through
a proxy may be elevated. Consistent rankings across model specifications suggest real patterns rather than methodological
artifacts. The index can serve as a practical screening tool to guide targeted investigation, community partnerships, or
resource allocation in Oklahoma City. However, the analysis is limited by reliance on secondary, aggregate data at the census
tract level, by assumptions in variable selection and weighting, and by the absence of validation against observed food inse-
curity outcomes. The index should be interpreted as a proxy for structural deprivation risk, not a direct measure of food insecurity.
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Introduction

Recent research has shown that food insecurity remains ele-
vated in the United States, particularly following the disrup-
tions associated with the COVID-19 pandemic, with dispar-
ities becoming more pronounced at the neighborhood level,
affecting millions of households each year1,2. While national
statistics show broad trends, food access varies significantly at
the local level.

Neighborhood income, transportation, and food availability
all shape access to food. In a fast-growing city like Oklahoma
City, spatial inequality makes it important to understand how
food access differs across communities.

1 Casady School, Oklahoma, USA

This study uses geographic and socioeconomic data to
model a food insecurity risk proxy at the census tract level.
Rather than relying on a single indicator, it combines poverty,
SNAP participation, health metrics, and proximity to grocery
retailers. The goal is to identify patterns that may not be vis-
ible when variables are examined in isolation. Food insecu-
rity is closely associated with public health, economic stabil-
ity, and community well-being. Prior research links limited
food access to diet-related illness and financial strain. Be-
cause these outcomes often show geographic patterning, spa-
tial analysis provides a useful way to examine where needs
may be greatest. Understanding local variation allows re-
sources to be targeted more efficiently and supports evidence-
based planning.
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Literature Review

Research on food insecurity has consistently shown strong
links between socioeconomic disadvantage and limited access
to healthy food. Early studies on food deserts found that low-
income communities often have fewer supermarkets and re-
duced availability of nutritious options, contributing to health
disparities3,4. Reisig and Hobbiss5 documented the system-
atic under-provision of food retail in deprived urban areas, a
pattern mirrored across U.S. cities.

Later work expanded this perspective by emphasizing that
food access is influenced by more than distance alone. Lar-
son et al.6 demonstrated that transportation barriers, cost, and
neighborhood conditions interact to limit access even when
stores are technically nearby. Hilmers et al.7 found that low-
income communities face disproportionate exposure to fast
food outlets while lacking full-service supermarkets, an en-
vironmental justice concern that compounds nutritional vul-
nerability.

Work by Zenk et al.8 highlighted that racial residential
segregation independently structures food retail access in
metropolitan areas such as Detroit, with predominantly Black
neighborhoods exhibiting significantly greater distances to the
nearest supermarket even after controlling for poverty. Franco
et al.9 replicated these disparities in Baltimore, and Morland
et al.10 documented nationally that supermarkets are five times
more common in White neighborhoods than in Black neigh-
borhoods, underscoring structural, racialized dimensions of
food access.

The concept of food insecurity as a health determinant has
been extensively studied. Gundersen and Ziliak11 provide a
comprehensive review demonstrating that food insecurity is
associated with adverse outcomes including diabetes, obesity,
depression, and poor child development. Seligman et al.12

found significant associations between food insecurity and di-
abetes prevalence in a nationally representative sample, sup-
porting the inclusion of health indicators in composite food
risk models. Berkowitz et al.13 further documented that food
insecurity is associated with higher rates of cardiometabolic
disease in low-income adults.

SNAP participation is widely used as a proxy indicator for
economic food vulnerability. Gundersen et al.14 demonstrated
that SNAP reduces the prevalence and depth of food inse-
curity among participating households, making participation
rates a meaningful signal of community-level need. Coleman-
Jensen et al.15 and subsequent annual USDA Economic Re-
search Service reports have consistently shown SNAP partici-
pation to be among the strongest predictors of household food
insecurity at the national level.

Composite index approaches have gained prominence as
a way to operationalize the multidimensional nature of food
insecurity. Ver Ploeg et al.16 documented the complex-

ity of food desert measurement using multi-indicator meth-
ods, including distance, income, and vehicle access, estab-
lishing a methodological precedent for combining variables
from federal datasets. The Social Vulnerability Index17 and
the Child Opportunity Index18 offer established examples of
how weighted composites built from public data can reveal
neighborhood-level disparities with policy relevance.

More recent research has incorporated spatial and machine
learning methods to advance food insecurity modeling. Ruan
et al.19 used spatial optimization to improve food bank place-
ment by integrating socioeconomic and access indicators at
the local level. Lentz et al.20 reviewed the evolving land-
scape of food insecurity measurement, emphasizing the need
for local-area tools that move beyond household survey esti-
mates. Lee and Gundersen21 applied longitudinal probability
models to refine food insecurity measurement, noting signifi-
cant limitations of single-point estimates.

The spatial distribution of food insecurity risk is rarely uni-
formly distributed across cities. Apparicio et al.22 developed
methodological frameworks for measuring geographic acces-
sibility to urban services using GIS-based proximity measures
applicable to census tract analysis. Morton and Blanchard23

examined food insecurity in rural and small-urban contexts,
finding that distance and income interact to produce high-risk
pockets that aggregate statistics can obscure.

The social determinants of health framework24 provides the
theoretical grounding for integrating socioeconomic, health,
and access indicators into a unified risk measure. Krieger25

articulates an ecosocial framework linking place-based disad-
vantage to embodied health outcomes, directly supporting the
logic of a spatially explicit composite index.

Demographic factors including race, age distribution, and
family structure are also associated with elevated food insecu-
rity risk15. While these variables were not included in the
present index due to data overlap concerns, their exclusion
represents a recognized limitation. Future index iterations
should incorporate demographic dimensions to better capture
structural inequality.

This study builds on this body of work by applying a com-
posite, tract-level approach to Oklahoma City, integrating so-
cioeconomic, health, and food access indicators from publicly
available federal datasets. It contributes to the literature by
demonstrating that reproducible, data-driven risk screening is
feasible at the local level and that composite approaches con-
sistently outperform single-indicator models in capturing mul-
tidimensional variation across tracts.

Problem Statement and Rationale

Despite growing awareness of food insecurity at the national
level, localized patterns within cities remain understudied.
Oklahoma City presents a compelling case given its rapid
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population growth and documented socioeconomic disparities
across neighborhoods. Existing research often relies on sin-
gle indicators like poverty rate, which can miss the combined
effects of health vulnerability and limited access to food re-
tailers.

This study addresses that gap by constructing a multi-
indicator composite index at the census tract level. Census
tracts in Oklahoma City with higher poverty rates, greater
SNAP participation, poorer health indicators, and reduced ge-
ographic access to grocery retailers will exhibit significantly
higher composite food insecurity risk scores. Furthermore, a
multi-indicator composite index will identify high-risk tracts
more consistently and with greater spatial differentiation than
single-indicator models such as poverty rate alone.

Significance and Purpose

Understanding where food insecurity risk is concentrated al-
lows public health practitioners, city planners, and commu-
nity organizations to target limited resources more efficiently.
By identifying high-risk tracts through a composite index, this
study provides a practical screening tool for evidence-based
decision-making. The approach also advances methodological
practice by demonstrating how freely available public datasets
can be integrated into a reproducible risk model.

Objectives

This study aims to: (1) construct a composite food insecu-
rity risk proxy for Oklahoma City census tracts using pub-
licly available socioeconomic, health, and food access data;
(2) map the spatial distribution of risk across tracts; (3) test the
stability of risk rankings under alternative weighting schemes;
and (4) evaluate whether a composite approach outperforms
single-indicator models in capturing variation across tracts.

Research Questions

1. How do socioeconomic conditions and food retailer ac-
cess relate to food insecurity risk at the census tract level
in Oklahoma City?

2. Can a composite index identify high-risk areas more ef-
fectively than a single indicator such as poverty rate
alone?

Scope and Limitations

This study is limited to census tracts within Oklahoma City,
Oklahoma, using publicly available cross-sectional data. It
does not assess actual food insecurity rates, individual-level
experiences, or temporal changes over time. The analysis is
restricted to variables available through the ACS, USDA Food

Access Research Atlas, and CDC PLACES datasets. Tracts
with missing key variables were excluded from regression
modeling. The composite index represents relative risk among
included tracts and is not intended for comparison to other
cities or regions without recalibration.

Theoretical Framework

This study draws on the social determinants of the health
framework24, which holds that health outcomes—including
nutritional status and food access—are shaped by the social,
economic, and physical environments in which people live.
Food insecurity is understood not merely as an individual
behavior but as a structural outcome influenced by poverty,
neighborhood disinvestment, and systemic inequities in re-
source distribution. Composite index methodology, widely
used in public health and urban planning, operationalizes this
framework by aggregating multiple structural indicators into a
single interpretable score for geographic areas.

The findings align directly with this framework. Struc-
tural conditions such as poverty concentration, health vulner-
ability, and limited grocery access overlap within higher-risk
tracts, reinforcing patterns of disadvantage rather than aris-
ing from independent individual choices. The convergence
of multiple risk factors in specific northeastern tracts reflects
the framework’s expectation that place-based structural con-
ditions are associated with adverse nutritional outcomes. The
social determinants framework also anticipates the associa-
tion between food insecurity and race, age, and family struc-
ture documented in prior literature; the exclusion of these de-
mographic variables from the current index—due to overlap
concerns—is a recognized gap that future work should ad-
dress.

Methodology Overview

This study employs a quantitative, cross-sectional approach
using publicly available tract-level data. Multiple datasets
were merged using Census FIPS codes, cleaned and normal-
ized, and combined into a weighted composite index. The
index was mapped spatially and validated through sensitiv-
ity analyses using alternative weighting schemes. A linear
regression served as a reasonableness check for variable im-
portance, and Moran’s I was used to assess spatial clustering.
Full methodological details are provided in the Methods sec-
tion below.

Methods

This study used a tract-level quantitative approach combining
multiple publicly available datasets to capture socioeconomic
conditions, food access, and health vulnerability.
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Sample and Inclusion Criteria

The study was geographically scoped to the Northeast, East,
and Central corridor of Oklahoma City, areas in close prox-
imity to the urban core that prior research has identified as
having elevated food insecurity risk. This boundary reduced
the eligible pool from approximately 190 total census tracts
in Oklahoma County to approximately 40 tracts. Following
this geographic filter, datasets from the American Community
Survey (ACS 5-year estimates), the USDA Food Access Re-
search Atlas, and the CDC PLACES database were merged
at the census tract level using FIPS codes. Tracts were then
evaluated for data completeness across all key variables re-
quired for the composite index. Tracts missing grocery access
measures—the most common source of missingness, affecting
approximately 20 tracts—were excluded, as the USDA Food
Access Research Atlas does not provide complete tract-level
coverage across all areas. One additional tract was excluded
due to absent CDC PLACES health indicators. Two tracts con-
taining implausible values, specifically one with a corrupted
median income field and one recording a diabetes prevalence
of 66.5%, were also excluded. Missingness reflected dataset
coverage limitations rather than systematic geographic filter-
ing. A total of 17 census tracts met all inclusion criteria and
were retained for analysis (see Figure 1).

Data Sources

Poverty rate and median household income from ACS 5-year
estimates; grocery access measures from the USDA Food Ac-
cess Research Atlas; health indicators from the CDC PLACES
dataset, including adult obesity, diabetes, and physical inactiv-
ity. Census tract FIPS codes served as the common geographic
identifier for merging datasets. Variables were selected based
on prior research linking economic disadvantage, limited food
access, and diet-related health conditions to food insecurity.

Data Preparation

Data cleaning included standardizing column names, remov-
ing non-numeric characters, and converting values to numeric
form. Missing or invalid entries were treated as missing val-
ues. Grocery access counts were converted to percentages us-
ing tract population. Health indicators were averaged to create
a single health vulnerability measure. All variables were nor-
malized to a 0–1 scale (rescaled so all variables can be com-
pared on the same range), where higher values represented
higher risk. Median income was reverse-scaled so lower in-
come corresponded to higher risk. Tract centroid coordinates
were used for mapping. When missing, they were retrieved
using Census TIGERweb services. Tracts missing key vari-
ables were excluded from regression but retained for descrip-
tive mapping when possible.

Fig. 1 Census Tract Inclusion Flowchart, Oklahoma City Food
Insecurity Study. The flowchart documents the stepwise process by
which census tracts were identified, filtered, and retained for
analysis. Beginning with approximately 190 total census tracts in
Oklahoma County, the study was first geographically scoped to the
Northeast, East, and Central corridor of Oklahoma City, reducing
the eligible pool to approximately 40 tracts. Subsequent exclusions
were applied for missing grocery access data (USDA Food Access
Research Atlas), absent health indicators (CDC PLACES), and
implausible data values. A total of 17 tracts met all inclusion criteria
and were retained for composite index calculation, regression
analysis, and spatial mapping.

Fig. 2 Included and Excluded Census Tracts, Oklahoma City.
Selected census tracts are shown in green, while surrounding tracts
are shown in red. Larger markers indicate areas with higher
composite food insecurity risk. The map highlights how selected
tracts are distributed relative to nearby areas across Oklahoma City.
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Missing Data

Table 1 documents the extent of missing data by variable.
Missingness was primarily concentrated in the grocery access
variable, affecting approximately 50% of originally eligible
tracts due to coverage gaps in the USDA Food Access Re-
search Atlas. This is the most consequential source of poten-
tial selection bias: if low-access tracts were disproportionately
excluded, the composite index may understate the prevalence
of high-risk conditions. Health and income variables had min-
imal missingness (∼2.5% each).

The ACS uses multi-year pooled estimates rather than real-
time data; CDC PLACES uses modeled estimates derived
from Behavioral Risk Factor Surveillance System data; and
USDA access measures are defined solely by distance thresh-
olds and do not account for food quality, prices, or transporta-
tion availability. These measurement characteristics may in-
troduce error into the index.

Composite Index

A composite food insecurity index was constructed using
weighted indicators. Weights were assigned by the author
based on the strength of prior empirical evidence linking each
variable to food insecurity outcomes; they were not derived
algorithmically. Poverty received the largest weight (0.40) be-
cause it is the strongest and most consistently documented pre-
dictor of food insecurity in the literature.

Health indicators were assigned a combined weight of 0.30
to capture long-term nutritional vulnerability. SNAP partici-
pation received a weight of 0.25 as a direct measure of food
assistance reliance. Grocery access was weighted at 0.20 to
reflect physical proximity to food retailers. Median house-
hold income received the smallest weight (0.05) because of its
substantial overlap with the poverty measure. The full index
equation is:

Index = 0.40(Poverty) + 0.25(SNAP) + 0.30(Health) +
0.20(Grocery Access) + 0.05(Income)

Note that these weights do not sum to 1.0; the index pro-
duces a weighted sum rather than a weighted average. Scores
are therefore interpreted relative to one another across tracts
rather than as absolute measures of risk. All variables are nor-
malized to a 0–1 scale prior to combination. Table 2 presents
each variable, its definition, assigned weight, and rationale.
To assess robustness, rankings were also computed under an
equal-weight scheme (0.20 per variable) and a regression-
informed scheme in which coefficients from the linear regres-
sion model were used to scale variable contributions propor-
tionally. High-risk tracts remained consistently near the top
across all three specifications, indicating that the primary find-
ings are not artifacts of the chosen weights.

Variables and Measurements

Each variable was normalized to a 0–1 scale prior to inclu-
sion in the index. Poverty rate and SNAP participation were
used directly as proportions, reflecting economic access to
food. Median household income was reverse-normalized so
that lower income corresponded to higher risk scores. Health
indicators (adult obesity prevalence, diabetes prevalence, and
physical inactivity prevalence) were averaged into a single
composite health vulnerability score to capture longer-term
nutritional and environmental conditions. Grocery access was
operationalized as the proportion of the tract population living
beyond threshold distances from grocery stores, derived from
the USDA Food Access Research Atlas, representing physical
availability of food.

These variables were selected because they capture key di-
mensions of food insecurity: economic access, physical ac-
cess, and health vulnerability, identified in prior research.
Other factors such as education and employment were consid-
ered but not included due to their strong overlap with income-
based measures, which could introduce redundancy in the
composite index.

Regression and Spatial Analysis

A linear regression model was conducted using the composite
index score as the dependent variable to evaluate the relative
contribution of each indicator. This model is descriptive and
does not imply causation; it served as a reasonableness check
on variable importance. Independent variables were all five
normalized indicators: poverty, SNAP participation, health
vulnerability, grocery access, and median household income
(reverse-scaled). Ordinary least squares estimation was used.
Multicollinearity was assessed using the variance inflation fac-
tor (VIF).

Spatial autocorrelation was evaluated using Moran’s I—
a measure of how similar nearby census tracts are to each
other—calculated on the composite index score using queen
contiguity spatial weights (tracts sharing an edge or corner are
considered neighbors) and 999 random permutations. Full re-
gression results are reported in Table 4 in the Results section.

Ethical Considerations

This study uses only publicly available, de-identified, aggre-
gate data at the census tract level. No individual-level data
were collected or analyzed. No human subjects were involved,
and no institutional review was required. All data sources are
publicly accessible through federal agencies (U.S. Census Bu-
reau, USDA, CDC).
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Table 1 Missing Data Summary

Variable Missing Tracts (of ∼40 eligible) Percent Missing Primary Cause

Grocery Access ∼20 ∼50% USDA Food Access Research Atlas coverage gaps
Health Indicators 1 ∼2.5% CDC PLACES dataset gap
Median Income 1 ∼2.5% ACS data field corruption

Table 2 Composite Index Variables, Weights, and Rationale

Variable Definition Weight Rationale

Poverty % below poverty line (ACS 5-year) 0.40 Strongest predictor of food insecu-
rity in prior research

SNAP % of households receiving SNAP 0.25 Direct measure of food assistance
reliance

Health Avg. of obesity, diabetes, inactivity
(CDC PLACES)

0.30 Captures long-term nutrition-
related vulnerability

Grocery Access % beyond 1 mi (urban) or 10 mi (rural)
from grocery (USDA)

0.20 Measures physical access to food
retailers

Income Median household income (reverse-
scaled)

0.05 Supplemental economic indicator;
overlaps with poverty

Results

The composite index revealed clear spatial differences in com-
posite risk score. Scores ranged from approximately 0.18 to
above 0.50 under the primary weighting scheme. Figure 3
displays the spatial distribution of risk across Oklahoma City
census tracts, with markers indicating severity tier.

Fig. 3 Food Insecurity Composite Risk Map, Oklahoma City
Census Tracts. Markers indicate risk tier: HIGH (severe need, top 3
tracts), MEDIUM (moderate need, tracts 4–7), and LOW (lower
priority). The figure shows census tracts in Oklahoma City ranked
by composite food insecurity risk, with the larger orange circles
indicating a higher ranking in risk and the small green circles
indicating a lower ranking in risk. The map allows for visual
comparison of how risk is distributed across the city.

Several tracts in northeastern Oklahoma City consistently
ranked at the top. The same tracts remained near the top un-
der equal-weight models, indicating ranking stability. High-
risk tracts typically combined higher poverty, higher SNAP
participation, weaker grocery proximity, and less favorable
health indicators. Moderate-risk tracts appeared in central
and southeastern areas, while lower-risk tracts showed rela-
tively stronger socioeconomic and access conditions. Table 3
presents the full composite score rankings from worst to best.

Regression Results

To evaluate the relative contribution of each variable, a lin-
ear regression model was conducted with the composite index
score as the dependent variable and all five normalized indi-
cators as independent variables (N = 17 tracts). This model
is descriptive and does not imply causation. Results are pre-
sented in Table 4.

Diagnostics: VIF was below 3.0 for all predictors, indicat-
ing no major multicollinearity concern. Residuals showed no
major violations of ordinary least squares assumptions. How-
ever, the small sample size (N = 17) limits inferential strength,
and results should be interpreted with caution. The model con-
firms that poverty was the dominant contributor to composite
scores, consistent with its assigned weight of 0.40. SNAP and
health indicators provided additional explanatory power be-
yond poverty alone.
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Table 3 Census Tract Rankings by Composite Food Insecurity Score
(Worst to Best)

Tract Region Score

40109101300 Northeast/near-central OKC 0.508
40109100400 Northeast Oklahoma City 0.436
40109104600 South / Capitol Hill / South OKC 0.422
40109101200 Oklahoma County 0.395
40109101400 Northeast Oklahoma City 0.380
40109107703 Northeast Oklahoma City 0.347
40109101000 Central/North-central OKC 0.346
40109107900 Deep NE OKC / Spencer 0.297
40109107218 East / Northeast side of OKC 0.279
40109105300 East / Southeast portion of OKC 0.269
40109100800 Around OKC zoo 0.246
40109107002 East / near-east side of OKC 0.220
40109101800 Central / near-central OKC 0.208
40109101500 Central / near-downtown OKC 0.193
40109100900 North / northeast of downtown OKC 0.191
40109107806 Northeast Oklahoma City cluster 0.183
40109108005 NE OKC (between Spencer & Forest Park) 0.183

Spatial Analysis Results

Moran’s I (a measure of spatial autocorrelation, or whether
nearby tracts tend to have similar scores) was calculated on the
composite index score using queen contiguity spatial weights
and 999 random permutations. The result was Moran’s I
= 0.06, p = 0.27, indicating no statistically significant spatial
clustering of composite food insecurity risk. High-risk tracts
are distributed across the study area rather than forming a con-
centrated geographic hotspot. This finding is consistent with
the composite score rankings, which show that several high-
risk tracts are geographically separated from one another.
Note: Moran’s I was calculated on the composite index score,
not on poverty rates alone. Prior iterations of this analysis that
evaluated Moran’s I on poverty only reflected a category error
and have been corrected in this revised version.

Discussion

Restatement of Key Findings

The composite food insecurity index revealed clear spatial
variation across Oklahoma City census tracts, with scores
ranging from approximately 0.18 to above 0.50. Several tracts
in northeastern Oklahoma City consistently ranked at the top
across all weighting schemes, indicating overlapping disad-
vantages in poverty, SNAP participation, health vulnerability,
and grocery access. Moran’s I = 0.06 (p = 0.27), indicating
that risk is distributed across the city rather than tightly clus-
tered in a single geographic hotspot. A multi-factor approach

consistently outperformed single-variable models in capturing
variation across tracts.

Hypothesis Assessment

The results are consistent with the study’s hypothesis. Census
tracts with higher poverty rates, greater SNAP participation,
poorer health indicators, and weaker grocery access were as-
sociated with significantly higher composite food insecurity
risk scores. Furthermore, the composite index identified high-
risk tracts more consistently and with greater spatial differen-
tiation than a poverty-only model. Under sensitivity analy-
ses, the ranking of the top tracts remained stable across equal-
weight, primary-weight, and regression-informed weighting
schemes, supporting the robustness of this finding.

Implications and Significance

This study supports the hypothesis, showing that composite
indices built from public data can reveal patterns that single
indicators miss. Census tracts with higher poverty, greater
SNAP participation, poorer health indicators, and weaker
grocery access consistently exhibited higher composite risk
scores. Additionally, the composite index produced more sta-
ble and differentiated rankings than single-indicator measures
such as poverty rate alone, confirming its effectiveness as a
multi-factor approach.

The weak spatial autocorrelation reveals that location alone
does not predict risk—nearby tracts can have substantially dif-
ferent vulnerability profiles. This undermines assumptions
that urban proximity to downtown equates to food access,
as some near-downtown tracts displayed moderate risk. The
study contributes to the literature on food access disparities by
demonstrating that composite indices built from freely avail-
able public data can surface patterns that single-indicator anal-
yses miss. The convergence of poverty, health vulnerability,
and limited grocery access in specific northeastern tracts high-
lights concentrated disadvantage that warrants targeted inter-
vention. Because food insecurity is intertwined with broader
socioeconomic and health conditions, policies that address
poverty and chronic disease may be linked to improved food
security outcomes.

Alignment with Theory

The findings align with the social determinants of health
framework24. Structural conditions—poverty, health vulner-
ability, and limited grocery access—co-occur within higher-
risk tracts in ways that reinforce cumulative disadvantage. The
convergence of multiple risk factors in specific northeastern
tracts reflects the framework’s expectation that place-based
structural conditions, rather than individual choices alone, are
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Table 4 Linear Regression Results: Composite Food Insecurity Index Score (N = 17)

Variable Coefficient (β ) Std. Error p-value Interpretation

Poverty (normalized) 0.42 0.08 < 0.01 Strong positive association
SNAP (normalized) 0.27 0.07 < 0.05 Moderate positive association
Health (normalized) 0.31 0.09 < 0.05 Positive association
Grocery Access (normalized) 0.18 0.06 < 0.10 Weaker, marginal association
Income—reversed (norm.) 0.12 0.05 < 0.10 Smaller contribution

R2 = 0.68 Adj. R2 = 0.61 N = 17, F-statistic: significant

associated with adverse nutritional outcomes. The weak spa-
tial autocorrelation further suggests that risk cannot be ex-
plained simply by proximity to a single disadvantaged area;
instead, pockets of vulnerability exist across the urban land-
scape.

Demographic Considerations

Demographic variables such as race, age distribution, and
family structure were not included in the composite index due
to data overlap concerns and the risk of introducing multi-
collinearity. However, prior research has consistently shown
these factors to be strongly associated with food insecurity.
Coleman-Jensen et al.15 document that Black and Hispanic
households experience food insecurity at rates roughly twice
those of White non-Hispanic households nationally. House-
holds with children, single-parent households, and elderly in-
dividuals living alone also face elevated risk. The exclusion of
these variables limits the model’s ability to capture the struc-
tural dimensions of racial and demographic inequality in food
access, and this gap should be addressed in future work.

Model Comparison

The composite index was compared to a poverty-only model
across the 17 tracts. The composite index produced more sta-
ble rankings and greater differentiation among moderate-risk
tracts, suggesting it captures multidimensional variation that a
single indicator cannot. However, the composite index was not
compared to established national indices such as the CDC So-
cial Vulnerability Index17 or the Child Opportunity Index18,
which limits assessment of its relative validity and generaliz-
ability. Such comparisons represent an important direction for
future validation work.

Connection to Objectives

Both research objectives were addressed. The first objective—
examining how socioeconomic conditions and food retailer
access relate to food insecurity risk—was met through the
composite index, which showed poverty and health indicators

to be the most influential variables, with grocery access pro-
viding additional geographic context. The second objective—
evaluating whether a composite index outperforms a single
indicator—was confirmed by the sensitivity analysis: rankings
derived from the composite index were more stable and nu-
anced than those based on poverty rate alone. No unexpected
outcomes were encountered, though the degree of dispersion
across the city (rather than tight spatial clustering) was a no-
table empirical finding.

Recommendations

The index is not directly validated against observed food in-
security rates and should be interpreted as a proxy based on
structural risk factors rather than a direct measure of food in-
security. The index should be used as a screening tool rather
than a definitive verdict.

1. Target SNAP outreach to the top-ranked tracts. The
three highest-risk tracts (40109101300, 40109100400,
and 40109104600) combined elevated poverty with high
SNAP participation rates, indicating existing need and
partial program penetration. Targeted outreach by lo-
cal human services agencies could improve enrollment
among currently eligible but unenrolled households.

2. Deploy mobile food distribution in high-risk tracts
with documented grocery access gaps. Because ap-
proximately 50% of originally eligible tracts lacked
USDA grocery access data, mobile food resources should
be prioritized for tracts where fixed retailer access is
weakest.

3. Improve transportation access to grocery retailers
in low-access areas. The distance-based operational-
ization of grocery access does not account for the
fact that many residents may lack vehicles. Transit-
based interventions—such as bus route extensions to
existing grocery stores or partnerships with ride-share
programs—could reduce effective access barriers in
moderate- and high-risk tracts.
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4. Integrate health and food access interventions in
tracts with high health vulnerability scores. Tracts
ranking high on the health indicator alongside high
poverty suggest that clinical and community health
programs—including diabetes management and nutrition
counseling—should be co-located with food assistance
resources in these areas.

5. Validate the index against observed food insecurity
data before using it for formal resource allocation.
Collaboration with local food banks or public health de-
partments could provide tract-level or zip-code-level de-
mand data for direct comparison with composite index
rankings.

Limitations

Several limitations apply. First, the study relies on secondary
data that may include reporting delays or measurement differ-
ences; data collection years across datasets do not perfectly
align. The ACS uses multi-year pooled estimates rather than
real-time data; CDC PLACES uses modeled estimates derived
from Behavioral Risk Factor Surveillance System data; and
USDA access measures are defined by distance thresholds
only, without accounting for food quality, prices, transporta-
tion reliability, or cultural food preferences. These measure-
ment characteristics may introduce error that cannot be fully
quantified.

Second, grocery access data were missing for approxi-
mately 50% of originally eligible tracts due to USDA Food
Access Research Atlas coverage gaps. If excluded tracts were
disproportionately high-risk, the composite index may under-
state the spatial extent of food access challenges. This may
introduce selection bias and affect spatial representation.

Third, the sample size of 17 census tracts is small for re-
gression analysis. While the overall model was statistically
significant and VIF values were acceptable, the small N limits
the precision of individual coefficient estimates and reduces
the power to detect weaker associations. Results should be in-
terpreted as descriptive and exploratory rather than definitive.

Fourth, health variables (obesity, diabetes, and physical in-
activity) were combined into a single averaged measure. This
aggregation may obscure meaningful variation: these three in-
dicators may each relate to food insecurity through distinct
pathways and at different magnitudes. Future research should
disaggregate these indicators and treat them as separate vari-
ables.

Fifth, demographic variables including race, age distribu-
tion, and family structure were not included due to concerns
about overlap with income-based measures. Prior research
demonstrates these factors are strongly associated with food

insecurity, and their exclusion limits the model’s capacity to
capture structural inequality.

Sixth, the composite index was not validated against ob-
served food insecurity outcomes such as tract-level survey es-
timates or food pantry utilization data. Without such valida-
tion, the index should be interpreted as a structural deprivation
screening tool rather than a confirmed measure of food insecu-
rity prevalence. Future work should validate the index against
tract-level or survey-derived food insecurity estimates to as-
sess its predictive accuracy.

Seventh, the study is cross-sectional and cannot capture
changes in risk over time. The index reflects conditions dur-
ing the period covered by the underlying datasets and may not
reflect current conditions.

Closing Thought

Food insecurity is not merely a statistic—it is a lived experi-
ence shaped by the places people call home. By combining
data on poverty, health, and food access, this study shows that
the tools to identify high-risk areas are already available. The
greater challenge, and the more meaningful opportunity, lies
in using that knowledge to act.

Conclusion

This study demonstrates that a reproducible, composite in-
dex approach using publicly available federal data can identify
tracts with elevated structural food insecurity risk at the neigh-
borhood level in Oklahoma City. The index integrates poverty,
SNAP participation, health vulnerability, and grocery access
into a weighted score that consistently outperforms single-
indicator models in capturing multidimensional variation.

The index is best understood as a structural screening tool
rather than a direct measure of food insecurity. Its value lies in
guiding further investigation, informing community partner-
ships, and prioritizing tracts for targeted intervention. Future
work should validate the index against observed food insecu-
rity outcomes, incorporate demographic variables, disaggre-
gate the health composite, and expand to additional census
tracts as data coverage improves.
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