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Abstract 

The Centers for Disease Control and Prevention have declared that there is an obesity 
epidemic in the United States.  Much research has been conducted linking personal, family, 
economic, and even environmental factors to weight and particularly to body mass index (BMI).  
However, one’s education and family situation are not of themselves directly linked to BMI.  
Rather it is one’s eating habits and other behaviors such as sleeping and physical activity that are 
more appropriately recognized as the risk factors.  We use 24-hour time-diary data from the 2006 
American Time Use Survey (ATUS), including the Eating and Health module, to examine the 
relations between such behaviors and adults’ weight status in hopes of shedding further light on 
the behavioral aspects underlying this epidemic.  Continuous regressions, logit models, ordered 
logit models, and multinomial logit models are estimated separately by gender to determine the 
associations with BMI, overweight status, and obesity status.  In general, the results are robust 
across functional form and indicate that behaviors, even those observed during a single 24-hour 
window, are significant determinants of weight status, though not at the expense of demographic 
factors.  More specifically, men who eat at restaurants and men and women who spend more 
time in sedentary activities have significantly higher BMI, while women who spend more time in 
higher-energy activities have significantly lower BMI.   
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Introduction 

The Centers for Disease Control and Prevention has declared that there is an obesity 

epidemic in the United States.  A stated national health objective is to reduce the fraction of 

obese adults, but all indications are that obesity is becoming more, not less, prevalent.  There is a 

substantial literature associating demographic, familial, economic, and environmental factors 

with weight outcomes.  Such factors as education level and income do not, however, directly 

influence weight.  Rather, they influence weight indirectly via their associations with food 

choice, eating behavior, and activity level.  We use data from the 2006 American Time Use 

Survey (ATUS) and the Eating and Health module that accompanies it to identify respondents’ 

day-to-day activities and eating patterns.  We then examine the extent to which expanding the set 

of typical factors to include data on behaviors helps explain obesity.   

Loosely speaking, an individual is said to be overweight if s/he weighs more than is 

considered healthy for a person of similar height.  The most common definitions of ‘overweight’ 

and ‘obese’ are based on Body Mass Index (BMI).  BMI is calculated for adults as one’s weight 

in kilograms divided by the square of one’s height in meters.  If this number is between 25 and 

30, an adult is considered overweight; if this number is 30 or over, an adult is considered obese.  

Although BMI is not an ideal measure of body fat, it is easier and less expensive to calculate 

than more direct measures based on skin-fold thickness and waist circumference, waist-to-hip 

circumference ratios, or such hi-tech approaches as ultrasound or magnetic resonance imaging.   
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Male athletes, in particular, are likely to be misidentified as overweight using BMI as a measure.  

However, in general, BMI is correlated with body fat and it remains the conventional measure.   

Being overweight or obese has substantial negative health implications.  The Centers for 

Disease Control and Prevention (CDC) reports that the risk of coronary heart disease, type 2 

diabetes, several cancers, high blood pressure, stroke, liver and gallbladder disease, sleep and 

respiratory problems, osteoarthritis, and gynecological problems are all higher for overweight 

persons (CDC, 2008).  Estimates of the cost of medical treatments attributable to excessive 

weight range from $51.5 to $78.5 billion dollars for the year 1998 alone (CDC, 2008), and these 

are only the direct costs.  Indirect costs such as lost productivity due to higher absentee rates and 

early death are likely to be substantially larger.  Furthermore, obesity is on the rise.  The fraction 

of obese Americans aged 20-74 stood at 32.9% in 2003-4.  This figure contrasts sharply with 

data from 1990 when the Behavioral Risk Factor Surveillance System found that in 10 states less 

than 10% of the population was obese and in no states was obesity a problem for over 15% of the 

population (CDC, 2008).  Thus, the economic consequences of being overweight are substantial 

and rising.  Any behaviors associated with being overweight are risky ones worth examining.  

Furthermore, behaviors are of particular importance because, unlike race or gender, behaviors 

can be changed, potentially by policy interventions.    

 

Literature  

The literature addressing BMI and obesity is extensive.  Providing demographic 

evidence, Rashad (2006) shows that married men have higher BMIs than unmarried men, Baum 

(2007) and Baum and Ruhm (2007) show that weight rises with age and varies with individuals’ 

race and ethnicity, and Burke and Heiland (2008) show different rates of obesity for black and 

white women but not black and white men.  Education has generally been found to be negatively 
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related to obesity (Rashad 2006; Nayga 2001; Tsou and Liu 2006), while the effect of income 

varies by gender.  Rashad (2006) reports that income is positively associated with BMI for men 

and negatively associated with BMI for women.  None of these factors is itself a direct cause of 

obesity but may instead reflect a genetic association or a common lifestyle choice.   

Environmental factors have also been linked to obesity.  Both Chou et al (2004) and 

Rashad (2006) find that increased availability of inexpensive restaurants, falling food prices, and 

increased cigarette taxes are associated with increased obesity.  Miljkovic et al. (2008) find that 

past, current, and future prices of addictive and non-addictive foods affect weight status.   Dunn 

(2008) finds a significant relation between the density of fast food restaurants and obesity in a 

county.  Similarly, Mandal and Chern (2007) report that state-level per capita sales at restaurants 

are associated positively with obesity.  They also find that greater income inequality and higher 

unemployment rates are associated with a higher probability of obesity.  Performing a state-level 

analysis, Cai et al. (2008) find that food-away-from-home expenditures are positively related to 

obesity rates and that food-at-home expenditures are negatively related to these rates.  Other 

researchers (Cohen-Cole and Fletcher, 2008) have observed peer effects, though there is some 

concern that these may represent unobserved locality-specific factors instead.  Indeed, Ackerson 

et al. (2008) find that neighborhood wealth is associated with increased levels of overweight and 

decreased levels of underweight.  

Nevertheless, factors such as the presence of fast food restaurants and obese neighbors do 

not directly cause weight gain.  Instead, these environmental data likely serve as proxies for such 

information as where and what individuals eat.  Some empirical evidence does link behavioral 

factors to obesity.   Boumtje et al. (2005), Rashad (2006), and Zhang et al. (2008) focus on 

caloric intake and physical activity.  Gomez et al. (2007) and Mendoza et al. (2007) find 



4 
 

evidence suggesting that television viewing is positively related to obesity.  Schoenborn and 

Adams (2008) find that sleeping is negatively related to obesity.  Other reports suggest that 

skipping breakfast may cause individuals to overeat later in the day (Schlundt et al. 1992; Timlin 

et al. 2008).   

However, these studies of the relations between behaviors and obesity typically collect 

their behavioral information from questionnaires asking respondents ‘how much time they 

usually spend in an activity’ or ‘if they engage in an activity’.  Such data generally overstate time 

spent in activities (Robinson, 1985) and may in fact be biased as individuals report what they 

should be doing rather than what they actually do, particularly if they know the researchers are 

concerned about health issues.  In this paper, however, we utilize more accurate and detailed 

time-diary data that provide information on all activities performed by an individual during a 24-

hour period.  Thus we are able to analyze a greater number of behaviors simultaneously than 

have previous researchers in the field.  We examine the extent to which expanding the set of 

typical factors used to explain overweight and obesity improves our understanding of these 

conditions. 

 

Data 

The data used for this analysis come from the 2006 American Time Use Survey (ATUS) 

and the associated Eating and Health (EH) module provided by the U.S. Bureau of Labor 

Statistics.  Subjects for the ATUS are drawn from households in their last month of participation 

in the Current Population Survey (CPS).  Specifically, one person aged 15 or over from each 

household is randomly selected to participate and asked to describe their primary activities 

during the preceding 24-hour period.  Specially coded time diaries including information on the 
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duration of each activity, where it takes place, and who else is present are constructed from these 

responses.   

The CPS and ATUS provide a wide array of demographic and economic information on 

gender, race, ethnicity, state of residence, age, education, household income, and family 

composition.  State of residence is used to merge in environmental variables such as the fraction 

of overweight and obese individuals in the state (National Center for Chronic Disease Prevention 

& Health Promotion, 2008) and the number of limited service restaurants per thousand residents 

(U.S. Census Bureau, 2002).  Both the ATUS and the EH module provide the behavioral data for 

our analysis.  While the ATUS provides information on activities listed as primary activities in 

the time-diary, individuals sometimes multitask and this information is not recorded by the 

ATUS.  In particular, for our purposes, individuals often eat while doing something else.  The 

EH Module was designed to collect this information.  Respondents to this special module are 

asked to provide information on all eating and drinking (excluding water) occurring outside of 

primary eating time.  It is also through this module that the weight and height information 

necessary to calculate each respondent’s BMI is collected.   

Our final sample consists of 9,722 respondents: 4,273 men and 5,449 women.  The 

ATUS survey covers 12,943 respondents but only 11,888 complete the EH Module, providing 

information on height, weight, and secondary eating and drinking activities.  We further restrict 

the sample to those aged 20 and over as children’s weight status is measured on a different scale.  

This reduces the sample size to 10,346.  The final sample is obtained by requiring that 

respondents complete at least 23 hours of the time diary so that missing information is not a 

serious problem.   

These data have several shortcomings.  First, BMI is constructed from self-reported 
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measures of height and weight.  It is well known that individuals tend to exaggerate their height 

and understate their weight.  Thus, self-reports tend to yield lowball estimates of BMI.  One 

approach sometimes used to address this concern is to employ data from the National Health and 

Nutrition Examination Survey, which contains both clinical and self-reported measures of height 

and weight, to model the relation between clinical and self-reported values.  This model is then 

used to predict measured values in the research sample and these predicted values are employed 

in lieu of the reported values to generate a ‘corrected’ measure of BMI (Pinkston and Stewart, 

2008).  Baum and Ruhm (2007), however, report no significant difference in estimates obtained 

using these ‘corrected’ measures versus the reported measures so we follow them in using the 

reported measures.   

Second, we have time use data for only one 24-hour period.  This single day may not be 

representative of an individual’s time use.  To partially address this concern, we include controls 

for type of day (weekend, holiday) and for season.  We also include a dummy variable (Sick) to 

identify individuals who spent four or more hours on health-related activities or over twenty 

hours of health-related or sleep activities during the 24-hour period.1   

Finally, we acknowledge that current BMI is more a function of past than current 

behavior.  However as present and past behavior are likely to be highly correlated, and because 

of the nature of the data available to us, we utilize current behavior to “explain” current BMI.   

Our primary contribution to the literature on BMI is our use of observed behavioral 

measures that are newly available with the release of the EH Module to the ATUS or are more 

accurate than existing measures due to their collection via a time diary.  We include behaviors 

from two different categories of time use: eating and physical activity.   

                                                 
1 Because such activity could be the result of weight issues, we chose not to exclude such 
persons from the sample.   
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We use several variables to capture eating behaviors.  First, we include measures of total 

time spent eating and drinking when eating and drinking is reported as a primary activity, total 

time spent eating when eating is reported as a secondary activity, and the number of episodes 

during which the respondent reported eating.  It is not entirely clear what impact to expect from 

these measures.  More time spent eating may mean more calories consumed, which would lead 

to a higher BMI, all else equal.  More time spent eating, however, may mean eating at a slower 

pace, which would lead to a lower BMI (Sasaki et al., 2003).  Holding constant time spent eating 

while increasing the number of times the respondent reports eating may be indicative of grazing 

which some diet plans suggest increases metabolism and is thus better for weight loss 

(http://yourtotalhealth.ivillage.com/diet-fitness/grazing-weight-loss.html).  Hamermesh (2008) 

finds that BMI is negatively associated with the number of primary meals but not significantly 

associated with the time spent eating, further suggesting that that controlling for time and meals 

separately is reasonable.  Second, we include a measure of the time spent eating while watching 

television and time spent sleeping, as well as an indicator variable for those with nonstandard 

work hours2.  There is some evidence that people consume more calories while watching TV 

than they would in a different environment (Gomez et al, 2007).  There is other evidence that 

those who get less sleep may be more prone to obesity (Schoenborn and Adams, 2008) and 

nonstandard work schedules may also contribute to unusual eating patterns (Polivka, 2008).  

Third, we include dummy variables to identify respondents who eat breakfast and those who eat 

a meal shortly before bed.  The breakfast variable takes a value of one for those who report 

eating or drinking something other than water within two hours of waking up.  The variable 

identifying late-night eaters takes a value of one for those who report eating as a primary activity 

                                                 
2  This variable takes a value of one if the respondent reports working between 9 PM and 4 AM 
and zero otherwise.   
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within two hours of going to bed.3  Schlundt et al (1992) and Timlin et al (2008) reported 

evidence that skipping breakfast may cause individuals to overeat later in the day and so may be 

associated with overweight.  Eating before bed may reflect eating more calories than are needed 

in the course of a day, although evidence found for rhesus monkeys suggests that the time of day 

one eats does not affect weight status (Oregon Health and Science University, 2006).  Fourth, we 

include dummy variables to identify respondents who eat at a restaurant and elsewhere away 

from home or work during the diary day and a measure of the number of meals the respondent 

eats alone.  Large restaurant portions are often identified as a problem related to obesity (CDC, 

2006).  WebMD (2009) suggests that one of the ways to lose weight and maintain a healthy 

weight is through portion control.  Having substantial social engagements may have a positive 

effect on weight if they require much exposure to food.  On the other hand, Costa-Font and Gil 

(2004) find evidence that social interactions might encourage behaviors that mitigate the 

likelihood of overweight and obesity.    

We also include several variables to capture physical activity.  First, we include a 

measure of time spent in physical activities – measured as time spent in self-reported sports, 

exercise, or recreation. Second, we recognize that calories are expended during all sorts of 

activities, not just in explicit physical exercise.  Thus, time spent gardening or vacuuming may 

burn as many calories as time spent doing some exercises at the gym.  In order to construct a 

more time inclusive measure of caloric expenditure, we link metabolic equivalents or MET codes 

to each time use activity according to the method suggested by Tudor-Locke et al (2008).  

                                                 
3  While we give precedence to overnight sleep spells in determining the time each respondent 
“wakes up” and the time each respondent “goes to bed”, we also try to recognize the longest 
spell of sleep activity (discounting as much as possible brief interruptions such as those to visit 
the bathroom, to see to a child, or to answer a phone).  However there are some respondents for 
whom it is not possible to identify a waking or sleeping time and these respondents are identified 
with separate dummy variables.   
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According to this method, energy expenditure for time spent at work is based on reported 

occupation.  Time spent traveling is coded based on the ‘where’ codes to distinguish between 

walking and driving.  Remaining activity codes are linked with a specific MET code.  This 

coding is far from perfect and Tudor-Locke et al (2008) provide an excellent critique, but it is 

currently the best measure available for linking caloric expenditure and time diary data.  

Furthermore, we follow their suggestion and rather than constructing a continuous measure of 

average daily MET, we identify the number of minutes spent in sedentary or light activity (MET 

codes 1-2.9), the number of minutes spent in moderate activity (MET codes 3-6), and the number 

of minutes spent in high energy activity (MET codes above 6).4  This rougher breakdown should 

make an allowance for substantial reporting and linking errors.   

Sample statistics for the weight variables and the behavioral variables are reported 

separately by gender and weight status in Table 1.  Sample statistics for the demographic, 

familial, and environmental variables are reported in Table 2.  In each case these figures are 

weighted to more accurately reflect population averages.   

Overall, as reported in other national statistics, a substantial fraction of the population is 

overweight or obese.  Fifty-five percent of women and 73% of men have a BMI of 25 or above.  

Within these samples, 45% of women and 40% of men are obese (have a BMI of at least 30).  

The total sample weighted average BMI is 27.4.   

The behavioral measures indicate some significant differences by weight, but also by 

gender.  Thus, those with lower BMI spend more time eating as a primary activity and eat more 

meals than those who are overweight, but this differential is only significant for women.  Men 

with lower BMI sleep significantly more, while women with lower BMI sleep less but not 
                                                 
4  As some activities were not identified and a few have no MET code, these values will not sum 
to 1440 minutes and a measure of minutes missing MET codes is included in the empirical 
analysis.   
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significantly so.  Women with lower BMI are significantly more likely to work nonstandard 

hours, more likely to eat breakfast, and more likely to eat shortly before going to bed.  Men with 

higher BMI are significantly more likely to have eaten in a restaurant, while women with higher 

BMI are significantly less likely to have eaten elsewhere.  Men with lower BMI eat significantly 

more meals alone.  Women with low BMI spend more time in physical activity and less time in 

low MET activities.  Both men and women with lower BMI scores spend more time in activities 

with relatively high MET values.   

The other explanatory variables also exhibit differences.  All respondents of Asian 

descent are significantly less likely to be overweight, and BMI appears to increase with age and 

be negatively related to education for everyone.  However, women of Hispanic and African 

American descent are more likely to be overweight than other women and household income and 

children have effects that differ by gender.  Married and cohabiting men tend to be less 

overweight, but there is no such difference for women.  Interestingly, residence in a city is 

associated with decreased BMI for both men and women, while region of residence has no 

consistent pattern by gender.  More limited service restaurants per capita is actually associated 

with lower BMI, though living in a state with a heavier population is associated with a higher 

BMI.  The advantage of multivariate analysis is that all these factors can be accounted for 

simultaneously.   

 

Research Methodology 

Our goal is to determine the degree to which controlling for behaviors contributes to our 

understanding of weight.  Clearly, current weight is in part a function of the genetics that 

underlie each individual’s metabolic rate as well as the lifetime accumulation of caloric intake, 
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behavior, and physical activity.  Caloric intake, behavior, and physical activity are influenced by 

cultural, socioeconomic, and environmental factors.  While we do not have information here on 

caloric intake, we do have information on current behaviors and physical activity, and we use 

this information to proxy for past behavior and physical activity.  These measures will be 

imperfect even as measures of current actions because our observation period is limited to a 

single 24-hour period, so we expect demographic, familial, economic, and environmental factors 

will still be significant.  However, it is of some interest to see how valuable is information on 

current behavior in predicting weight outcomes and what behaviors have the greatest 

associations.  Such an analysis can help further educate the public regarding weight control.    

Estimation proceeds in two stages.  First, we model weight (Y) as depending upon 

demographic, familial, economic, and environmental factors (X): 

(1) Y = α1 + β1X + μ1 

where the subscript refers to the equation.  Next we add controls for various eating behaviors (E) 

and other uses of time (B): 

(2) Y = α2 + β2 X + γ2 E + δ2B + μ2. 

These models are estimated separately by gender in recognition of the fact that other researchers 

have found significant differences by gender.   

We experiment with several alternative measures of weight (Y) in our analysis and adjust 

the specification used accordingly.  First, we measure weight status using BMI itself.  As BMI is 

a continuous measure, we use Ordinary Least Squares (OLS) for this analysis.  Next, as we are 

particularly concerned with individuals’ overweight and obesity status, we construct an indicator 

variable for whether an individual is overweight or obese and use a logit specification to estimate 

the resulting binary choice model.  Finally, we measure weight status as a categorical outcome 
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variable distinguishing between normal weight and below, overweight, and obese outcomes.  

Both an ordered logit and a multinomial logit specification are estimated and the results 

compared.   

 

Results 

 Coefficient estimates from the demographic, familial, economic, and environmental 

factors (X) for both specifications (1) and (2) are reported in Tables 3 and 4 for men and women 

respectively for each of the four models or functional forms discussed above.  In general, there 

appears to be little substantive difference between the coefficient estimates from specifications 

(1) and (2).  Controlling for behaviors does not appear to substantially alter the association 

between demographic, familial, economic, and environmental factors and weight.   

 Cross-model comparisons indicate these associations are quite robust to alternative 

specifications of the dependent variable.  Factors that are significant at the 5 or 1% level in one 

specification are typically significant in most specifications.  Thus, Asian men are less likely and 

Hispanic and African American women are more likely to be overweight (ceteris paribus) than 

white, non-Hispanics no matter how weight is measured.  Weight increases at a decreasing rate 

with age for both men and women and is generally lower for those with a college degree or 

more.  Higher income (>$75K) is associated with lower weight status for women, while income 

ranging from $40K to $150K is associated with higher weight status for men.  The presence of 

children age 0-1 is associated with higher weight status for women, likely because of the 

influence of pregnancy, else children of any age have little association with weight status.  

Holidays appear to be marginally significantly associated with higher weight status for all 

respondents, and regional differences are pronounced for women.   
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Cases in which the association between a factor and weight status appears to be modestly 

different across specifications are limited and primarily highlight differences between 

overweight and obese status.  Such nonlinear effects are revealed primarily by examining the 

coefficient estimates from the multinomial logit specification in which the factors distinguishing 

between overweight and normal weight status (identified in the fourth set of estimates) are 

allowed to differ from those distinguishing between obese and normal weight status (identified in 

the fifth and final set of estimates).  The OLS specification treats BMI as a linear variable, the 

simple logit distinguishes only between normal and higher than normal weight status (treating 

overweight and obese respondents identically), and the ordered logit treats obesity as an extreme 

version of overweight.  Only the multinomial logit allows the factors associated with obesity to 

differ from the factors associated with overweight status.  A joint test of the significance of the 

demographic, familial, economic, and environmental factors in distinguishing between 

overweight and obese status indicates that there are significant differences at the 1% level for all 

respondents in both specification (1) and specification (2).   

Focusing on these multinomial logit results, there are some differences in the factors 

influencing overweight versus obese status.  Being of Hispanic ethnicity or African American 

race is for men significantly positively associated with BMI, but is more highly associated with 

obese status than with overweight status.  Men who have completed some college conversely are 

less likely to be overweight than high school dropouts, but not less likely to be obese than to be 

overweight.  Men in very high income (> $150K) households have an even more disparate 

outcome.  They are significantly more likely to be overweight than to be normal weight, but are 

not significantly more likely to be obese as compared to normal weight.  Similarly the 

association between overweight peers and a respondent’s weight is significant only for 
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overweight status not for obese status for men.  For women there are still more differences by 

weight status.  Asian women have lower BMI values, primarily because they are less likely to be 

obese, not because they are less likely to be overweight.  There are similar differences for 

women with a post graduate degree and for women in high income (> $75K) households.  

Conversely, women of other races and women with infants are more likely to be obese but not 

more likely to be overweight. The fraction of obese persons in the state also appears to have a 

greater influence on obese rather than overweight outcomes for women and region is a more 

significant variable for obesity than it is for overweight status.  In general, these nonlinear 

findings by weight status suggest that a multinomial logit specification may be a better fit than an 

ordered logit when using limited dependent variable models with more than two outcomes, but 

further analysis is warranted.   

 Gender differences in the demographic, familial, economic, and environmental factors 

associated with weight are substantial.  Children have little association with men’s weight, but 

infants matter substantially for women.  Region of residence plays a greater role for women than 

for men and, while women in the West have higher BMI than women elsewhere, men in the 

West have lower BMI than elsewhere.  Education has a similar effect by gender, but household 

income does not.  Holding education constant, women living in higher income households have 

fewer weight problems while men living in higher income households have greater weight 

problems.  Also of note is the fact that goodness-of-fit measures indicate that substantially more 

of the variation in weight status is explained for women than is explained for men.   

 The final row of Tables 3 and 4 provides information on the value added by the 

behavioral variables included in specification (2).  In all but one case, these variables (E and B) 

are found to be jointly significant at the 1% level.  Only in the case of the simple logit 
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specification for men is the p-value above 1%, and then it is still significant at the 10% level.  

While adding the behavioral variables does not substantially diminish the role of demographic, 

familial, economic, or environmental variables in the analysis, it does significantly improve the 

fit of the model.   

 Tables 5 and 6 present the coefficient estimates for the behavioral variables for each of 

the four functional forms of these weight models for men and women respectively.  As before 

the results are quite similar across all functional forms but differ substantially by gender.  

Secondary eating time is significantly negatively associated with weight status for men, meaning 

that men who spend more time eating as a secondary activity tend to weigh less – unless they 

report watching TV as their primary activity in which case there is a generally positive 

association with weight status.  There is no such significant association between secondary 

eating time and weight status for women, and for neither men nor women is time spent eating as 

a primary activity significantly associated with weight status.  The number of meals eaten during 

the day has a weak negative association with weight status for men and a weak positive 

association with weight status for women, but these associations are not generally statistically 

significant.  Men who report more time sleeping, all else equal, report having a lower body 

weight as has been suggested in the literature, but for women the association is reversed.  

Women who report more time sleeping, all else equal, have higher body weight.  Having a 

nonstandard work schedule does not appear to be associated with weight status and eating 

breakfast is weakly associated with lower weight status only for women.  Eating within two 

hours of going to bed is associated with lower weight status for women, but not men.  Eating in a 

restaurant or elsewhere is associated with higher weight status, significantly so for men.  Eating 

more meals alone tends to be associated with lower weight status, particularly for women.   
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The non-eating activity measures incorporated here are highly correlated with weight 

status, especially for women.  More time spent in sedentary activities, controlling for time spent 

in sleep, significantly increases weight status for both men and women.  Time spent in sleep, 

controlling for total time spent in sedentary activities, is positively associated with weight for 

women but negatively associated with weight for men.  Time spent in high energy activities, as 

measured by a high MET value or by time spent in physical exercise, has no significant 

association with men’s weight status, but is significantly negatively associated with women’s 

weight status.  Interestingly, variables intended to control for energy expenditure on the job using 

MET values specific to the respondent’s occupation and time spent working in a usual week 

were insignificant for all respondents (results not shown).  Overall, the measures capturing 

activity level and, for men, eating out in a restaurant are the behaviors most statistically 

significantly associated with weight status.    

 

Conclusion 

 The goal of this paper was to examine the extent to which demographic controls in a 

weight production function actually proxy for eating and other behaviors.  Our hope was that 

including behavioral factors in addition to the usual demographic controls in such a production 

function would act to reduce the contribution of these demographic, familial, economic, and 

environmental factors in explaining individuals’ weight.  Our results, however, indicate that 

including measures of behavioral factors does little to alter the estimated impact of the 

demographic factors.  Even so, we find that individuals’ behaviors are significantly associated 

with weight status.  This finding adds to our knowledge of the determinants of weight status and 

provides support for certain policy interventions designed to adjust these behaviors. 
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Not surprisingly, physical activity is found to be an important determinant of weight 

status.  Increased time spent in sedentary activities is associated with significantly increased 

BMI for all persons and increased time spent doing high energy activities is associated with 

decreased BMI for women.  Evaluated at the sample mean values for continuous variables and 

zero values for the dummy variables, we find that these significant associations are also 

substantial ones.  An additional hour spent in non-sleep sedentary activities (less than one-third 

of a standard deviation for men, less than one-half of a standard deviation for women) increases 

predicted BMI for men (women) by 0.14 (0.12), increases the probability of being overweight or 

obese by 0.5% (1.1%) (logit results), and increases the probability of being obese by 0.9% 

(0.9%) (multinomial logit results).  An additional 14 minutes of high energy activities that are 

not classified as physical exercise (one standard deviation of time spent in high MET activities) 

reduces predicted BMI for women by 0.2, reduces the probability of being overweight or obese 

by 2.2% (logit results), and reduces the probability of being obese by 1.2% (multinomial logit 

results).  If these 14 minutes also constitute physical exercise (less than one-half a standard 

deviation), predicted BMI for women would fall by 0.3, the probability of being overweight or 

obese would fall by 3.1%, and the probability of being obese would fall by almost 3%.  These 

are substantial differences associated with small changes in behavior and suggest that continued 

efforts to encourage more physical exercise would help curb the obesity epidemic.   

For men, the association between overweight and restaurant meals is also highly 

significant and substantial.  Eating out at a restaurant is associated with a 0.6 higher BMI, a 7.2% 

higher probability of being overweight or obese (logit), and a 1.5% higher probability of being 

overweight and a 6.0% higher probability of being obese (multinomial logit).  As twenty-three 

percent of men reported eating at a restaurant during the diary day, such behavior is not unusual.  
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By contrast, the environmental variable included to capture fast food restaurant density 

(specifically the number of limited service restaurants per capita in the state) was found to be 

significantly associated with BMI only in OLS models and then only at the 10% level.  While 

other research has observed a positive association between obesity and fast food restaurant sales 

or density, these results provide more direct evidence that it is the act of going out to eat not 

simply the availability of the restaurants that drives weight gain.  Policy directives in the form of 

tax incentives and/or educational campaigns might be designed to influence this behavior.   

Overall, we have documented that eating behaviors and other uses of time, even those 

observed within a short twenty-four hour time window, are significantly associated with obesity 

and hence potentially with a wide range of health problems.  As these ‘risky’ behaviors may 

reflect habitual patterns, they may have a cumulative effect on weight and health over a lifetime.  

Further analysis of this possibility may help explain the strong association between age and 

weight status.  It may be that the best way to address the obesity epidemic in the long run is to 

increase education and establish healthy habits among the young.    



Variable Mean Mean Mean Mean
BMI 22.60 29.83 22.03 30.84
% Overweight 0.00 1.00 0.00 1.00
% Obese    0.00 0.40 0.00 0.45

Primary Eating Time 70.06 69.70  68.45 66.08 *
Secondary Eating Time 17.70 16.24  16.47 15.41  
Number of Meals 2.80 2.75  2.91 2.80 ***
Time Eating while Watching TV 4.73 4.31  3.29 3.44  
Time Sleeping 512.82 501.66 ** 513.77 519.54  
Odd Work Schedule 0.12 0.11  0.07 0.05 ***
Ate Breakfast 0.57 0.57  0.60 0.56 ***
Ate Late Meal 0.20 0.19  0.18 0.15 ***
Ate in Restaurant 0.19 0.24 *** 0.20 0.19  
Ate Elsewhere 0.21 0.23  0.28 0.24 ***
Number of Meals eaten Alone 1.02 0.91 *** 0.95 0.92  
Time spent in Physical Activity 20.86 19.04  14.59 7.82 ***
Time Low MET 1310.40 1314.98  1347.55 1360.88 ***
Time High MET 5.51 3.55 ** 3.48 1.21 ***

All time is reported in minutes.
Asterisks indicate significant differences between normal and overweight populations at the 1% (***), 5% 
(**), and 10% (*) level.

Table 1
Sample Statistics for Weight and Behavioral Variables

By Gender and Weight Status

Men Women
BMI < 25 BMI >= 25 BMI < 25 BMI >= 25



Variable Mean Mean Mean Mean
Hispanic 0.08 0.09  0.06 0.09 ***
African American 0.10 0.11  0.08 0.18 ***
Asian 0.06 0.02 *** 0.05 0.02 ***
Other Race 0.03 0.02  0.02 0.02  
Age 44.83 46.76 *** 45.39 50.12 ***
High School Degree 0.33 0.34  0.27 0.35 ***
Some College 0.18 0.17  0.18 0.19  
Associate Degree 0.06 0.10 *** 0.09 0.11 ***
Bachelor Degree 0.19 0.18  0.24 0.14 ***
Post Graduate Study 0.15 0.10 *** 0.12 0.08 ***
Missing HH Income 0.15 0.13 ** 0.16 0.14 *
Household Income $15-40K 0.26 0.23 ** 0.21 0.28 ***
Household Income $40-75K 0.21 0.28 *** 0.24 0.26  
Household Income $75-150K 0.20 0.24 *** 0.24 0.16 ***
Household Income >$150K 0.08 0.05 *** 0.07 0.03 ***
Married 0.56 0.65 *** 0.57 0.58  
Cohabiting 0.04 0.05 *** 0.03 0.02  
Lives Alone 0.17 0.14 ** 0.16 0.18 *
# of Children age 0-1 0.08 0.06  0.08 0.06 *
# of Children age 2-3 0.07 0.07  0.09 0.06 ***
# of Children age 4-6 0.09 0.10  0.12 0.10 ***
# of Children age 7-11 0.15 0.18  0.19 0.18  
# of Children age 12-17 0.16 0.22 *** 0.22 0.23  

Metro Residence 0.84 0.80 *** 0.82 0.79 ***
Northeast 0.22 0.20  0.19 0.16 ***
Midwest 0.21 0.26 *** 0.26 0.26  
South 0.34 0.36  0.35 0.39 ***
% overweight in State 36.44 36.52 ** 36.48 36.48  
% obese in State 26.23 26.51 *** 26.34 26.65 ***
# of Limited Service Restaurants 0.80 0.79 * 0.79 0.79 ***
      *1000 per Capita in State

Holiday 0.01 0.02 ** 0.02 0.02 **
Weekend 0.28 0.29  0.29 0.28  
Spring 0.28 0.25 * 0.26 0.25  
Summer 0.23 0.25  0.23 0.25  
Fall 0.25 0.25  0.24 0.26 **

Sample Size 1143 3130 2393 3056

BMI < 25 BMI >= 25 BMI < 25 BMI >= 25

Dummy variables identifying missing values for MET time, breakfast, late meals, and metropolitan residence as 
well as sick respondents are also included in the multivariate analysis.  

Table 2
Sample Statistics for Demographic, Familial, and Environmental Variables

By Gender and Weight Status

Men Women
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