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1 Introduction 

According to the Census of Retail Trade, the per-capita number of fast-food restaurants in the 

United States doubled between 1972 and 1999 while the obesity rate climbed from 13.9% to 

29.6% (Chou et al. 2004). As politicians, social scientists, and health professionals seek 

explanations for the rapid increase of obesity rates in the developed world, the contemporaneous 

proliferation of fast-food restaurants has naturally garnered attention. Theoretical arguments for a 

causal relation between fast-food availability and obesity are straight-forward: increasing the 

availability of fast-food decreases the shadow price of procuring a fast-food meal, thereby 

increasing the number of fast-food meals consumed. Although there is little doubt that 

consumption of fast-food has increased substantially in the past quarter century1 and several other 

authors have found a positive relationship between fast-food consumption and BMI2, previous 

studies of fast-food availability and obesity outcomes have yielded conflicting results3.  

Despite offering widely divergent conclusions, previous empirical studies do share a common 

trait: none address the possibility that unobserved characteristics associated with the probability of 

becoming obese may also affect the location decision of restaurant owners. In the next section, I 

present scenarios under which naïve OLS estimation of body mass index on fast-food availability 

can cause either over or under-estimating the true relationship.  

To address this problem, I combine individual-level data from the 2005 Behavioral Risk 

Factor Surveillance Survey (BRFSS) with fast-food restaurant counts at the county level collected 

from Internet search engines. Employing the presence of an interstate in the county of residence as 

an instrument for restaurant location, I find that the number of fast-food restaurants per 100,000 
                                                 
1 Cutler et al (2004) find that daily consumption of fast-food has increased by 140 calories per day since the 1970’s, 
while Kant and Graubard (2004) report that in 2000, Americans consumed 2.77 fast-food meals per week, an 11% 
increase from 1992. 
2 The relationship is particularly strong for women. See Kant and Graubard (2004) and French et al. (2000). 
3 Chou et al (2004) find a strong positive relationship between restaurant density and adult obesity over time; Sturm 
and Datar (2005) find much weaker associations when they consider adolescents; Simmons et al (2005) find no 
significant relationship among rural Australians and Jeffery et al (2006) report no relation between fast-food proximity 
and obesity. 
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inhabitants in the county of residence has a significant positive influence on Body Mass Index 

(BMI). Increasing county fast-food restaurant density by one unit increases BMI in females by .22 

points, roughly .60kg for a woman 1.65 meters tall. Estimates for males are positive as well, but 

smaller and not statistically significant. I also disaggregate the analysis by considering individual 

restaurant chains. These preliminary results suggest that different fast-food restaurants have very 

different effects on the probability of being obese.  

The integrity of these results depends critically on the validity of the instrument. For those 

without the benefit of clean natural experiments, it is important to scrutinize thoroughly the 

identification assumption and qualify the potential effects of departing from perfect orthogonality. 

The presence of an interstate may affect nearby neighborhoods, change the relative price of 

healthy foods, or alter the ability to exercise. The results are robust to the exclusion of high 

population density counties, which tend to have interstates passing through residential areas, 

thereby attenuating concerns of neighborhood effects. Second, the results are robust to the 

exclusion of low population density counties that are predominantly rural. Third, consumption of 

fruits and vegetables is not associated with the presence of an interstate, suggesting interstates do 

not affect the availability or price of healthy foods. However, there is some evidence that 

interstates lower the amount of moderate and vigorous physical activity, possibly biasing the IV 

coefficient estimates. An alternative IV specification is presented that would bias the coefficient 

estimates in the opposite direction. Thus, even if the identification assumption is not perfectly met, 

these IV estimates are sufficient to narrowly bound the true parameter. Therefore, the results 

presented are a substantial improvement over previous attempts to pin down the relation between 

fast-food availability and obesity. 

The paper proceeds as follows: in Section 2, I discuss time use and possible problems of 

endogeniety; in Section 3, I discuss the identification assumptions, data used and estimation 
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technique; in Section 4, I present results; in Section 5, I offer possible policy interventions and 

conclude. 

2 Theoretical motivation 

A positive relationship between restaurant availability and weight outcomes can be derived 

from a simple circular city (here, county) model. If consumption of fast-food is decreasing in the 

distance to the nearest fast-food restaurant and restaurants are evenly spaced at nodes along the 

circle, then the city with more nodes will have greater consumption of fast-food, holding the size 

of the city constant. Alternatively, if circumference is proportional to population, then the city 

with the smaller population will have greater fast-food consumption, holding the number of 

restaurants constant. This suggests that the number of restaurants per person, i.e. restaurant 

density, will be a useful and easily calculated measure of availability. A positive relationship 

between density and BMI implies that greater density leads to greater consumption and greater 

consumption leads to weight gain. No relationship implies that either availability does not increase 

consumption or consumption does not lead to weight gain. 

Fast-food availability—the number of firms adjusted for population and/or land area—is 

fundamentally an equilibrium market outcome. Changes in availability over time or differences in 

availability across locations must reflect underlying differences in either the demand for or supply 

of fast-food. Failing to fully account for these differences in empirical work can lead to misstating 

the causal relationship between the two.  

A reduced-form version of the problem can be stated formally as: 

RDense =  Xβ1 + X*γ1 + Z1δ1 + ɛ1   (1)

BMI =  α2RDense + Xβ2 + X*γ2 + Z2δ2 + ɛ2,  (3)

where RDense is the restaurant density; X are observed individual, firm and county-level 

characteristics; X* are characteristics unobserved by the econometrician; Z1 are exogenous 

regressors affecting demand and/or supply; and ɛ are mean zero error terms. If X* increases the 
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demand for fast-food and tends to increase obesity, an OLS estimate of α2 from (2) will be biased 

upward. If instead, X* increases the demand for fast-food and tends to decrease obesity, the 

coefficient estimate will be biased downward. 

For example, the marked increase in female labor market participation is partly attributed to an 

increase in the real wage and improved household production technologies4. Since both would 

tend to increase the household production set, if “good health” was a normal good, we would 

expect demand for health (maintaining an ideal weight) to increase while females worked more. 

Of course, a higher wage increases the shadow price of time, and thus households would want to 

substitute time-intensive meal production with goods-intensive meal production. Thus, it is 

possible that individuals demand both better health and more fast-food. In a cross-sectional 

analysis, if the wage for female workers was higher in location A than location B, then the 

equilibrium number of fast-food restaurants in location A should be higher than in B, even though 

“health” in A was also better. Assuming that fast-food meals had more calories than home-

prepared meals, the effect of availability on obesity would be under-estimated using OLS. 

Alternatively, communities with large distances between commercial and residential areas may 

be attractive to fast-food restaurant owners looking to serve commuters. Long commute times are 

likely to increase the demand for fast-food and thus the equilibrium number of restaurants—

particularly along commuting corridors—while simultaneously decreasing the amount of time for 

physical activity. With proper redistribution of calories across meals, caloric intake may remain 

constant while caloric expenditure declines. The additional fast-food restaurant is benign but 

failing to take account of the simultaneous determination of availability and obesity would 

overstate the association between availability and obesity.  

These two examples illustrate the danger of estimating a reduced-form equation like (2) 

without reliable time-use data, although previous empirical work has ignored the issue.  Not only 

                                                 
4 This is not to deny the presence or importance of non-economic factors, such as changes in societal norms. See 
McGratten and Rogerson (2004) and Rones et al (1997) for a discussion. 
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are coefficient estimates biased, it is difficult to sign the direction of bias a priori. Despite the 

long-acknowledged importance of accounting for time in household production5, few datasets 

provide the necessary information at either the individual or community level. It is possible to 

recover α2, however, through the use of instruments Z1. Specifically, any variable that positively 

affected the supply of fast-food restaurants, but did not independently affect weight gain would be 

valid instrument. In the next section, I offer the presence of an interstate in the county of residence 

as a possible instrument and assess the plausibility of meeting the identification assumption. 

3 Data and Estimation 

For all counties with at least 50 respondents, the Behavioral Risk Factor Surveillance System 

(BRFSS) reports the county FIPS code for respondents from the county, yielding 823 counties in 

45 states in BRFSS 20056. Hence, the current paper uses individual-level data from BRFSS and 

variation in fast-food availability across counties to identify the relationship between availability 

and obesity.  

To do so, it is first necessary to define the universe of fast-food restaurants in each county. 

One possible definition relies on the 2003 County Business Patterns Program (CBP). In the CBP, 

fast-food restaurants fall under NAICS category 7222117 as "Limited Service Restaurants." But 

this definition has numerous disadvantages. First, it is overly-broad, including establishments like 

delicatessens and bagel stores. Second, it does not allow analysis of how different types of fast-

food affect weight outcomes. Finally, IV typically yields a local average treatment effect. Many of 

the included establishment types are unlikely to respond to the presence of an interstate.  

                                                 
5 See Becker (1965) for the seminal presentation. 
6 The excluded states are Alaska, Hawaii, California, New Jersey, and Virgina. The latter three are excluded because 
of difficulty in accurately counting the number of fast-food establishments. 
7 NAICS 722211 is officially defined as "This U.S. industry comprises establishments primarily engaged in providing 
food services (except snack and nonalcoholic beverage bars) where patrons generally order or select items and pay 
before eating. Food and drink may be consumed on premises, taken out, or delivered to the customer's location. Some 
establishments in this industry may provide these food services in combination with selling alcoholic beverages." 
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Instead, I count the number of McDonald’s, Burger King, Wendy's, and Kentucky Fried 

Chicken (KFC) establishments in each county using the Mapquest internet search engine8. These 

four restaurants are summed and used as the number of fast-food restaurants in each county. I also 

count the number of Subway Sandwich shops and analyze these separately. While omitting 

various regional fast-food restaurant chains and independent outlets, these restaurants represent the 

largest restaurant chains in the United States and those most likely affected by the presence of an 

interstate. Additionally, they enable comparison of the relative effect of different types of fast-

food, which would not be possible with the CBP data. And, to the extent that locations with more 

McDonald’s or KFC restaurants also have more hamburger and chicken restaurants, the current 

definition is a reasonable proxy for the universe of fast-food. Restaurant density is then defined as 

the number of fast-food restaurants per 100,000 county residents as reported in the June 2005 

Census estimates9. Since I do not have comparable restaurant data from previous periods, I use a 

single cross-section from the BRFSS to examine whether variation in fast-food restaurant density 

can explain variation in obesity rates across location. 

As explained previously, it is important to account for county-level characteristics that could 

affect either the location decision of restaurants or the probability of being obese. For instance, 

restaurants may be more likely to open in wealthier counties, which are also more likely to have 

grocery stores, clean parks and beaches, farmers markets and low crime rates. Such opportunities 

would likely decrease obesity prevalence10. All regressions include controls for median county 

income; county population density to account for the effects of urbanicity; and mean travel-time to 

work.  

Just as the quantity of fast-food is an equilibrium outcome, so too is the price of fast-food 

meals. Suppose that the wages for low-skilled labor were lower in county A than county B. This 
                                                 
8 Examples of county counts are available on the author's website and by request. All counts were taken in early 2006. 
9 Alternatively considering the number of restaurants per person, per square mile to account for land area did not 
substantively alter results. 
10 See Moreland et al. (2006) and Laraia et al. (2004) for recent studies of supermarket availability and healthful 
eating. 
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would lead to both more fast-food restaurants and lower prices for meals in A. Failing to account 

for prices could overstate the impact of greater availability on consumption11. As Chou et al 

(2003) report, though, there is little variation in the nominal price of fast-food items across areas—

the McDonald’s “dollar menu” is fairly standard across the nation. Therefore, the inclusion of state 

fixed-effects and the log of median county income should pick-up any differences in the real price 

for fast-food across locations.   Summary statistics with appropriate population weights provided 

by BRFSS for these county-level characteristics in the full sample of 823 counties are presented in 

the top panel of Table 1. On average, a county resident has 11.2 fast-food restaurants per 100,000 

residents in a county. McDonald's restaurants are the most common, averaging 4.7 per 100,000 

residents. Subway restaurants are slightly more ubiquitous, with a density of 5.9. 

Individual level data are taken from BRFSS, which asks respondents to self-report their weight 

and height. This information was used to compute BMI's for each respondent12. BRFSS also 

records sundry demographic and health traits of respondents. Of particular interest are the 

race/ethnic group, age, sex, number of children, pregnancy status13, employment status and 

income level of the respondent. BRFSS also asks about fruit and vegetable consumption, as well 

as exercise habits. These are employed subsequently in assessing instrument validity. Summary 

statistics for individual data from the 2005 BRFSS are reported in the bottom panel of Table 1. 

One of the principal advantages of BRFFS is its size—over 190,000 observations. This permits 

precise estimation of coefficients, even very small ones. Thus, it is import to consider not only 

statistical significance, but also economic significance. 

The proposed instrument is the presence of an interstate in the county of residence and is 

defined as any roadway with an Eisenhower Interstate designation. Also included are the Blue 

                                                 
11 See Lakdawalla and Philipson (2002) for a discussion of supply-side explanations for increases in food 
consumption. 
12 The biases in self-reported height and weight are well established in the literature (Cawley 1999). Both Cawley and 
Chou el al (2003) report that correcting reporting bias by imputing BMI using actual weight and height measurement 
from NHANESIII does not affect estimation results.  
13 Obviously, all else equal, a pregnant female will weigh more than one who is not pregnant. Thus, I remove all 
women who report being pregnant from the dataset. 
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Grass and Western Kentucky Parkways which together connect Lexington, Kentucky to Interstate 

24. Using the Rand McNally 2004 North American Road Atlas, the indicator takes on value 1 

whenever any stretch of any interstate crosses into the county. Thus, no adjustment is made to take 

account of highways which only pass through for 1 mile (Walton County, Georgia and Interstate 

20) or non-interstate limited access highways that branch off interstates (Fort Bend County, Texas 

and US 59). From the top panel of Table 1, 89% of individuals in the full sample of counties live 

in counties with an interstate. 

3.2 Identification and Instrument Validity 

To recover a consistent estimate of α3 in equation (3) requires that the presence of an interstate 

affects the location decision of restaurant owners but not the obesity of county residents 

conditional on other observable attributes. The former is intuitively reasonable as restaurants open 

to serve travelers passing through counties and residents commuting for work or pleasure. Table 2 

presents coefficient estimates from the first stage of the IV procedure. Notice that the coefficient 

on the interstate dummy is large, positive, and precisely estimated. The presence of an interstate 

passing through a county increases the number of fast-food restaurants per 100,000 residents by 

1.3. With a mean restaurant density of 11.1, this corresponds to over an 11% increase. This is 

evidence that the presence of an interstate is a strong instrument. The coefficient on mean travel 

time to work is negative and significant. At sample averages, a 1% increase in commuting time 

decreases county fast-food restaurant density by .58%. The coefficients on the log of median 

county income and log of county population density are also negative and significant14.  

The more pressing concern is that a nearby interstate changes a community in non-trivial 

ways. To the extent that interstates influence county income, population density or commuting 

times, inclusion of these explanatory variables will account for these effects. It is likely, however, 

                                                 
14 All regressions were also run using standard errors clustered at the county-level (see Moulton, 1990). Doing so did 
not affect the significance of the coefficient estimates on fast-food density. Results with clustered standard errors are 
available upon request. 
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that interstates affect other characteristics, which may influence health directly or lead relatively 

healthier individuals to select into or out of counties with interstates.  

First, neighborhoods directly adjacent to interstates may be less desirable because of increased 

traffic, noise, and pollution, thereby lowering property values. Alternatively, walking, running and 

biking may be more difficult and thus time engaged in physical activity is lower. For the majority 

of counties, however, interstates do not pass through high density residential areas and population 

centers. Taking Wisconsin as an example, for all but two cities, Milwaukee and Green Bay, the 

interstate is shunted around large residential areas. Thus, for most people in most counties, 

interstates are far enough away to attenuate concerns about neighborhood effects. To address the 

potential problem of large cities, the analysis was repeated omitting counties with the highest 

population densities. Several densities between 500 and 2500 people per square mile were tried 

and results were robust to this choice.  

It is also possible that sparsely populated counties differ in ways not captured by the included 

explanatory variables. To prevent the possibility that results are driven by the peculiarities of these 

types of counties, various density cut-offs between 0 and 50 people per square mile were 

considered and the sign and magnitude of coefficient estimates presented subsequently are robust 

to specification choice15. Finally, the results are robust to omitting the most and least densely 

populated counties at the same time across the various cut-offs. 

In moderately sized counties, interstates may still influence the mix of industry and 

commercial establishments, available recreational activities, housing prices, or the relative price of 

healthy food options. One unfeasible method for examining instrument validity would be to 

investigate each of these channels. First, many are not immediately obvious. Goetz and 

Swaminathan (2006) have shown that Wal-Mart stores tend to open along interstates. It is possible 

that Wal-Mart charges less for snack-foods than other grocery stores, but prices similarly for fruits 

                                                 
15 Full robustness results are available from the author upon request. 
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and vegetables. In this instance, Wal-Marts would tend to increase the probability of being obese. 

Alternatively, Wal-Mart may lower the price of fitness equipment, encouraging a decrease in 

obesity. Even if an investigator recognized the relation between interstates and Wal-Marts, it 

would be impossible to pin down the impact without a separate empirical study. Very quickly, this 

method becomes unwieldy. 

Instead, I look directly at behavior associated with health and weight determination. 

Respondents in BRFSS are asked about their general health, smoking behavior, consumption of 

healthy foods such as fruits and vegetables, and time spent engaged in physical activity. If 

interstates affect counties in ways that correlate with obesity outside of fast-food consumption, 

then the presence of an interstate should be a significant predictor of these measures as well. 

Similarly, if more health/weight conscious individuals are less likely to live in counties with 

interstates, then interstates should also be associated with these other health behaviors/outcomes.  

Table 3 presents coefficient estimates from regressions on various health outcomes and 

behaviors. Each regression includes the same set of explanatory variables as the first stage IV 

estimates reported in Table 2, though only the coefficient on presence of an interstate is reported16. 

The validity of the instrument receives its strongest support if the coefficients for all regressions 

are zero with infinite t-statistics. The results are weaker, though most associations are statistically 

insignificant and all are fairly small.  

In BRFSS, respondents were asked to rate their health status on the familiar EVGFP scale17. 

An ordered logit was estimated to determine the association between the presence of an interstate 

in the county of residence and self-reported health. Coefficients from the regression were used to 

predict the probability of selecting each health rating for each respondent both with the interstate 

dummy set to 1 and set to 0. The marginal effect of an interstate was then calculated and averaged 

                                                 
16 Of course, minutes of vigorous activity per day, minutes of moderate activity per day and number of fruit and 
vegetable servings per day are omitted. 
17 Individuals are asked to describe their health as either Excellent, Very Good, Good, Fair, or Poor. 
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over each respondent. Although the presence of an interstate increases the probability of reporting 

fair health and decreases the probability of reporting excellent health by statistically significant 

amounts, the marginal effect is incredibly small. The presence of an interstate decreases the 

probability of reporting excellent health by .16% for females and .28% for males. It does not seem 

that presence of an interstate is associated with health status at an economically meaningful 

level18. 

BRFSS also inquires about whether an individual is a smoker (45% of the sample), insurance 

status (86% of the sample), and physical activity level (86% engage in some moderate with an 

unconditional average of 53 minutes per day and 52% engage in some vigorous physical activity 

with an unconditional average of 33 minutes per day). The presence of an interstate does not affect 

the probability of being a smoker and has only a small positive impact on the probability of 

insurance coverage for females. An interstate does tend, however, to decrease the probability of 

engaging in any moderate physical activity by females. Although 1.6 percentage points is small, it 

is not trivial.  

When asked to provide the amount of time engaged in physical activities, answers clustered 

around half and full-hours, with some individual reporting in excess of 4 hours of vigorous 

physical activity and 8 hours of moderate physical activity (most likely job related). Since OLS 

estimates are sensitive to extreme values and median regression is not robust when a large cluster 

exists at the median value, the results from robust regression are preferred19 (see Berk 1990). 

Males living in a county with an interstate engage in .90 fewer minutes of vigorous activity per 

day, approximately 2.2% of the mean for men. The effect on vigorous activity for females is not 

statistically significant. However, an interstate depresses moderate physical activity for both sexes: 

.79 minutes for females and 1.02 minutes for males.  These equate to a 1.6% decrease from the 

mean for females and a 1.8% decrease from the mean for males. 

                                                 
18 Again, it is important to separate statistical significance from economic significance. 
19 Results from OLS and median regressions are similar and are available upon request. 
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corresponds to an additional .076 kilograms (.17 pounds) for a woman 1.65 meters (5'5") tall. The 

second column of Table 4 reports second stage IV estimates. The coefficient on fast-food 

restaurant density is positive and significant at the 1% level. Increasing the number of fast-food 

restaurants per 100,000 residents by one unit increases individual BMI by .131, roughly .58 

kilograms (1.31 pounds) for a woman 1.65 meters (5'5") tall. When exercise behavior is added as 

an explanatory variable, the coefficient estimate falls only slightly, but remains significant at the 

1% level. Thus, the IV point estimates provide a fairly narrows range for the effect of fast-food 

availability on BMI for women and the coefficient is statistically significant at the 1% throughout 

the range.  

 The coefficients on the other explanatory variables generally take the expected sign. BMI 

increases in the amount of time spent commuting to work, as this is time that could otherwise be 

spent preparing healthier meals at home or engaging in physical activity. The coefficient on the 

log of median county income is negative, but not significant. Urbanicity tends to have a significant 

negative impact on BMI, potentially indicating the increased incidence of walking over driving. 

Marital status does not affect BMI except for widows. Women without a high school diploma tend 

to have higher BMI’s than those with a high school degree. Women with a college education have 

lower BMI’s than those who only completed high school. Home-makers, students and retirees 

have lower BMI’s than employed women, though the coefficient on unemployment is not 

statistically significant. BMI is decreasing in income and higher for non-whites.  

When the analysis is repeated using only counties from the restricted sample to determine 

whether the inclusion of the most sparsely and densely populated counties affects the results, both 

IV coefficients increase slightly as does the standard error (not reported). Overall, the impact of 

excluding these counties is minimal and thus the remaining analysis is reported only for the full 

sample.  


