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ABSTRACT
	The high financial and human costs of obesity create an urgency to combat this disease that has been increasing with unceasing relentlessness in the United States since the 1970s. This study investigates food deserts as a key variable affecting individuals’ body mass index (BMI) in the District of Columbia to help understand the connection between food inequity and obesity. We analyze sociodemographic, socioeconomic, and food deserts data in pooled cross-sectional and fixed effects ordinary least squares regressions. The narrowness of our study results in data limitations that leave us unable to determine a statistically significant correlation between living within a food desert and BMI. Our findings contribute to the wider literature on obesity in the United States and broaden our understanding of factors affecting this epidemic. 

INTRODUCTION
Obesity is one of the most pressing public health issues in the United States, affecting 41.9% of Americans in 2017, according to the CDC (2022). Health conditions related to obesity include heart disease, stroke, type two diabetes, and multiple forms of cancer (CDC, 2022). Additionally, obesity has negatively affected workforce participation among the working-age population in the United States (Tuncelli et al., 2006). The CDC lists eating patterns as one of the leading causes of obesity (CDC, 2022). However, across the United States, there are disparities in health access due to income, race, and access to food. Current literature has explored a variety of economic and medical factors responsible for rising obesity rates.
In searching for a deeper understanding of the obesity epidemic, this paper explores food deserts as a critical factor (Dutko et al., 2010). Therefore, our research question asks: what is the effect of living in a food desert on obesity rates? The United States Department of Agriculture (2012) defines a food desert as a low-income census tract where a significant share of the population has limited access to supermarkets or large grocery stores. Due to data constraints, our study focuses exclusively on the District of Columbia (D.C.), a metropolitan area. The USDA defines low-income tracts in a metropolitan area as a median family income that is 80% or less of the metropolitan area’s median family income at large. This information offers guidance into areas that should be of focus when working to reduce the obesity epidemic in the United States. To explore the relationship between body mass index (BMI) and food deserts in the District of Columbia at the census tract level, we conduct pooled cross-sectional and fixed effects ordinary least squares (OLS) regressions. We merge food desert, sociodemographic, socioeconomic, and obesity data from D.C. Health Matters, D.C. Department of Parks and Recreation, the Census Bureau, and the United States Department of Agriculture (USDA). Our results suggest that food deserts in Washington D.C. have a negative, and not statistically significant, effect on obesity rates.
While our study does not find statistical significance between food deserts and obesity due to data limitations, the broader literature suggests that increased access to healthier foods impedes obesity (Ahern et al., 2011). Our study affirms the findings of the broader literature that reveals a link between food insecurity and increased obesity rates among minority groups; however, our findings should be viewed with the awareness that our data limitations result in a notably narrow study. Despite the lack of viable results, this paper offers a robust framework for future researchers with greater access to both BMI and food desert data in the United States. 



LITERATURE REVIEW
Within food desert literature various variables are explored, most commonly obesity, income, race, and ethnicity. While research is currently present on environmental conditions as factors affecting health disparities, “food deserts'' as an aspect of economic literature were only first mentioned in the early 1990s (Walker et al., 2010). Following this, scholarship began to observe a correlation between supermarket access and obesity (Lopez et al., 2007). For example, Schafft et al. (2009) analyze Pennsylvania school districts' demographic and economic characteristics to determine a positive causal relationship between the percentage of overweight children and percentage of the district residing in a food desert. These results are consistent throughout the discussion of obesity rates. Furthermore, Cooksey-Stowers et al. (2017) investigate the impact of food swamps, defined as “neighborhoods where fast food and junk food inundate healthy alternatives,” on obesity rates. They find that the presence of fast-food restaurants is likely an explanatory variable for obesity rates. 
Regarding the relationship between food deserts and income, Morland et al. (2002) can be viewed as a foundational piece of literature. Morland et al. and Kaufman et al. (1997) find that a larger number of supermarkets and gas stations with convenience stores are found in wealthier neighborhoods. Similarly, Kaufman et al. reveal that low-income households are more likely to use smaller grocery stores, convenience stores, and specialized food stores, offering fewer selections and generally higher prices. Ultimately, the scholars conclude that low-income neighborhoods may lack access to lower-cost foods, stating that food accessibility varies based on income. 
	Within food desert literature, scholars emphasize the relationship between race and food insecurity. The literature in our review suggests a consensus of significant racial disparity in food deserts, especially among African Americans. For example, Morland et al. (2002b) as well as Block and Kouba (2006) state that there are four times more supermarkets in White neighborhoods than in black neighborhoods. Raja et al. (2008) observe that this racial disparity results from redlining supermarkets in urban areas. The study further concludes that minority neighborhoods have disproportionately fewer supermarkets and an abundance of small convenience-type stores that generally sell less healthful foods. Furthermore, the Mari Gallagher Research & Consulting Group (2006) find that African Americans travel the greatest distance to grocery stores, increasing barriers to healthy food. Additionally, Block et al. (2004) find a link between increased fast-food restaurants and black neighborhoods. Overall, a negative relationship between non-White races and food access is evident in the literature.

THEORETICAL FRAMEWORK 
Exposure to Calorie Dense and Unhealthy Food
In the U.S., several theories indicate how food deserts may affect obesity rates. One theory suggests that decreased access to supermarkets causes greater exposure to calorically high goods and, consequently, higher BMI levels (Drewnowski and Specter, 2004). Limited access to supermarkets causes those in a food desert to come into greater contact with ready-made, or swiftly made, food provided by fast food restaurants or convenience stores (Walker et al., 2010). Within the United States, scholarship suggests that an imbalance of nutritious food options rather than a lack of food access itself presents a more significant threat to those residing in a food desert (USDA ERS, 2010). Low-income, urban areas are the most vulnerable to this imbalance, causing greater exposure to processed, calorie-dense foods provided by these readily accessible services relative to high-income areas (Furey et al., 2001; Hendrickson et al., 2006; Walker et al., 2010). Block et al. (2004) find associations between a diet of processed foods filled with higher sodium, sugar, and fat and higher BMI levels. As a result, lower-income families residing in urban food deserts must overcome more barriers to having a healthy diet, resulting in an increased likelihood of a higher BMI.
Food Price
Individuals and families who live in food deserts will likely face larger costs to access foods, especially when attempting to access healthful foods. Literature reveals that those living in food deserts pay more for food and still receive a lower quality of food (Hendrickson et al., 2006; Kauffman et al., 1997). Public health researchers have found that cost constraints result in diets with reduced nutrient density and higher proportions of fat (White et al., 2006). Furthermore, most smaller stores in urban areas are in low-income areas, consequently exacerbating the issue of affordable food (Lewis et al., 2005).
Additionally, a study by Moore et al. (2006) reveal that a food plan costs $21 more in small to medium size stores than in supermarkets. The Economic Research Service (ERS) conducted a project that revealed that convenience store prices are higher than supermarkets: bread prices are 5% higher, and cereal prices are 25% higher (USDA, 2010). In short, those facing income constraints, common to those living in food deserts, are more likely to substitute healthful foods for unhealthy foods, resulting in a higher BMI.
Several additional theories posit causes for the correlation of increased food prices in urban food deserts. First, smaller stores’ limited economies of scale could result in higher food supply costs driving prices up (Caspi et al., 2017). This theory hypothesizes that profit loss from theft causes smaller stores to increase prices, yet those higher costs increase the likelihood of stealing, effectively creating a cycle to increase food costs further (Hendrickson et al., 2006). Additionally, food stores located further from supermarket competitors may set prices higher than those located closer because of competitive pricing, highlighting the large price-making power of supermarkets.
Secondly, residents in food deserts tend to make food purchasing decisions based on location and vehicle access. Studies indicate that much of the population living in a food desert travel outside of their neighborhood to access supermarkets. However, this produces a greater opportunity cost for those who live in food deserts. When living in a food desert, it takes longer to access food; this time cost is compounded by the need for more reliable transportation faced by many in these areas. Chaix et al. (2012) state that the further away from a supermarket an individual is, the less likely they are to travel to purchase food. Many cannot afford this time or added cost of accessing a supermarket (Alwitt and Donley, 1997). As a result, low access to supermarkets forces those in low-income areas to scavenge for what they can afford, frequently pre-packaged nutrient-low food. In the end, the poorest socioeconomic groups are subjected to lower food access resulting in higher BMI levels. 
Furthermore, Furey et al. (2001) suggest that those within a food desert and with limited access to transportation choose to shop within their close vicinity, creating a correlation between a lack of transportation and low-income levels. A lack of reliable transportation results in a greater exposure to more calorically dense foods. Therefore, those who shop and consume food closer to their residence are at a greater risk for health issues relating to higher BMI levels. 
Conclusions
Ultimately, theories suggest that the absence of available, accessible, and affordable nutritious foods in food deserts leads to higher obesity rates. Specifically, the poorest socioeconomic classes seemingly pay the most for the lowest quality food, making them the most vulnerable to higher BMI levels. Food insecurity among the financially poorest is largely due to a deprivation of access to high-quality, nourishing food. This paper aims to demonstrate that intentional policy-making and incentivizing infrastructure within food deserts is necessary to alleviate the impact of poverty as a physical barrier to food access. 

MODEL AND DATA
In this section, we define our empirical model, give data sources for each variable, and offer context and reasoning behind the chosen variables to answer the question: what is the effect of living in a food desert in D.C. on obesity rates? Our model is defined as follows: 

Obesity Rate i,t = β0 + β1 (food desert) i,t+ β2 (fitness centers)i,t+ β3 (parks) i,t+ β4 (education)i,t + β5 (income) i,t + β6 (race) i,t + β6 (ethnicity) i,t + β7 (age) i,t + β8 (vehicle) i,t + β9 (poverty rate) i,t +Ω i,t + t + u 
Our model builds upon Cooksey-Stowers et al. (2017) by controlling for the variables of income, race, ethnicity, age, vehicle status, poverty rate, and education. Using our model and panel data collected at the census tract level, we conduct fixed effects and pooled cross-sectional OLS analyses to test the significance of our independent variables. Our literature review informed our choices of data sources. Where “i” is the given DC census tract and “t” is the year. The t is the year fixed effect and the Ωi,t is the census tract fixed effect and includes all unobserved time-invariant census tract factors that affect obesity rates. 

DEPENDENT VARIABLE
The dependent variable, Obesity Rate, measures the percentage of the population within the census tract who are obese. Data is compiled through D.C. Health Matters which offers a sample size of 212 census tracts. This variable is measured as the percentage of adults aged 18 and older who are obese according to their BMI. The BMI is calculated by taking a person's weight and dividing it by their height squared in metric units (BMI = Weight (Kg)/ [Height (m)^2]). According to the CDC, individuals are considered obese if their BMI exceeds 30 kilograms per meters squared. Our measure of census tract level obesity comes from BMI. Despite measurement limitations on BMI as a result of body masses differing by age and gender throughout the lifecycle, it is still the preferred measure of the Centers for Disease Control (CDC; Schafft, 2009).

INDEPENDENT VARIABLES 
Food Desert[footnoteRef:1] is the primary variable of interest, and the data surrounding food deserts is from the USDA’s Food and Environmental Atlas. This variable is the share of the census tract’s population that are beyond one mile from a supermarket, and thus deemed to live in a food desert.  [1:  Per the USDAs definition of a “Food Desert,” this study defines a food desert as the share of the census tract’s population that are beyond one mile from a supermarket. However, this variable maintains limited data and creates a narrower model. In examining this model, relative to the share of the census tract’s population that is beyond half a mile from a supermarket, 97 of the 311 census tracts were omitted. The conclusion discusses the statistically insignificant results where we retain 311 census tracts utilizing the ½ mile distance.
] 

	Fitness Centers is the number of physical activity centers in a census tract. This variable accounts for the fact that greater access to physical activity centers has an expected negative impact on obesity rates. Using the D.C.’s Department of Parks and Recreation, we obtain data on recreation in fitness facilities in the United States. 
	Parks represent the number of public parks and recreation areas in a census tract. The intuition that greater access to hiking, biking, walking, and other movement-oriented activities would increase physical activity and lower the county obesity rate motivated the decision to include this variable. D.C.’s Department of Parks and Recreation sources the data for this variable. 
Education refers to educational attainment and is measured as the share of the population within the census tract over 25 with a bachelor’s degree. The data for this variable is sourced from the Census Bureau’s usage of the American Community Survey’s data. Morland et al. (2002b) indicate that education is a socioeconomic factor that is negatively correlated with obesity. 
Income is measured as the census tracts median family income. Using data sourced from the USDA’s Food and Environment Atlas, we control for income level, in dollars, as it correlates with access and availability of food and food quality. To assess the absolute effect of food deserts on BMI it is necessary to control for the median level of income as it is a socioeconomic variable that affects relative location to food. 
Ethnicity and Race is the measure of various racial and ethnic groups as a share of the population in Washington D.C. Ethnicity, the Census Bureau includes the category of ethnicity to differentiate between those who identify as Hispanic or Latino and those who do not. Each ethnicity option is measured as a share of the population within the census tract. Race is a measure of the share of the individuals in a census tract of that race. This variable includes the five races represented in the United States Census Bureau: White, Black or African American, American Indian or Alaska Native, Asian, and Native Hawaiian or Pacific Islander. The variable measures each race as a percentage of the population within the census tract. The inclusion of this variable attempts to control and mitigate bias in our model by accounting for limiting and exclusionary factors of the Ethnicity variable. As discussed in the literature review, race and ethnicity are correlated with obesity.
Age is a measure of the share of the population within the census tract who are over the age of 65. The inclusion of this age group attempts to reduce bias in BMI levels based on age. This data is sourced from the Census Bureau’s use of the American Community Survey’s data.
Vehicle measures vehicle access within a census tract and is produced by the USDA’s Food and Environmental Atlas. The variable is a share of the population within the census tract with a vehicle. No vehicle access limits the places available for household shopping. 
Poverty rate is a measure of the share of the population within a census tract that has an income at or below the Federal poverty rate relative to the family’s size. The data for this is from the USDA’s Food and Environmental Atlas. The variable is important because economic constraints limit the types of foods and types of places available to a household. 
Gender measures the share of the population within a census tract that is female. The data is sourced from the Census Bureau’s use of the American Community Survey’s data. This variable intends to control for BMI levels impacted by gender. The study places the variable on a binary scale due to data limitations. 





FIGURES AND DESCRIPTIVE STATISTICS 
	Figure 1: Food Deserts and BMI Levels in Washington D.C.	Figure 2: Food Deserts and Percent of Non-White residents in Washington D.C.
	
	



Figure 1 shows census tracts within Washington D.C. and distinguishes them based on a binary measure of a food desert, true or false, and a continuous measure of BMI. Regarding BMI, categories are based upon normal breaks within a histogram into five sections. Ultimately, this figure serves to visualize the relationship between BMI and food deserts within Washington, D.C. 
Figure 2 similarly displays census tracts within Washington D.C., differentiated by a binary measure of a food desert, true or false, and in this case, a continuous measure of non-White individuals. This image intends to visualize racial distribution within Washington, D.C., in relation to food deserts. In alignment with the literature, non-White individuals are the most likely to be subjected to living in a food desert; as a result, this figure attempts to visualize this potential subjugation. Furthermore, previous scholarship asserts that non-White individuals are at an increased risk of higher BMI levels. Therefore, visual parallels between Figure 1 and Figure 2 are notable.
	TABLE 1: SUMMARY STATISTICS

	Variable
	Observation
	Mean
	Standard Deviation
	Minimum
	Maximum

	BMI Percent
	357
	27.30952
	7.88555
	0
	44.4

	Food Deserts
	214
	4.3094
	15.49482
	0
	90.23645

	Fitness Centers
	126
	1.11111
	0.31552
	1
	2

	Parks
	247
	2.06073
	1.4143
	1
	8

	Education Degree
	357
	22.52661
	10.73568
	0
	48.3

	Income
	352
	108543.2
	69057.58
	0
	250001

	Race (White)
	357
	38.36807
	31.11466
	0
	91.84104

	Race (Black)
	357
	50.70701
	34.51179
	0.67512
	100

	Race (Asian)
	357
	3.565997
	3.79876
	0
	22.7616

	Race (Native Hawaiian)
	357
	0.05025
	0.25281
	0
	3.3371

	Race (American) Indian or Alaska Native)
	357
	0.31994`
	0.89869
	0
	10.51402

	Race (Other)
	357
	233.5574
	271.8406
	0
	1849

	Race (Two)
	357
	2.80001
	1.85501
	0
	9.78261

	Age (Under 5)
	357
	6.478992
	3.48934
	0
	22.3

	Age (5-9)
	357
	4.89272
	2.98095
	0
	16.3

	Age (10-14)
	357
	4.05826
	2.82836
	0
	13.7

	Age (15-19)
	357
	5.25686
	6.99537
	0
	63.2

	Age (20-24)
	357
	8.05574
	6.63267
	0.5
	45.3

	Age (25-29)
	357
	11.85742
	6.32826
	0
	36.2

	Age (30-34)
	357
	11.04986
	5.36983
	0
	34.2

	Age (35-39)
	357
	8.06246
	3.18424
	0
	21.5

	Age (40-44)
	357
	6.33585
	2.49272
	0
	14.6

	Age (45-49)
	357
	5.76667
	2.30581
	0
	14.1

	Age (50-54)
	357
	5.80196
	2.26297
	0
	17.1

	Age (55-59)
	357
	5.60924
	2.26816
	0.3
	12.8

	Age (60-64)
	357
	4.93866
	1.99501
	0
	10.6

	Age (65-69)
	357
	3.79626
	1.95605
	0
	11.6

	Age (70-74)
	357
	2.88459
	1.79151
	0
	11.3

	Age (75-79)
	357
	2.073669
	1.492672
	0
	7.9

	Age (80-84)
	357
	1.42493
	1.22942
	0
	8.2

	Age (Above 85)
	357
	1.65966
	1.77005
	0
	15.1

	Gender (Female)
	357
	52.7042
	5.868
	6.85
	69.639

	Gender (Male)
	357
	47.29578
	5.86758
	30.36
	93.15

	Ethnicity (Hispanic/Latino)
	357
	10.75278
	1.85501
	0
	9.78261

	Poverty Rate
	357
	18.660565
	14.0787
	0
	95

	Vehicle
	214
	1.317498
	6.05999
	0
	65.95781



Table 1 presents the summary statistics of key variables in our study. The mean of the variable BMI percent is 27.310, with a standard deviation of 7.886. Additionally, the mean of the variable Food Deserts is 4.310, with a standard deviation of 15.49. The standard deviation vastly exceeds the mean for the key variable, Food Deserts. Due to data constraints, the years studied range from five years, 2015-2019, leading to imprecise estimates of the key variables. As a result of the standard deviation highly exceeding the mean, there is variation both among and between the census tracts. Instead, much of the variation is explained by income and race levels. Furthermore, the maximum recorded count for BMI Percent is 44.4, and the maximum count for Food Deserts is 90.236. The minimum count for both key variables is 0. 

RESULTS
	TABLE 2: RESULTS
	
	

	Dependent
Variables
	Pooled Cross Sectional
(1)
	Fixed Effect
(2)

	Food Deserts
	-0.007
(0.009)
	-0.0016
(0.0017)

	Education
	-0.011
(0.032)
	-0.0677***
(0.0101)

	Income
	0.009*
(0.005)
	-0.0068***
(0.0091)

	Race (Black)
	0.1682***
(0.0135)
	0.1613
(0.0249)

	Race (Asian)
	-0.0674
(0.0631)
	-0.2139***
(0.0502)

	Race (Native Hawaiian)


	-0.9898*
(0.574)
	0.3627*
(0.202)

	Race (Native American or Alaska Native)
	0.3066*
(0.1602)
	0.0192
(0.0907)

	Race (Other)
	0.1296***
(0.0341)
	0.4655***
(0.0687)

	Race (Two)
	0.0024
(0.0832)
	-0.2548***
(0.0407)

	Female
	-0.056***
(0.021)
	-0.0545***
(0.011)

	Ethnicity (Hispanic/Latino)
	0.0159
(0.0218)
	-1.3925***
(0.1075)

	Poverty Rate
	0.158***
(0.018)
	0.1011***
(0.0113)

	Vehicle
	-0.084***
(0.0194)
	-0.205
(0.0253)

	Age controls
	Yes
	Yes 


Notes: Table 2 reports OLS Pooled Crossed-Sectional (column1) and Fixed Effect (column 2) results. The omitted categories are “parks,” “fitness centers,” “race (White),” “gender (male),” and “age (20-25)”. The standard errors are reported in parentheses. The number of observations is 212. 
	***Significant at the 1 percent level
	  **Significant at the 5 percent level
	    *Significant at the 10 percent level

Table 2 presents the OLS estimates of the pooled cross-sectional model in column 1 and the fixed effects model in column 2. The estimates of the pooled cross-sectional model in column 1 of Table 2 indicate that those residing in a food desert are likely to have a lower BMI. More specifically, a 1% increase in the share of the population that is beyond 1 mile from a supermarket leads to a 0.007% decrease in the share of the population that is obese. While this indicates a negative correlation between food deserts and obesity rates, the coefficient is not statistically significant. 
These results are not concurrent with previous studies that find the presence of a supermarket decreases obesity rates. (Lopez, 2007, Mari Gallagher Research and Consulting Group, 2006). Our study, however, has several limitations that potentially affect the precision of the results. Firstly, the data are cross-sectional for only two years, with a five-year gap between time periods, limiting variation over time. As a result, the evidence of the temporal ramifications on obesity, demographics, and supermarkets is not fully captured. Secondly, the study does not capture sorting issues. When choosing neighborhoods individuals may consider factors such as race, income, and physical activity centers in their decision (Lamb et al., 2020, Aliprantis, Carroll, & Young, 2019). Lastly, due to data limitations, the study is geographically limited to the city of Washington D.C. Consequently, these results do not represent or reflect the more significant implications of food deserts on obesity rates. 
OLS estimates of the fixed effects model are reported in column 2 of Table 2. The variable “Food Deserts” results imply that those who reside in a food desert are likely to have a lower BMI. For example, a 1% increase in the share of the population that is beyond 1 mile from a supermarket leads to a 0.0016% decrease in the share of the population that is obese. This estimate concurs with the results found in column 1 of the pooled cross-sectional model. These results additionally differ from previous studies (Lopez, 2007, Mari Gallagher Research and Consulting Group, 2006). However, this estimate is not statistically significant, similar to the pooled cross-sectional model. This consistency in lack of statistical significance across both models demonstrates a potential lack of precision due to data limitations and sorting bias amongst results. 
	In the results, race and ethnicity prove to be substantial indicators of BMI percent levels. In column 2 of Table 2, the fixed effects model, nearly all races studied provided a statistically significant coefficient. Some variables such as “Race (Black),” Race (Native Hawaiian),” Race (Native American or Alaska Native), and “Race (Other),” yielded a positive relationship with BMI percent, indicating that a higher percentage of this race within a census tract led to a higher share of those who are obese. Alternatively, variables such as “Race (Asian),” “Race (Two),” and “Ethnicity (Hispanic/Latino)” indicate a negative relationship with BMI percent, that a higher percentage of this race within a census tract led to a lower share of those who are obese.
The model omits the “Race (White)” variable, rendering it a base group. Therefore, these results are relative to the percentage of White individuals in a Census tract. This variation among coefficients aligns with the results of previous studies. Many scholars conclude that African American (Black) neighborhoods are predisposed to more fast-food restaurants, must travel the farthest for grocery stores, and have fewer supermarkets relative to predominantly White neighborhoods, all consistent with higher BMI levels (Block et al., 2004, Mari Gallagher Research and Consulting Group, 2006). These findings reveal possible neighborhood sorting bias, in that a particular race chooses to reside in a neighborhood with few supermarkets (because of, for example, lower housing prices) or systemic disadvantages to minorities regarding food access. 
	Within the fixed effect model, column 2 of Table 2, education is highly correlated with BMI percent. In other words, a 1% increase in the share of the population with a bachelor’s degree leads to a -0.0677% decrease in the share of the population that is obese. 
	Like education, income suggests being a strong indicator for BMI in both models. Column 1 and column 2 of Table 2 provide a statically significant negative correlation between income and BMI levels. In other words, a $1000 increase in median family income leads to a 0.068 decrease in BMI levels. These findings agree with previous studies, which indicate a negative correlation between income and BMI levels. (Alwitt and Donley, 1997, Morland et al., 2002b).
A lack of vehicle access indicates a positive, statistically significant correlation with BMI percent within the pooled cross-sectional model. For example, in column 1 of Table 2, a 1% percent increase in the share of the population with access to a vehicle leads to a 0.084% decrease in the share of the population that is obese. While not statistically significant, these results concur with the fixed effects model, which suggests a 1% percent increase in the share of the population with access to a vehicle leads to a 0.205% decrease in the share of the population that is obese. These results coincide with previous studies that find poorer, urban areas are less likely to own a vehicle and therefore have less access to grocery stores (Alwitt and Donley, 1997). To capture the effect of an independent variable on our key variable, food deserts, we interact this term with multiple other independent variables; however, no statistical significance was found in these created terms. As a result, these efforts were omitted.

CONCLUSION 
	This paper uses pooled cross-sectional and fixed effects ordinary least squares (OLS) regressions to understand the relationship between food access and obesity, one of the most pressing epidemics facing the United States of America. To investigate this relationship, our study analyzes, at the census tract level, food deserts as a key variable affecting BMI in the District of Columbia. This study did not find statistical significance between food deserts and obesity due to temporal and geographical data limits, narrowing the scope of the study. Despite this, rich literature suggests that accessibility to healthier options combats obesity (Ahern et al., 2011). For example, increasing food quality and providing free breakfast and lunches in schools introduce a healthy lifestyle at a young age. (Jayaswal, 2022; Black, 2016). 
Furthermore, given the positive statistically significant effect of specific race variables on obesity rates, race is thus a stronger predictor of obesity rates (p values < 0.00). These disparities are likely due to social and economic disadvantages related to race and ethnicity, in which groups have experienced systematic social and economic barriers (Peterson et al., 2019). These findings are consistent with the literature and support programs and policies that combat obesity through education, increasing taxes on unhealthy foods, lowering barriers to healthful foods, and other social programs. Moreover, our findings, compounded with the magnitude of the obesity epidemic in America and the literature discussing these correlations, should implore local governments to explore the repercussions of redlining and other factors of the geographic separation of minorities leading to lack of access to healthful foods (Aaron & Stanford, 2021). Furthermore, policy creators should examine current zoning laws to decrease access to unhealthy food outlets and incentivize healthy food outlets to locate to underprivileged areas (Cooksey-Stowers et al., 2017). 
Researchers should review this study with consideration of the following caveats. To begin, the lack of available data localized this study to the District of Columbia on 311 census tracts. Further, in adhering to the USDA’s definition of an urban food desert, a resident living one mile from a grocery store, we lost access to data on 97 census tracts, compared to the ½ mile distance. However, in running the ½ mile distance, we found statistical significance in only two of our variables, indicating an additional form of narrowness at play. Due to the imprecision of our study, the valid statistical significance of the race variables cannot be concluded at the one-mile distance. Therefore, given the data limitations of this paper, a more robust study is needed to substantiate our findings. Future researchers with access to a larger sample size can benefit from our study’s model, thorough literature review, and comprehensive conceptual framework.
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