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My first essay examines the relationship between medical innovation and moral hazard. I 

examine the behavioral response to one recent medical innovation: the Human Papillomavirus 

(HPV) vaccine. I use both medical claims and survey data to observe a comprehensive set of 

variables indicating risky behavior. I use instrumental variables and regression discontinuity 

designs to account for selection into vaccination and to determine the causal effect of receiving 

the vaccine on behavior and I find evidence of heterogeneous treatment effects. Results indicate 

that receiving the vaccine leads to moral hazard in low income adolescents; however the vaccine 

leads to a reduction in risky behavior in the overall population. My second essay is joint work 

with John Cawley. We use the American Time Use Survey to examine socioeconomic 

differences in waiting times. Socioeconomic characteristics are correlated with waiting time for 

medical care. Low income and publicly insured individuals wait longer than higher income 

groups and those with private coverage. It could be that lower income respondents are getting 

care without an appointment or that they experience a lower opportunity cost of time than high 

income respondents and are therefore showing up earlier to appointments. My third essay is also 

joint work with John Cawley, we examine the relationship between macroeconomic conditions 

and health. The majority of previous work on the relationship between economic conditions and 

health focuses on three categories of outcomes: mortality, health and wellbeing measures and 

health behaviors. We contribute to the large body of empirical work on the relationship between 
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macroeconomic conditions and health by examining a range of behaviors via the American Time 

Use Survey that provide evidence about both the local labor market effect on the opportunity 

cost of time-intensive health investments. These health-related behaviors provide evidence about 

the mechanisms driving the relationship between the macroeconomy and health outcomes. We 

find that time spent in transit is reduced when the local unemployment rate increases and time 

spent sleeping increases. We also find mixed evidence on diet and exercise-related activities as 

well as risky behaviors. 
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CHAPTER 1 

 

 

 

Medical Innovation and Moral Hazard: The Effect of the HPV Vaccine on Risky Sexual 
Behavior 

 

 

 

 

 

Abstract: Medical innovation can result in moral hazard by reducing the cost of unhealthy 
behavior. Moral hazard is of particular concern in the context of public health initiatives aimed at 
reducing teen fertility. For example, programs providing sexual education and free contraceptives 
have been opposed on the grounds that these programs will increase sexual activity in teens. I 
examine the behavioral response to one recent medical innovation: the Human Papillomavirus 
(HPV) vaccine. HPV is the most common sexually transmitted infection (STI) in the United States, 
and causes 27,000 new cases of cancer in the U.S. each year. The vaccine protects against the four 
strains of HPV most associated with symptomatic genital warts and cancer. Vaccination rates 
remain low partly because of parental concerns about moral hazard. I use both medical claims and 
survey data to observe a comprehensive set of variables indicating risky behavior. I use 
instrumental variables and regression discontinuity designs to account for selection into 
vaccination and to determine the causal effect of receiving the vaccine on behavior. I find evidence 
of heterogeneous treatment effects. Results indicate that receiving the vaccine leads to a reduction 
in risky behavior in my main specifications; however there is some evidence that the vaccine may 
lead to moral hazard in low income teens. This difference may be due to differences in productive 
or allocative efficiency in health production. 
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1. Introduction:  

The presence of moral hazard can have a negative impact on improvements in health and 

longevity brought on by new medical treatments when individuals substitute medical 

interventions for healthy behavior. This paper studies one such medical innovation, the Human 

Papillomavirus (HPV) vaccine, which may affect risky sexual behavior by reducing the cost of 

unsafe sex. I examine the relationship between the HPV vaccine and risky sexual behaviors 

including condom use, promiscuity and HIV-related behavior.  

1.1. HPV 

In 2006, the Food and Drug Administration approved a vaccine against HPV for females aged 9-

26. HPV is the most common sexually transmitted infection (STI) in the United States. It is 

estimated that approximately thirty million Americans are currently infected, and there are 6 

million new cases every year (US DHHS: CDC, 2009). There are over eighty strains of the virus, 

and several lead to symptomatic disease in both males and females. HPV is a known cause of 

cancer, and strains 16 and 18 cause 76% of cervical cancers, 87% of anal cancers, 60% of 

oropharyngeal cancers and 35-55% of vaginal, vulvar and penile cancers nationally (Gillison, 

Chaturvedi, & Lowy, 2008). Five-year survival rates for HPV-attributable cancers range from 

44.7-61% (National Institues of Health, 2010). In the United States alone, there are 27,0001 new 

cases of cancer attributable to HPV annually, representing nearly 2% of all new cases. (US 

Centers for Disease Control and Prevention, 2012).  Kim and Goldie (2008) estimate that the 

total medical cost of each case of cervical cancer is between $26,540 and $45,540 (Kim & 

Goldie, 2008). Strains 6 and 11 cause symptomatic genital warts, for which there is no cure. The 

                                                            
1 Cervical cancer is the 13th most common cancer in females in the United States (Siegel, Naishadham, & Ahmedin, 
2013) 
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vaccine protects against the four strains most associated with symptomatic genital warts and 

cervical cancer with a high level of efficacy. The vaccine is over 98% effective when it is used 

on teen girls (Kjaer, et al., 2009) and over 90% effective in the adult population (Munoz, et al., 

2009). Lower efficacy in the adult group is likely to be caused by latent HPV infections present 

at the time of vaccination (i.e. it is given too late for some older recipients of the vaccine who 

already have an HPV infection). 

The HPV vaccine is delivered in three separate doses over six months. It is covered by most 

major health insurance companies and it falls into the category of vaccinations that are made 

available to low income children through Vaccines for Children (VFC)2 (The Centers for Disease 

Control, 2009). If a person had to pay out of pocket for the vaccine it would cost around $120 

per dose for a total of $360 for complete (3 dose) vaccination (New York State Department of 

Health, 2006).  

HPV vaccine coverage is low compared to other vaccines recommended for pre-teens (Hirth, 

Tan, Wilkinson, & Berenson, 2012). The introduction of legislation mandating the vaccine for 

pre-teens was met with controversy, in part due to concerns about both the long-term safety of 

the vaccine itself and the behavioral consequences of vaccinating against a sexually transmitted 

disease. Gollust, et al. (2010) determined that objections to HPV vaccine mandates closely 

mirror common objections to sexual education programs and condom availability in schools. 

Parents worry that teens will respond to vaccination by engaging in sex earlier and by engaging 

in increasingly risky sex as a result of implied permission and perceived protection from danger 

(Gollust et al., 2010). 

                                                            
2 VFC provides all vaccines recommended by the Advisory Committee on Immunization Practices for free to 
qualifying children. In most cases VFC-eligible children must be uninsured, underinsured or on Medicaid. 
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1.2. Background Literature 

Prior research on the behavioral effects of the HPV vaccine is retrospective and fails to adjust for 

selection into the vaccine. I use multiple identification strategies to estimate causal effects of the 

vaccine across several subpopulations. I am able to compare multiple local average treatment 

effects (LATEs) and assess the possibility of heterogeneous treatment effects. I find mixed 

evidence on the relationship between the HPV vaccine and moral hazard: estimates specific to 

low income teens indicate that the HPV vaccine leads to moral hazard; estimates specific to a 

population with a wide range of socioeconomic characteristics indicate that the HPV vaccine 

results in a reduction in risky behavior, suggesting that the vaccine and healthy behaviors are 

complements.  

A salient example of moral hazard is found in the relationship between vehicle safety regulations 

and road accident mortality. Peltzman (1975) determined that the introduction of regulations 

requiring safety equipment in automobiles resulted in an accompanying increase in driving 

intensity and risky driving behavior. By lowering the cost of risky driving, automobile design 

safety regulations do not result in a net change in vehicle accidents (Peltzman, 2011). 

Researchers and medical practitioners have long been concerned about moral hazard in response 

to medical innovations. Peltzman (2011) suggests that the sudden introduction of medical 

innovations can be accompanied by a reduction in healthy behavior. He cites an increase in non-

infection related mortality following the introduction of antibiotics as well as an increase in the 

incentives for obesity due to dramatic improvements in treatments for heart disease (Peltzman, 

2011). Low cost medical treatments for diabetes also lead to a behavioral response consistent 

with moral hazard. Diabetics residing in states that introduced mandatory Medicaid coverage of 

diabetes medications have higher BMIs than diabetics in states with less generous coverage 
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(Klick & Stratman, 2007). While statins dramatically reduce the risk of death by cardiovascular 

disease, their use also appears to be associated with an increase in both BMI and alcohol 

consumption (Kaestner, Darden, & Lakdawalla, 2014). 

A recent example of medical innovation resulting in moral hazard is the introduction of highly 

active antiretroviral therapy (HAART), a lifelong HIV treatment regimen that reduces viral load 

(the main marker of the presence of HIV and its severity) to near zero. Concern about the sexual 

behavior of these individuals has led to a number of epidemiological studies about the behavior, 

knowledge, and attitudes associated with HAART. A meta-analysis performed in 2004 found 

that the prevalence of unprotected sex in HIV-positive patients was not affected by HAART 

treatment (Crepaz, et al., 2004). Goldman et al. (2004) suggest that the group receiving HAART 

is sicker than the average population, and therefore less likely to engage in any kind of sexual 

behavior (risky or otherwise). In order to address the endogeneity of HAART treatment status, 

they instrument for the treatment using statewide availability of public insurance. Their IV 

estimates indicate that HAART leads to an increase in sexual activity, and they conclude that the 

new treatment is responsible for a large portion of the increase in HIV incidence in the years 

following the introduction of HAART (Goldman, Lakdawalla, & Sood, 2006).  

Vaccinated teens perceive a reduction in the risk of contracting all STIs and report that they 

believe that there is less need for safe sexual practices (Mullins, et al., 2012). A follow-up survey 

does not indicate that these perceptions are accompanied by an increase in self-reported sexual 

risk-taking (Mayhew, et al., 2014). A 2012 epidemiological study using longitudinal claims data 

from a managed care organization (MCO) also suggests that receiving the HPV vaccine is not 

associated with an increase in indicators of sexual activity or sexual risk-taking (Bednarczyk, 

Davis, Ault, Orenstein, & Omer, 2012). This study does not account for selection into 
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vaccination, and estimates the correlation between the HPV vaccine and risky behavior. It 

focuses on medical claims following vaccination including birth control counseling and 

treatment for STIs as proxies for risky behavior. It is also unable to fully capture medical 

treatment sought by teen girls at free clinics like Planned Parenthood. I address selection into 

vaccination with a variety of identification strategies and do not rely solely on medical claims to 

proxy risky behavior. 

Income may moderate the effect of medical treatments on risky behavior. The relationship 

between health and socioeconomic status (SES) is well established: individuals with higher 

incomes tend to be healthier (Grossman, 1972; Grossman, 1999; Cropper, 1977; Wagstaff, 

1986). Higher SES children are healthier as adults than children from low SES families (Currie, 

Healthy, Wealthy and Wise: Socioeconomic Status, Poor Health in Childhood and Human 

Capital Development, 2008). A variety of mechanisms has been suggested to explain the income 

gradient in health. One explanation combines psychological and behavioral economic theory by 

suggesting that poverty has a direct effect on cognition. Low income individuals tend to be less 

forward-looking and more impulsive than those who do not live in poverty (Spears, 2011). If 

attention can be considered a scarce resource, poor individuals may be so occupied by their 

financial circumstances that they have very little attention left to direct toward decisions that are 

not directly related to money. The risks of engaging in unprotected sex may be of a lower order 

of importance to poor individuals than the wealthy simply because they have less attention to 

devote to self-control (Mullainathan & Shafir, 2010).  

Allocative efficiency is also likely to be greater for high SES families. Wealthier parents may be 

able to afford better health inputs and therefore produce better health for their children. In the 

context of the HPV vaccine and the results of this paper, these better inputs include higher 
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quality health insurance and medical providers. A 1999 study using the National Ambulatory 

Medical Care Survey finds that Medicaid and HMO patients had shorter provider visit durations 

than patients with other, more generous sources of insurance (Blumenthal, et al., 1999). Low 

SES children are likely to have less generous insurance and may receive the vaccine for free 

from providers who are unable or unwilling to spend time providing counseling, and may not 

receive enough information about risky sex to lead to a change in beliefs about the risks and 

consequences of unsafe sexual behavior. Parents of low SES children may also be less likely to 

ask questions and facilitate an information transfer at the visit with the provider.  

High SES parents and children are likely to display more productive efficiency given the same 

inputs. In the case of the HPV vaccine, differences in education across the SES gradient may 

explain why the information transfer to middle and high income children results in healthier 

behavior than it does for low SES children. Currie (2008) refers to parental education as a 

productivity shifter, allowing parents with higher education to produce more health capital with 

the same inputs. 

2. Model 

2.1. Two-period behavioral model 

The following model describes an individual’s choice to engage in risky sexual behavior in time 

period t1, while maximizing intertemporal utility over both time periods t1 and t2. I do not model 

the decision to receive the HPV vaccine in this study. Risky behaviors include engaging in 

unprotected sex and sex with many partners. 

An individual’s period 1 utility  is a function of risky behavior in period one 	and utility 

in period 2 is lower in the sick state than in the healthy state.  
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Let 
1	 	 	 	 	 	 	
0	 																																																																		

. 

Let total expected utility equal: 

	 	 ∙ 	 1 ∙  

, , ,  is the probability of experiencing adverse consequences in period 2. 

These consequences include HPV, non-HPV STIs and unwanted pregnancy. The probability of 

realizing this state is an increasing function of risky behavior in period 1 ( ) and a decreasing 

function of the HPV vaccine, the prevalence of HPV in the sexually active population ( ) and 

the prevalence of all other STDs ( ).  <1 is a discount factor reflecting the individual’s 

preference for immediate gratification. Risky behavior increases current period utility 

0	 

Suppose  is a concave function of  such as ln( ) and the probability of adverse 

consequences increases linearly with risky behavior. An individual maximizes total utility with 

respect to without constraints such that the optimal level of risky behavior ( ∗) is found when 

the marginal benefit of risky behavior equals the marginal cost of that behavior 

 

	 ∆  

The optimal amount of risky behavior to engage in in period 1 is decreasing in  and ∆ . If we 

assume that HPV vaccination status is randomly assigned, the HPV vaccine lowers the 

probability of contracting the disease ( ), and in the long run.  

Even a small decrease in the probability of getting sick may result in an observable increase in 

risky behavior, which will increase until marginal benefits again equal marginal costs. However, 
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a vaccinated person would experience a zero probability of contracting HPV, but no change in 

the probability of other adverse consequences of risky sexual behavior. Empirical evidence 

suggests that individuals often possess incorrect beliefs about the probability of an adverse event 

as a result of one instance of risky behavior (e.g. one instance of unprotected intercourse) or 

about the shape of the risk function, , , , 	(O'Donoghue & Rabin, 2001). A 

2011 survey of male college students found that while 80% of survey respondents reported being 

sexually active, only 12% believed themselves to be at risk of contracting HPV (Katz, Krieger, & 

Roberto, 2011). The HPV vaccine may increase the salience of the risks of unprotected sex, and 

therefore lead to updating of individuals’ personal estimates of .  

The vaccine itself may do little to affect the probability of getting sick from risky sexual 

behavior as there are many other STIs with high prevalence in the population. While cervical 

cancer is one of the most severe consequences of risky sexual activity along with HIV, it can 

take years to develop. Because this behavioral model does not produce a unique hypothesis of 

the effect of the HPV vaccine on risky sexual behavior, it is ultimately an empirical question 

with a variety of plausible results.  

2.2. A Behavioral Economics Perspective 

In the following section I will discuss the potential for departures from the model above using 

theory from both behavioral economics and cognitive development. Decision-making may not 

follow an intertemporal utility-maximizing framework. It can also be considered learned 

behavior. As decision-makers become more sophisticated, they engage in gist based reasoning 

(Reyna, et al., 2011). Gist-based decision-making relies on the basic meaning of the situation. An 

experienced decision-maker might view the choice to engage in risky sex in terms of its general 
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category as opposed to delineating specific risks and benefits of a given situation. Adolescents 

rely more on quantitative or verbatim reasoning, which enumerates risks and rewards and draws 

on precise memories of prior experiences. When the benefits of a risky choice are immediate and 

the consequences of that choice occur in the future, like it may be for risky sexual behaviors, 

teens are likely to make a risky choice based on their personal calculations of risk (Reyna, et al., 

2011). In this case, The HPV vaccine might plausibly increase risk-taking in adolescents but not 

older, more experienced decision-makers because it eliminates one adverse outcome of risky sex: 

HPV. 

The vaccine could also have no effect on behavior because its introduction has done nothing to 

affect the probability of contracting other STIs or pregnancy. It may also be that HPV is not a 

salient risk of sexual behavior, and that other consequences are more likely to play a role in 

decision-making. Individuals who fear HPV more than other consequences of risky sexual 

behavior may increase risky behavior while those who do not may not change behavior at all. 

Rational choice models may not apply to adolescents in particular because the decision-making 

apparatus is not fully developed until adulthood. Adolescents may possess rational preferences, 

but their brains may be unable to perform “top down” control (Steinberg, 2007). In the adult 

brain, decision-making is directed by the neocortex, which exerts control over the subcortical 

regions that process reward and emotions. The teen’s neocortex is still developing and unable to 

exert control over the highly active reward and emotion processing regions (Casey, Jones, & 

Hare, 2008). In the heat of the moment, the HPV vaccine may not play a role in the decision to 

have safe sex for adolescents.  

2.3. Challenges to Identification 
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The model above assumes that the decision to vaccinate is exogenous to the decision to engage 

in risky behavior. In reality, this is a strong assumption. The decision to vaccinate against HPV is 

likely to be correlated with risky behaviors. The relationship between choosing the vaccine and 

behavior can be illustrated using the implications of the first order condition above. Vaccinated 

individuals may be more forward looking than unvaccinated individuals, therefore  will be 

larger for the vaccinated population. If this is the case, vaccinated individuals would engage in 

less risky behavior in the present than unvaccinated individuals. An OLS regression would 

understate the effect of the vaccine on risky sexual behavior in this case. The decision to 

vaccinate is also likely to be related to an individual’s preference for risky behavior. It could also 

be that individuals who want to engage in riskier behavior are more likely to receive the vaccine 

based on knowledge about their own preferences. In this case, an OLS estimate of the effect of 

the vaccine on risky behavior might overstate the relationship. For this reason, I use a variety of 

identification strategies to estimate the causal effect of the HPV vaccine on risky sexual 

behavior. 

3. Data 

An ideal secondary data set would contain vaccination status, vaccination timing, and a full set 

of behavioral outcomes including age at first sex, number of sexual partners, and contraceptive 

practices. These data would also contain a rich set of covariates and sufficient sample size to 

precisely estimate potentially small effects of the vaccine on behavior. No single secondary data 

set provides all of the components necessary to definitively estimate the causal effect of the HPV 

vaccine on risky sexual behavior. I make use of multiple data sets, each of which contain a 

subset of the ideal components listed above and compare results from these data sets. In this 

section, I will discuss the data available in medical claims databases and nationally 
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representative health behavior surveys as well as how these data proxy for the behavioral 

outcomes that I would like to measure. 

3.1 Claims Data 

I examine both medical claims data and survey data. Claims data come from the Medical 

Expenditure Panel Survey (MEPS) and the MarketScan®3 database. The MarketScan® Research 

Databases from Thompson Reuters contain individual-level healthcare claims information from 

employers, health plans, hospitals, Medicare, and Medicaid programs. It is a large sample of over 

one million privately insured individuals on employer sponsored health plans as well as their 

dependents. The 2007 Commercial Claims and Encounters database includes nearly 8 million 

females aged 9-26 covered by employer-sponsored health insurance.  Data from individual 

patients are integrated from all providers of care, maintaining all healthcare utilization and cost 

record connections at the patient level. With these data, it is possible to determine the effect of 

the HPV vaccine on risky sexual behavior in the same manner as Bednarczyk, et al. (2012) by 

following enrollees for 2 to 3 years after vaccination. Insurance claims indicating risky sexual 

behavior include: STI testing, birth control counseling, pregnancy testing, emergency 

contraception and induced abortion. The MarketScan® data allow for a direct comparison with 

results reported in Bednarczyk, et al (2012) as well as sufficient statistical power to detect small 

effects of the HPV vaccine on behavior. However, medical claims are imperfect proxies of risky 

behavior. I am interested in how the HPV vaccine affects specific sexual practices including 

initiation of sexual activity, number of partners and the frequency of condom use. Medical 

claims measure medical consequences of these sexual practices. The data do not capture 

instances of risky behavior that do not result in a trip to a medical provider, and therefore do not 

                                                            
3 MarketScan® is a registered trademark of Thompson Reuters (Healthcare) Inc. 
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allow me to measure the true behavioral impact of the vaccine. They also do not capture the risky 

behavior of young respondents who sought testing and treatment outside of the private insurance 

network. They contain few socioeconomic and demographic indicators, aside from information 

about the employment status and employment class of the insurance policyholder. I conduct my 

analysis on the full sample of HPV vaccine eligible females aged 9-26 (N=4,507,131) who had 

an encounter with a health care professional in a primary care setting in 2007.  I restrict my state-

based analysis to females aged 11 and 12 (N=472,958). This age group is policy-relevant given 

the ACIP guidelines instructing physicians to administer the vaccine to children this age as a part 

of the routine vaccination schedule. 11 and 12 year olds are more likely to receive the vaccine 

than other age groups and they are more likely to receive it for free. 

The MEPS collects data on medical expenditure and utilization in the United States. It is a 

nationally representative sample drawn from National Health Interview Survey (NHIS) 

respondents and data is collected for 2.5 years at 5 rounds of interviews. It is an overlapping 

panel with new samples drawn annually. Of the 21,672 respondents in the NHIS whose HPV 

vaccination status was determined, 2,016 are in the MEPS sample. I use the medical conditions 

files from 2008-2010, which link expenditures to specific medical conditions and allow me to 

observe treatment for several proxies of risky sexual behavior: Treatment for STI, Pregnancy or 

Contraceptive counseling.  See Tables 3-5 for summary statistics. 

3.2. Survey data 

Survey data with self-reporting of risky behavior can provide more detailed outcome information 

and a richer set of individual characteristics than insurance claims databases and analyses using 

survey data are a complement to those done using the claims data. I use it to collect suggestive 

evidence of the effect of the HPV vaccine on specific behaviors. Nationally representative health 
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behavior surveys, such as the Behavioral Risk Factor Surveillance System (BRFSS) lack the 

statistical power required to detect small effects of the vaccine on risky behavior. This is mainly 

due to the low frequency of self-reported risky behavior in these data. Measurement error in 

risky sexual behavior in these surveys may be the result of recall problems as well as systematic 

under-reporting due to social desirability bias (Brener, Billy, & Grady, 2003). BRFSS and NHIS 

data include vaccination status as well as a set of covariates related to the probability of engaging 

in risky behaviors (age, marital status, race, ethnicity, educational attainment and family 

income). Outcomes of interest in the BRFSS include current condom use and current birth 

control use.4 While survey data do allow me to observe self-reported behaviors, they do not 

cover the full range of outcomes that I would ideally want to observe. I am unable to determine 

what accounts for differences in birth control use, and even whether reporting no birth control is 

a good proxy for risky behavior. Monogamous couples may choose not to use birth control, and 

while I drop married women from the sample, it is not possible to be sure that lower rates of birth 

control and condom use among vaccinated women can be attributed to moral hazard. The 

BRFSS does track other kinds of risky behavior, including behaviors that put respondents at a 

high risk of contracting HIV. In this variable, risky sex is bundled with other high risk behaviors 

like needle sharing and prostitution5. I do not utilize this variable due to this bundling with non-

                                                            
4 In the BRFSS Preconception Health/Family Planning Module, female respondents under age 45 are asked: 1. “Did 
you or your husband/partner do anything the last time you had sex to keep you from getting pregnant?” 2. “What did 
you or your husband/partner do the last time you had sex to keep you from getting pregnant?” The condom use 
outcome variable I use equals 1 if the respondent lists male or female condoms. 
5 Full text of this question is as follows: “I am going to read you a list. When I am done, please tell me if any of the 
situations apply to you. You do not need to tell me which one. You have used intravenous drugs in the past year. 
You have been treated for a sexually transmitted or venereal disease in the past year. You have given or received 
money or drugs in exchange for sex in the past year. You had anal sex without a condom in the past year. Do any of 
these situations apply to you?” 
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sex related behaviors and the low frequency of self-reported high HIV risk behavior in the 

sample. 

The National Health Interview Survey (NHIS) collects data on a variety of health indicators 

including health conditions, health behaviors and utilization of medical care. It is a nationally 

representative survey administered by the Census Bureau. I use data from 2008-2011 that 

includes 50,921 female respondents between age 8 and 64 who were asked whether they had had 

any number of doses of the HPV vaccine. The Behavioral Risk Factor Surveillance System 

(BRFSS), administered by the Centers for Disease Control (Centers for Disease Control and 

Prevention (CDC), 2008-2010), is administered annually at the state level. It consists of a set of 

core questions asked every year by every state as well as many optional modules; states may 

decide which optional modules to include on an annual basis. HPV vaccination information is 

included in the Adult Human Papillomavirus module and was available beginning in 2008. See 

Table 1 for a list of states that included the module between 2008 and 2012.  

Data from 2008-2012 include 1,380,538 female respondents of whom 40,441 were given the 

Adult HPV module. The independent variable of interest is HPV vaccination status. This 

includes individuals who have had any number of doses of the vaccine.  Table 2 summarizes the 

data sets used and the outcomes available in each one. 

4. Methods 

4.1. Naïve Model 

The relationship between the vaccine and behavior is modeled using OLS. Linear Probability 

Models (LPMs) generally produce estimates of the average marginal treatment effect that are 

indistinguishable from those computed using non-linear estimators like logit and probit (Angrist 
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& Pischke, 2009). While LPMs have the disadvantage of occasionally producing predicted 

values outside of the zero-one probability range, I am interested in the average partial effect of 

the HPV vaccine on the probability of risky behavior (Wooldridge, 2002). LPMs facilitate 

simple interpretations and are generally preferred to nonlinear estimators in the case of binary 

endogenous regressors (Horrace & Oaxaca, 2006). 

The Naïve linear model is given by: 

	 	 	  

Where Y is the main outcome of interest, risky sexual behavior. Risky behavior is observed from 

responses to survey questions about birth control and condom use. In the medical claims 

databases, Y is an indicator variable that equals 1 if the subject has a medical claim indicating 

risky sexual behavior following the first dose of the HPV vaccine. Indicators of risky behavior 

include claims for: pregnancy testing, STI testing, induced abortion and contraceptive 

counseling. I estimate the probability of any of these kinds of claims occurring post vaccination 

and I estimate STI and pregnancy-related claims individually. Medical claims are imperfect 

proxies of risky behavior because they are unlikely to catch all instances of risky behavior. Some 

behaviors will not result in a medical claim and medical claims for pregnancy testing, STI testing 

and contraceptive counseling may not always indicate risky behaviors. In the sample of 11 and 

12 year olds, these claims do indicate sexual activity. In the older sample, claims like STI testing 

may indicate careful behavior. Routine testing for STIs is recommended for sexually active 

young adults (Centers for Disease Control and Prevention, 2010). Hormonal contraceptives are 

prescribed for reasons other than birth control, including for the treatment of hormonal 

imbalance, dysmenorrhea, and irregular menstrual cycles.  
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The model also includes a vector of covariates likely to be correlated with behavior including: 

age, marital status, race/ethnicity, educational attainment, and family income. In the 

MarketScan® database, individual-level characteristics are not available. I proxy for 

socioeconomic status indicators by controlling for policy holder characteristics. In most cases, 

individuals in my sample are dependents on an insurance policy held by a parent or guardian. I 

control for the following employee characteristics: union status, salary vs. hourly pay, and 

current employment status. I also include a control for pre-2007 utilization of doctor visits for 

each individual in the sample in order to capture the effect of propensity to seek medical care. 

The pre-2007 available in the MarketScan® data is in 2003 and I control for utilization in that 

year, which restricts the sample to 487,153 enrollees. 

β, the coefficient on HPV vaccination status would be an estimate of the causal effect of the 

vaccine on behavior if vaccination status is uncorrelated with the error term, . Because the 

vaccine is not compulsory in the United States, vaccination is the result of a choice made either 

by the individual or that individual’s parent. This presents a selection problem, as there is likely 

to be an unobserved, systematic difference between vaccinated and unvaccinated populations. 

Recall the behavioral model of risky sexual behavior: vaccinated and unvaccinated respondents 

may have a different discount factor ( ), they may have different beliefs about , or they 

may have very different preferences for risky behavior in general. The OLS estimate of the effect 

of the vaccine is likely to be inconsistent.  

In order to determine a causal link between the HPV vaccine and risky behaviors, it is first 

necessary to isolate exogenous variation in vaccination. Using instrumental variables, it is 
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possible to isolate the effect of the vaccine on behavior from any unobservable characteristics or 

behaviors that affect the probability of receiving the vaccine. 

4.2. Identification 

This paper will estimate the causal effect of the HPV vaccine on risky sexual behavior. Ideally, 

this would be accomplished using a randomized controlled trial, assigning vaccination status 

randomly and observing behavior for several years before and after the treatment. This 

experiment could not be double or single-blind, which is how clinical trials are generally 

designed. Respondents would need to know whether they received the HPV vaccine in order to 

determine whether moral hazard exists as a consequence of vaccinating against an STI like HPV. 

This kind of experiment is not feasible, so I exploit several natural experiments for vaccination 

status. I compute multiple local average treatment effects (LATEs) with instrumental variables 

and regression discontinuity designs in order to determine whether there are heterogeneous 

treatment effects of the HPV vaccine. 

4.2.1. Instrumental Variables 

i. Physician Practice Patterns 

In the NIS-Teen, physician recommendation is the strongest correlate of vaccination status. 

Respondents are nearly forty percentage points more likely to be vaccinated if they report that a 

physician recommended the vaccine (Appendix 1, Table 4). Given the strong role of the 

physician in the vaccination decision, physician behavior provides a potential source of 

exogenous variation in vaccination status. I employ a strategy that follows Duggan (2005) and 

exploits variation across physicians in HPV vaccine and ACIP-recommended Tetanus Booster 

(Tdap) and Meningococcal Vaccine (MCV) administration for 11 and 12 year olds using 
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insurance claims data. Variation in adherence to ACIP guidelines could be exogenous to the 

outcome of interest in patients unless patients choose physicians that reflect their own views on 

sexual behavior. HPV vaccination propensity could be related to risky outcomes if administering 

the vaccine is correlated with physicians’ ideological views about vaccinating against an STI or 

their propensities to provide pre-emptive counseling about safe sex. Variation in propensity to 

administer the HPV vaccine between providers is not solely explained by differences in 

ideology. A variety of physician-level characteristics affect the likelihood of recommending the 

HPV vaccine to eligible patients. Age, practice setting, specialty, ethnicity, and VFC provider 

status are all strongly correlated with consistent use of the vaccine. Providers also cite financial 

barriers to vaccination, which may be at the provider or the patient level (Vadaparampil, et al., 

2014). Propensity to administer Tdap and MCV doses to 11 or 12 year olds is likely to reflect 

variation in ACIP adherence in general rather than HPV vaccine and sexual counseling ideology 

because Tdap and MCV vaccines are unrelated to sexual activity. Variation in adherence to 

ACIP guidelines may provide a natural experiment for determining the treatment effect of the 

HPV vaccine on risky sexual behavior. A limitation of this instrument is that 11 and 12 year old 

vaccinations are usually administered in a pediatrics setting. It may fail to predict HPV 

vaccination status in women who are no longer seeing a pediatrician for primary care.  

To construct the propensity to vaccinate instruments, I first predict vaccination status in the 

MarketScan® database using the available enrollee covariates including age, geographic 

location, policyholder employment status, and policyholder employee class: 
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I compute a predicted vaccination percent, % for each physician in the sample with a given 

patient mix. I then compute the percentage of patients seen that each physician actually 

vaccinates, %. Since respondents in the sample see multiple physicians throughout the year, 

I only use respondents who did not get the vaccine from another provider in 2007 when 

computing	 %. Each physician is assigned a value, ∆ 	 % 	 %. The 

instrument, Z is assigned to each individual patient in the data as an average of ∆  across all 

physicians seen in 2007.  

The physician behavior-based instrument is a strong predictor of vaccination status. An 

individual who sees a physician that is 100% more likely than average to administer the HPV 

vaccine to eligible females is over 100 percentage points more likely to receive the vaccine in 

2007 (See Table 6, columns 1 and 2). An individual who sees a physician that is 100% more 

likely than average to administer the ACIP-recommended doses of Tdap and MCV to 11 and 12 

year olds is 23.1 percentage points more likely to receive the HPV vaccine (Table 6, columns 3 

and 5). The first stage F statistic is over 1000 for both physician practice instruments in the full 

sample, far exceeding the minimum standard for instrument power (Staiger & Stock, 1997).  

ii. State-based instruments 

State variation in Medicaid coverage may provide a viable source of exogenous variation in 

vaccination status. I use an instrumental variable indicating whether the respondent lives in a 

state with Medicaid coverage for children over 200% of the Federal Poverty Level (FPL) in 

2008. Sixteen states provided coverage to children over 200% of the FPL in 2008. By 2010, 21 

states provided coverage for this group. 
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Vaccines for Children provides free vaccines for Medicaid eligible, uninsured and underinsured 

children. States may elect to provide free vaccines to a larger group of children. Some states 

provide all ACIP recommended vaccines to all children for free; these states are classified as 

Universal Purchase VFC states. This variation in VFC generosity is another potential source of 

exogenous variation. The instrument is a dichotomous variable indicating whether the respondent 

lives in a state with universal vaccine purchase. 

Of the two state-based instruments available, variation in VFC funding is the most powerful. 

Both the VFC and Medicaid eligibility models produce first stage estimates with F statistics over 

200. The first stage coefficient in the VFC generosity models indicate that the probability of 

receiving the HPV vaccine is 7.9 percentage points higher in states with universal vaccine 

purchase (Table 7, column 3). When high income respondents are excluded from the sample in 

column 4 of Table 7, the effect is 8 percentage points. BRFSS respondents living in states with 

Medicaid coverage for children over 100% of the federal poverty level are 5.7 percentage points 

more likely to report being vaccinated (Table 7, column 1). When high income respondents are 

dropped from the sample, the effect increases to 6.1 percentage points (Table 7, column 2). 11 

and 12 year olds living in Universal Vaccine Purchase states are 4.44 percentage points more 

likely to receive the vaccine in medical claims data (Table 6, column 5). A smaller first stage 

coefficient in the MarketScan® database is likely attributable to the fact that all MarketScan® 

subjects are privately insured and are therefore less likely to depend on VFC. The instrument is 

not sufficiently powerful in the sample of women up to age 26 in MarketScan®.   

For state-level variation in Medicaid generosity or VFC funding to be valid, it should only affect 

risky sexual behavior via the HPV vaccine. The validity of state variation in Medicaid coverage 

as an instrument may be threatened by the likelihood that Medicaid coverage increases access to 
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family planning services including low cost contraception for poor women. VFC funding may be 

more generous in states with more liberal policies in general. If VFC funding is higher in states 

with fewer restrictions on abortions, this would be likely to affect risky sexual behavior 

independent on HPV vaccination status. While I am unable to definitively reject the possibility 

that the state-based instruments are correlated with the error term, it is possible to examine the 

correlation of Medicaid and VFC eligibility guidelines with self-reported risky sexual behavior 

prior to the introduction of the vaccine (Goldman, Lakdawalla, & Sood, 2006). I use BRFSS 

from 2004-2006 and YRBSS from 2005 to examine the relationship between VFC funding and 

Medicaid availability and risky behaviors (Appendix 3, Table 1). In the years prior to the 

introduction of the HPV vaccine, I find that state-level variation in VFC and Medicaid generosity 

are uncorrelated with measures of birth control use. The instruments have no significant effect on 

the probability of reporting current birth control or condom use in the years leading up the 

availability of the HPV vaccine. The coefficients on both the Medicaid instrument and the VFC 

instrument are small and statistically insignificant. 

4.2.2. Two-sample IV 

In the BRFSS, HPV vaccination status and sexual behavior outcomes data were not collected on 

the same respondents. The survey contains information about birth control use as part of an 

optional module, but this module only overlaps with the Adult HPV module in one state and in 

one year. In effect, the treatment (the HPV vaccine) and the outcomes exist in separate data sets. 

Because the state-based instrument is available for all BRFSS respondents, a two sample IV 

approach is possible. A two-sample two stage least squares (TS2SLS) procedure computes the 

first stage from the Adult HPV module data to estimate the effect of the vaccine on risky sexual 
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behavior respondents who report birth control habits in the Family Planning module in the 

second stage (Angrist & Krueger, 1992).   

In the adult HPV module, a first stage is estimated by: 

	 	 , 	  

Where θ is the first stage coefficient on the state-based instrument and ρs  is a vector of 

coefficients on a full set of state indicator variables. Using the Family Planning module, a 

reduced form estimate of the effect of the instrument on behavior is estimated by: 

	 	 , 	  

The two sample two stage least squares (TS2SLS) estimator is thus (Inoue & Solon, 2005): 

 

In practice, TS2SLS estimates are obtained by computing the first stage estimate of the effect of 

instrument on the probability of being vaccinated in the Adult HPV module sample. The first 

stage model is then used to compute cross sample fitted values of vaccination probability in the 

Family Planning Module sample, . Outcome variables including whether a respondent is 

using birth control and whether a respondent is specifically using condoms are then regressed on 

the fitted value of vaccination probability and robust standard errors are calculated (Dee & 

Evans, Teen Drinking and Educational Attainment: Evidence from Two-Sample Instrumental 

Variables Estimates, 2003). 
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4.2.3. Regression Discontinuity 

Both the FDA and ACIP recommendations for the use of the HPV vaccine result in several age-

based cutoffs that are likely to result in discontinuous changes in the probability of receiving the 

vaccine. In March, 2007, the ACIP recommended the HPV vaccine for females aged 11 and 12 

as routine and for women up to age 26 as “catch up” vaccinations. Vaccines for Children 

provides free ACIP-recommended vaccines to children through age 18. The vaccines for children 

age limit provides a potential source of exogenous variation in vaccination status; because the 

vaccine is delivered in three doses over 6 months, respondents who turned 19 before September, 

2007 would not be able get all three doses for free. Each dose costs approximately $130, so this 

is likely to be a factor in the decision to vaccinate. There is a drop in the probability of receiving 

the vaccine for teens who turned 19 in August, 2007 compared to teens who turned 19 in 

September, 2007. Age 13 and age 26 are also good candidates for discontinuities in vaccination 

probability, however neither is viable using the NHIS due to insufficient data near both age 

cutoffs.  

A regression discontinuity design will yield an unbiased estimate of the effect of the HPV 

vaccine on behavior if no unobserved correlates of behavior change discontinuously at age 19. 

Respondents just above and just below the age cutoff are unlikely to differ systematically, so the 

discontinuity provides local randomization of the treatment. Using age as the forcing variable is 

advantageous because manipulation around the discontinuity is impossible for individuals. 

Month of birth cannot be changed at age 19, and it is unlikely that the HPV vaccine factored into 

birth timing decisions 19 years before its introduction. The discontinuity may also affect 

individuals across a broad range of socio-demographic characteristics as well. While the VFC 
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program is aimed at low income children, respondents under 19 are also more likely to be 

visiting a pediatrician or a provider that follows ACIP recommendations for children closely. 

Consider an exposure variable and a treatment variable such that: 

	
1	 	 	 	 , 2007 19
0	 	 		 	 , 2007 19 

 
1	 	
0	

 

The probability of receiving the HPV vaccine should drop discontinuously at age 19. 

	 	  

Where 	is the first stage coefficient on the dichotomous exposure variable and  is a 

polynomial function of age in months normalized about the FDA approval date. 

The reduced form estimate of the effect of exposure to the vaccine is 

	 	  

Where  is the reduced form coefficient on the exposure variable. This coefficient is the intent 

to treat (ITT) estimate of the effect of the availability of the HPV vaccine. It is likely to be an 

underestimate of the direct effect of the vaccine on behavior (i.e. the treatment effect on the 

treated, TOT) due to low vaccine take-up. In the NHIS, 6.23% of respondents report having had 

at least one dose of the vaccine and 17.73% of eligible respondents report having received the 

vaccine. The ITT coefficient itself may also be policy relevant, as it provides an estimate of the 

behavioral effect of the introduction of the vaccine and its availability to peer groups. Regardless 

of own vaccination status, people are likely to respond to the availability of a vaccine for HPV as 

well as to the information provided in advertisements for the vaccine and media coverage. The 
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unbiasedness of the ITT estimate depends on the assumption that no other policy changes 

occurred in September 2007 affecting women under age 19. 

I estimate a global polynomial estimate of the effect of the vaccine on behavior as well as 

estimates using a non-parametric local linear approach. See Appendix 2 for details about the 

Regression Discontinuity model. 

5. Results 

5.1 MarketScan® medical claims database:  

I use three instrumental variables specifications with the medical claims data to account for 

selection into vaccination status. In the MarketScan® database, all enrollees carry employer-

sponsored health insurance. Therefore, while multiple classes of workers are represented in the 

data, it is unlikely to adequately represent a low income population. The state-based VFC 

instrument estimates a LATE for low SES individuals, who are not well represented in this 

dataset. It also performs poorly outside of the 11 and 12 year-old subsample, so I restrict my 

main results from the state-based specification to this age group due to a lack of instrument 

power in the first stage when the whole sample of women aged 9-26 is used. In light of these 

limitations, my preferred estimates of the effect of the HPV vaccine come from IV models based 

on physician propensity to administer the HPV vaccine. 

Both of the HPV and Tdap/MCV administration propensity instruments allow me to estimate 

Local Average Treatment Effects (LATEs) from a broader distribution of the MarketScan® 

population as well as across a wide range of age groups. Variation in ACIP adherence to Tdap 

and MCV dosing for 11 and 12 year olds is largely driven by pediatricians, making it weaker in 

older portions of my sample who may no longer receive primary care from a pediatrician. 
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I present estimates from models both with and without controls for pre-2007 medical utilization. 

Controlling for utilization is desirable in order to capture individual enrollees’ propensity to use 

medical services. This affects both the likelihood that an individual receives the vaccine as well 

at the likelihood that that individual has a subsequent medical claim of any kind. Ideally, I would 

control for utilization in 2006, however I have access to data from 2003. A measure of utilization 

from four years before my study period begins may not sufficiently control for propensity to use 

medical services. Using utilization controls from 2003 also reduces my sample drastically, as 

many MarketScan® enrollees present between 2007 and 2009 were not in the sample in 2003. 

Naïve estimates indicate the potential for moral hazard. The coefficients on vaccination status are 

positive across a range of specifications (Table 8a).  Without adjusting for correlates of risky 

behavior, OLS estimates indicate that the HPV vaccine is associated with a 4.3 percentage point 

increase in the probability of a medical claim indicating risky sexual activity (Table 8a, column 

1). The vaccine is associated with a 7 percentage point increase in the probability of a medical 

claim for STI, pregnancy or contraceptives when the estimate is adjusted with policy-holder 

characteristics (Table 8a, column 2). This magnitude is robust to the addition of controls for 

geographic location and to restricting the sample of MarketScan® enrollees who were 

continuously enrolled since 2003 (Table 8a, columns 3 and 4). Controlling for 2003 utilization of 

medical services also does little to change the estimate (Table 8a, column 5). Given that the 

naïve relationship between the HPV vaccine and medical claims for STI, pregnancy and 

contraceptives is robust to the addition of pre-2007 controls, I will restrict my discussion to 

estimates obtained from the full sample. IV estimates from the restricted sample with utilization 

controls are qualitatively similar to those obtained from the full sample of MarketScan® 

enrollees eligible to receive the HPV vaccine. 
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Examining the association between the HPV vaccine and claims indicating risky sexual behavior 

by age suggests that the vaccine is positively associated with moral hazard in all age groups 

(Table 8b, columns 1 and 4), with the largest effects driven by girls aged 13 to 18. Naïve 

estimates of the association between the HPV vaccine and any kind of medical claim indicating 

risky sexual behavior indicate that girls vaccinated under age 13 are 2.9 percentage points more 

likely to have a sexual behavior-related medical claim (Table 8b, column 1). The relationship is 

positive for STI and pregnancy-related claims in all age groups (Table 8b, columns 2, 3, 5 and 

6). 

Both IV specifications based on physician practice patterns generally indicate that the HPV 

vaccine is not associated with moral hazard. Using physician propensity to administer the HPV 

vaccine as an instrument for vaccination status yields treatment effects that indicate that 

vaccinated females are 6.8 percentage points less likely than unvaccinated females to have a 

medical claim that indicates risky sexual behavior (Table 9a, column 1).  Vaccinated women are 

4.7 percentage points more likely to have an STI-related claim and 4.6 percentage points less 

likely to have a pregnancy-related claim (Table 9a, columns 3 and 5). When I stratify this 

specification by age group (Table 9b), I find that the relationship between the vaccine and claims 

indicating risky sexual behavior is negative for females under age 19 (Table 9b, columns 1 

through 4). Women aged 19 to 21 are 1.8 percentage points more likely to have a medical claim 

that indicates risky sexual behavior (Table 9b, columns 5 and 6). Vaccinated girls under age 16 

are less likely to have any kind of medical claim related to sexual behavior in this specification 

(Table 9b, columns 1 through 3). Vaccinated women aged 16 and over are between 5.1 and 22 

percentage points more likely to have an STI-related claim, but continue to be less likely to have 

a pregnancy-related claim (Table 9b. columns 3 through 6).  
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IV models based on adherence to ACIP Tdap/MCV vaccine schedules also indicate that the HPV 

vaccine leads to a reduction in the probability of having a medical claim that indicates risky 

sexual behavior (Table 10a). Coefficients in this specification are large, and indicate that females 

who received the HPV vaccine are 83.5 percentage points less likely to have a medical claim 

indicating risky sexual behavior (Table 10a, column 1). This model also indicates that vaccinated 

respondents are over 50 percentage points less likely to have an STI- or pregnancy- related claim 

(Table 10a, columns 3 through 6). In Table 10b, I stratify by age group. The Tdap/MCV ACIP 

adherence IV models indicate that there is a strong negative relationship between the HPV 

vaccine and all sexual activity-related medical claims (Table 10b, columns 1 through 6). Very 

large, negative coefficients on vaccination status are found in women over age 16 (Table 10b, 

columns 4 through 6). Surprisingly, the results of the IV model are quite different depending on 

which physician practice instrument is used in samples over age 16. When the instrument reflects 

the physician's propensity to adhere to ACIP recommendations concerning Tdap and MCV, 

receipt of the vaccine is associated with fewer STI-related claims, but when the instrument 

reflects the physician's propensity to adhere to ACIP recommendations concerning the HPV 

vaccine, receipt of the vaccine is associated with more STI-related claims. The Tdap/MCV 

adherence instrument does not perform as well as the HPV specific instrument in girls over age 

16 (Table 10b), as they are no longer relying solely on pediatricians for their primary care. While 

I am unable to determine definitively what leads to this inconsistency, the two estimators do 

produce qualitatively similar results for girls under age 16.  

IV models using state variation in VFC generosity indicate that the HPV vaccine may lead to 

moral hazard. Coefficients on vaccination status indicate that vaccinated girls are 21.2 

percentage points more likely to have any kind of medical claim that indicates risky sexual 
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behavior (Table 11a, column 1). Vaccinated individuals are also 2.9 and 19 percentage points 

more likely to have STI- and pregnancy-related claims respectively (Table 11a, columns 2 and 

3). Table 11b contains an analysis stratified by age. This instrument is not powerful in samples 

over age 13 in the MarketScan® database, thus estimates in older age groups are largely 

suggestive and imprecise. First stage coefficients on the VFC-based instrument become 

progressively smaller in older portions of the sample (Table 11b). For women age 13 to 26, the 

HPV vaccine is associated with a 94.4 percentage point increase for girls age 13-15 to over 100 

percentage point increase for older teens and young women in the probability of a medical claim 

indicating risky sexual behavior (Table 11b, columns 2 through 5). This specification also 

indicates that vaccinated women in all age groups are more likely to have both an STI- and 

pregnancy-related medical claim.  

 

5.2 Supplemental Survey Data:  

I use survey data from the NHIS and the BRFSS to collect suggestive evidence about the effect 

of the HPV vaccine on self-reported risky behaviors. I link the NHIS to the MEPS database and 

examine the relationship between the HPV vaccine and medical claims indicating risky behavior 

using a regression discontinuity strategy. I find a substantial and statistically significant 

discontinuity in the probability of receiving the HPV vaccine at age 19. Respondents who are 

under age 19 in September of 2007, are 14.2 percentage points more likely to report having 

received the HPV vaccine than those who are 19 or older (Table 12a, column 3). While 

multivariate naive estimates indicate that the HPV vaccine is associated with a 3.5 percentage 

point increase in the probability of a medical claim for pregnancy, birth control or STI in the 2 

years following the NHIS survey (Table 12a, column 2), R-D estimates indicate that the 
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relationship between the HPV vaccine and the probability of risky behavior is negative. I find a 

significant negative coefficient on vaccination status in a global polynomial specification (45.3 

percentage points). The magnitude of the coefficient is robust to a local linear specification of the 

discontinuity (Table 12a columns 5 and 6). This result is consistent with those obtained using 

physician practice patterns to isolate exogenous variation in vaccination status.  

TS2SLS estimates from the BRFSS using state variation in Medicaid and VFC generosity 

generally indicate that the HPV vaccine is associated with a reduction in the probability of birth 

control use in unmarried sexually active women. Results from these models are not statistically 

significant (Table 13a and 14a), but the VFC instrument produces coefficients that are 

qualitatively consistent with those found using the same IV specification in the MarketScan® 

database. Vaccinated respondents are much less likely to report birth control use with their 

current sexual partners. This kind of behavior is likely to result in more medical visits for 

pregnancy and STI testing. 

5.3: Results by Socioeconomic Status: 

The state-based IV specifications produce results that are different in magnitude and direction 

from my preferred, physician practice specifications. One potential explanation is that this model 

estimates a treatment effect from a different group of compliers than do the physician practice-

based IV models. Tables 6 and 7 in Appendix 3 describe complier characteristics for the state-

based instruments. The Medicaid and VFC instruments are likely to affect a subpopulation that is 

lower income than the average individual in the population. In the BRFSS, both instruments 

affect a complier population that is more likely than average to be low income, young and non-

white (Appendix 3, Table 6, columns 3 and 5). In the MarketScan® database, compliers for the 
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VFC instrument are more likely than average to be on insurance policies held by hourly, union 

and part-time employees (Appendix 3, Table 7, column 3).  

Survey data allow me to estimate state-based IV and R-D specifications separately by income. In 

Tables 12b and 12c, I estimate the R-D coefficient by income group. Estimates computed using 

the low income subsample in the NHIS (respondents with family income under $35,000) are not  

statistically significant in the first stage (Table 12b, column 3).The first stage estimate computed 

using middle and high income NHIS respondents is large and statistically significant, but the R-

D model does not produce statistically significant treatment effects. I also check the robustness 

of the state-based IV specification by restricting my sample to middle and low income BRFSS 

respondents. I drop high SES observations in Tables 13b and 14b, and find that TS2SLS 

estimates of the effect of the vaccine on self-reported birth control use are consistent with those 

estimated using the full BRFSS sample. While the NHIS/MEPS sample is too small to estimate 

R-D treatment effects by subgroup, evidence from the BRFSS supports the robustness of the 

state-based instruments. Dropping high income individuals from the BRFSS sample does not 

lead to substantial changes in TS2SLS coefficients, indicating that observations from high 

income families are not driving the negative relationship between the HPV vaccine and birth 

control use in the state-based IV specifications. 

6. Conclusion 

I am interested in whether the HPV vaccine leads to moral hazard by making risky sexual 

behavior less costly. I estimate multiple LATEs of the HPV vaccine on risky sexual behavior and 

find in that in my main specifications, moral hazard is not leading to an increase in risk-taking. 

Several specifications do produce estimates that indicate that the vaccine is associated with an 

increase in risky behavior. I am unable to determine what leads to this pattern of results, but they 
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do suggest the presence of heterogeneous treatment effects by socioeconomic status (SES). 

Naive estimates of the relationship between the vaccine and risky behavior that do not account 

for selection into vaccination indicate a positive relationship between the vaccine and risky sex 

in the pooled samples of women age 9-26. Models restricted to girls under age 13 indicate a 

small, positive correlation between the HPV vaccine and risky behavior which is consistent with 

the findings of Bednarczyk, et al. (2012), who find positive, but not statistically significant 

effects of the vaccine on the probability of medical expenditures indicating risky sexual 

behavior.  

Using IV and RD methods that account for selection, I estimate the causal effect of the vaccine 

on outcomes indicating risky sexual behavior. I do find evidence of moral hazard in several IV 

models estimating local average treatment effects for respondents induced into vaccination by 

living in a state with high VFC generosity. Specifically, IV results using state by state variation 

in VFC funding indicate moral hazard in the form of increased medical claims indicating risky 

sexual behavior associated with the introduction of the HPV vaccine for all age groups. The 

compliers for the VFC instruments are of lower SES than the average MarketScan® enrollee; 

they are much more likely to be on insurance policies held by part time, union and hourly 

employees than the average enrollee in the MarketScan® database. State-based IV results from 

the MarketScan® database are supported by suggestive evidence from survey data: TS2SLS 

models from the BRFSS using variation in VFC and Medicaid generosity to instrument for 

vaccination status also indicate that vaccinated women are less likely to report current birth 

control use. An increase in risky behavior in this group indicates that risky sex might be a 

consequence of providing the HPV vaccine for free via federal or state-level vaccination 

initiatives. 
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Estimates from my preferred physician practice IV specifications indicate a decrease in risky 

behavior as a result of receiving the HPV vaccine. The physician practice instruments and the 

age-based regression discontinuity produce LATEs for a broad group of compliers that are 

similar to the average MarketScan® enrollee across most covariates. It is possible that the 

physician practice instruments introduce a selection problem between patients and providers. I 

am unable to observe and control for the factors that affect the way physicians are chosen by 

individuals and parents.  

For an older sample, estimates of the effect of the vaccine on risky behavior are more 

ambiguous. The probability of any medical claim indicating risky behavior following vaccination 

is reduced only slightly compared to unvaccinated individuals. This net effect of close to zero is 

the result of two offsetting effects: an increase in the probability of a claim for STI testing or 

treatment and a decrease in the probability of a pregnancy-related claim. While I am interested in 

whether the HPV vaccine leads to measurable change in safe sexual practices, I am only able to 

measure its effect on imperfect proxies of risky behavior. An increase in the probability of STI 

testing may be an indication of a reduction in risky activity in the older group. While any claim 

related to STI and pregnancy might indicate sexual activity and therefore risk-taking in the very 

young sample, it might indicate the opposite in older adolescents and young women. Regular 

testing for STIs is recommended by the CDC for sexually active women (Centers for Disease 

Control and Prevention, 2010). Medical claims databases capture medical consequences of 

certain risky behaviors, but overall do not provide enough information to determine whether the 

HPV vaccine truly led to behavioral changes. 

Receiving the HPV vaccine requires up to three visits with a health care professional and 

therefore creates three opportunities to receive information about HPV and the risks of unsafe 
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sexual behavior. Therefore, it could be that instead of directly affecting behavior, the HPV 

vaccine leads to an information transfer from provider to patient. Patient education can increase 

the salience of the risks of unprotected sex and lead to an updating of individual estimates of  

 and ultimately, a reduction in risky behavior. The American Academy of Pediatricians 

recommends that all well visits include pregnancy and STI risk reduction counseling for teens 

aged 11 to 216 (Hagan, Shaw, & Duncan, 2008). Physician adherence to these guidelines is 

mixed; evidence from a 2000 survey of pediatricians practicing in a health management 

organization indicate that they educate between 51 and 64% of their adolescent patients about 

STIs and pregnancy. They report educating a much higher percentage of patients who are already 

sexually active (Halpern-Felsher, et al., 2000).  Moreover, physicians are more likely to provide 

preventive counseling for teens older than age 17 (Rand, Auinger, Klein, & Weitzman, 2005). 

While rates of sexual activity in teens in the United States increase with age, a significant 

proportion of younger teens (aged 14 and 15) is sexually active. In 2011, 32.9% of ninth graders, 

43.8% of 10th graders, 53.2% of 11th graders and 63.1% of 12 graders reported being sexually 

active in the YRBSS. The introduction of the HPV vaccine may be affecting the kind of 

counseling that younger patients receive, and a reduction in risky behavior could be explained by 

receiving STI and pregnancy prevention guidance from physicians earlier than it would be 

provided for girls who do not receive the vaccine. Unvaccinated individuals could be less likely 

to receive anticipatory guidance until their providers become concerned that they are sexually 

                                                            
6 Recommended topics/questions include: encouraging abstinence in teens under age 18 (“Abstaining from sexual 
intercourse, including oral sex, is the safest way to prevent pregnancy and STIs; plan how to avoid sex, risky 
situations”), discussing STI and pregnancy prevention in older and sexually active teens (“Have you had sex? Was it 
wanted or unwanted? Have you ever felt pressured or forced to do something sexual that you didn’t want to do? 
How many partners have you had in the past year? Were your partners male or female or have you had both male 
and female partners? Did you use a condom or other contraceptive?”). 
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active, but the administration of the HPV vaccine could lead providers to prioritize STI 

education during well visits for young teens. 

While I am unable to determine what causes a socioeconomic gradient in treatment effects of the 

HPV vaccine on risky sexual behavior, it is possible that estimates from the physician IV 

specification do not reflect the pure behavioral effect of the HPV vaccine. They could instead 

reflect the effect of the vaccine on the frequency and content of physician-provided education. 

From a policy perspective, bundling patient education with the HPV vaccine could prevent an 

increase in adverse health outcomes associated with moral hazard.  

To determine whether physicians are responding to the vaccine, a more detailed analysis via 

survey or observation of visits that include HPV vaccination will be necessary. Claims databases 

do not provide enough detail about the content of patient counseling sessions to determine 

whether the vaccine has affected the way physicians choose to initiate preventive counseling for 

STIs and pregnancy. If the combination of the HPV vaccine and preventive counseling does lead 

to a reduction in risky behavior, then vaccine-related legislation should include clear anticipatory 

counseling guidelines to reduce the risk of moral hazard. Future work should focus on how new 

treatments like the HPV vaccine affect the way physicians choose to provide patient education. If 

the HPV vaccine leads doctors to engage in STI and pregnancy prevention education earlier, then 

physician practice patterns may be viable policy targets for infectious disease risk reduction.
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Table 1: States including the Adult Human Papillomavirus Module by year 
2008 2009 2010 2011 2012 

Delaware 
Minnesota 
Oklahoma 
Texas 
West Virginia 

Massachusetts 
Minnesota 
 

Connecticut 
Massachusetts 
Rhode Island 
West Virginia 
Wyoming 

Connecticut 
Tennessee 
Wisconsin 

Alabama 
Arizona 
Connecticut 
Delaware 
Maine 
Massachusetts 
Texas 
West Virginia 
Wisconsin 

 
Table 2: Data sources and outcomes 

Outcome Data Source 

Medical Claim Indicating Risky Sexual Behavior MarketScan®, MEPS 

Current Condom Use BRFSS 

Current Birth Control Use BRFSS 
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Table 3: MarketScan® database summary statistics 
  Full Sample Unvaccinated Vaccinated 
Age of Enrollee 17.476 17.584 16.464 

 (5.122) (5.215) (4.005) 
Employee Classification    

Salary Non-union 0.092 0.087 0.139 
 (0.289) (0.281) (0.346) 

Salary - Union 0.015 0.015 0.016 
 (0.121) (0.121) (0.127) 

Salary Other 0.013 0.012 0.02 
 (0.114) (0.110) (0.140) 

Hourly - Non-union 0.061 0.062 0.049 
 (0.239) (0.241) (0.216) 

Hourly - Union 0.041 0.042 0.034 
 (0.198) (0.200) (0.183) 

Hourly - Other 0.012 0.012 0.009 
 (0.108) (0.109) (0.092) 

Non-Union 0.073 0.072 0.08 
 (0.259) (0.258) (0.271) 

Union 0.025 0.025 0.026 
 (0.156) (0.156) (0.158) 

No Classification 0.669 0.674 0.626 
 (0.470) (0.469) (0.484) 

Employee Status    
Active - Full Time 0.419 0.412 0.481 

 (0.493) (0.492) (0.500) 
Active - Part Time 0.01 0.01 0.011 

 (0.101) (0.101) (0.106) 
Early Retiree 0.012 0.012 0.011 

 (0.107) (0.108) (0.103) 
Medicare Eligible Retiree 0.003 0.003 0.003 

 (0.057) (0.057) (0.051) 
Retiree 0.003 0.003 0.003 

 (0.055) (0.054) (0.058) 
COBRA Continuee 0.004 0.004 0.003 

 (0.061) (0.062) (0.059) 
Long Term Disability 0.001 0.001 0.001 

 (0.028) (0.028) (0.030) 
Surviving Spouse/Dependent 0.001 0.001 0.001 

 (0.028) (0.029) (0.024) 
No status reported 0.548 0.554 0.486 

 (0.498) (0.497) (0.500) 

N 4507131 3895513 611618 
Mean, (sd) 
MarketScan® data come from 2007 and 2009 
Full sample aged 9-26 
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Table 3 continued: MarketScan® database summary statistics 
  Full Sample Unvaccinated Vaccinated 
Enrollee Relationship to Employee    

Employee 0.224 0.234 0.129 
(0.417) (0.423) (0.335) 

Spouse 0.062 0.068 0.009 
(0.241) (0.251) (0.094) 

Child/Other 0.714 0.699 0.862 
(0.452) (0.459) (0.345) 

Had an STI-related medical claim 0.068 0.061 0.133 
 (0.252) (0.240) (0.339) 

Had a pregnancy-related medical claim 0.187 0.183 0.226 
(0.390) (0.386) (0.418) 

Had a contraceptive-related medical claim 0.015 0.013 0.032 
(0.120) (0.115) (0.175) 

Had any type of medical claim 0.229 0.211 0.254 
 (0.421) (0.372) (0.453) 

N 4507131 3895513 611618 
Mean, (sd) 
MarketScan® data come from 2007 and 2009 
Full sample aged 9-26 
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Table 4: NHIS Summary Statistics 
 (1) (2) (3) (4) 
 Full sample 

aged 15-39 
Full Sample 

HPV Question 
Asked 

Unvaccinated Vaccinated 

Age 28.37 30.22 30.89 23.30 
 (7.241) (6.834) (6.652) (4.385) 
Hispanic 0.174 0.148 0.154 0.0962 
 (0.379) (0.356) (0.361) (0.295) 
White 0.781 0.776 0.772 0.813 
 (0.414) (0.417) (0.420) (0.390) 
Married 0.534 0.501 0.525 0.257 
 (0.499) (0.500) (0.499) (0.437) 
< HS Degree 0.184 0.117 0.119 0.100 
 (0.388) (0.322) (0.324) (0.300) 
HS Degree 0.228 0.206 0.211 0.155 
 (0.419) (0.405) (0.408) (0.362) 
Some College 0.340 0.364 0.355 0.454 
 (0.474) (0.481) (0.479) (0.498) 
College Deg 0.248 0.312 0.314 0.291 
 (0.432) (0.463) (0.464) (0.454) 
Income under 35,000 0.406 0.435 0.423 0.563 
 (0.491) (0.496) (0.494) (0.496) 
Income  35,000-75,000 0.367 0.314 0.320 0.251 
 (0.482) (0.464) (0.466) (0.434) 
Income > 75,000 0.227 0.251 0.257 0.186 
 (0.419) (0.433) (0.437) (0.389) 
N 82603 21762 20037 1725 
MEPS: Any Medical Claim for:  0.029 0.060 0.057 0.105 
STI, pregnancy or birth control (0.168) (0.238) (0.233) (0.310) 
N 4133 1050 993 57 

Means computed with sample weights, standard deviations in parentheses 
Data from 2008-2012 
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Table 5: BRFSS Summary statistics  
 (1) (2) (3) (4) 
 Full sample aged 

15-39 
Full Sample HPV 
Question Asked 

Unvaccinated Vaccinated 

Age 30.94 30.50 31.21 23.08 
 (6.914) (6.956) (6.679) (5.262) 
Hispanic 0.177 0.206 0.211 0.151 
 (0.381) (0.404) (0.408) (0.358) 
White 0.126 0.123 0.117 0.187 
 (0.332) (0.328) (0.321) (0.390) 
Married 0.560 0.570 0.605 0.203 
 (0.496) (0.495) (0.489) (0.402) 
< HS Degree 0.101 0.111 0.113 0.0899 
 (0.301) (0.314) (0.316) (0.286) 
HS Degree 0.237 0.236 0.233 0.277 
 (0.425) (0.425) (0.422) (0.448) 
Some College 0.295 0.282 0.274 0.361 
 (0.456) (0.450) (0.446) (0.481) 
College Deg 0.367 0.371 0.381 0.271 
 (0.482) (0.483) (0.486) (0.445) 
Income 41448.3 42245.0 42819.4 36223.0 
 (27708.2) (28233.5) (28061.7) (29322.4) 
Current BC Use* 0.806    
 (0.395)    
Current Condom Use* 0.295    
 (0.456)    
N 165673 14860 13974 886 

Means computed with sample weights, standard deviations in parentheses 
Data from 2008-2012 
* These outcomes are part of an optional module, N=6090 
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Table 6: First Stage Estimates  

 Vaccinated in 2007 (1) (2) (3) (4) (5) 

 

Full 
Sample: 
enrolled 

from 
2003-2009 

Full 
Sample 

Full 
Sample: 
enrolled 

from 
2003-2009 

Full 
Sample 

11 and 12 
year olds  

Physician Instrument: HPV Vaccine 1.418*** 1.298***    
 (0.0098) (0.0028)    
Physician Instrument: MCV and Tdap   0.296*** 0.231***  
   (0.0078) (0.0023)  
Universal Vaccine Purchase     0.044** 

     (0.0164) 
Age -0.002*** -0.005*** -0.002*** -0.005*** 0.018*** 

 (0.0001) (0.0000) (0.0001) (0.0000) (0.0020) 
Employee Classification Y Y Y Y Y 
Employee Status Y Y Y Y Y 
2003 Utilization Y N Y N N 
Controls for State of Residence Y Y Y Y N 
_cons 0.197*** 0.274*** 0.232*** 0.31*** -0.044* 

 (0.0212) (0.0031) (0.0218) (0.0032) (0.0231) 
F 456.56 4366.57 178.1 1339.7 50.6 
N 400052 3221638 396637 3164389 468213 
b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Data come from MarketScan® enrollees who had an encounter with a primary care health care professional in 2007 
Models include controls for Age, State of Residence, Union status, Hourly vs Salary, and Full Time vs Part Time status 
Standard errors are clustered at the state level in the VFC IV specification (column (3)) 
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Table 7: First Stage Estimates - BRFSS 
Outcome=1 if respondent has had any number doses of the HPV vaccine, 0 otherwise 

 (1) (2) (3) (4) 
 First stage First stage First stage First stage 
Medicaid for children 0.0570* 0.0605**   
over 100% of FPL (0.0278) (0.0263)   
     
Universal    0.0789*** 0.0797*** 
Vaccine Purchase   (0.0211) (0.0202) 
     
Hispanic 0.0202 0.0246 0.00999 0.0139 
 (0.0316) (0.0293) (0.0305) (0.0284) 
     
Non-White -0.0293 -0.0315* -0.0127 -0.0156 
 (0.0168) (0.0169) (0.0138) (0.0144) 
     
Less than HS -0.103*** -0.119*** -0.0972*** -0.115*** 
 (0.0246) (0.0234) (0.0267) (0.0251) 
     
HS Diploma -0.0767*** -0.0823*** -0.0715** -0.0772** 
 (0.0255) (0.0261) (0.0269) (0.0271) 
     
Some College -0.0327 -0.0432** -0.0290 -0.0391** 
 (0.0198) (0.0166) (0.0206) (0.0170) 
     
Age -0.0298*** -0.0281*** -0.0292*** -0.0275*** 
 (0.00158) (0.00158) (0.00161) (0.00163) 
     
_cons 0.964*** 0.933*** 0.933*** 0.903*** 
 (0.0600) (0.0581) (0.0589) (0.0573) 
N 5736 4941 5736 4941 
F 656.4 269.9 586.3 218.1 

b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Model includes Year fixed Effects and controls for 8 income categories 
Standard errors are clustered at the state level 
Sample is restricted to unmarried respondents under age 33; in columns 2 and 4 I drop respondents with income over $50,000 
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Table 8a: Naïve Model  

 (1) (2) (3) (4) (5) 

Outcome: Claim Post-
Vaccination  

Full Sample 
Aged 9-26 

Full Sample 
Aged 9-26 

Full Sample 
Aged 9-26 

Enrolled 
2003-2009 

Enrolled 
2003-2009 

Vaccinated in 2007 0.043*** 0.070*** 0.069*** 0.072*** 0.071*** 

 (0.0007) (0.0006) (0.0006) (0.0017) (0.0017) 

Age  0.023*** 0.022*** 0.022*** 0.022*** 

  (0.0000) (0.0000) (0.0001) (0.0001) 

Employee Classification N Y Y Y Y 

Employee Status N Y Y Y Y 

2003 Utilization N N N N Y 
Controls for State of 
Residence N N Y Y 

Y 

_cons 0.211*** -0.189*** -0.238*** -0.184*** -0.189*** 

 (0.0002) (0.0009) (0.0029) (0.0199) (0.0199) 

 N 4507131 4507131 4507131 487153 487153 
b coefficients; standard errors in parentheses  
* p < 0.1, ** p < 0.05, *** p < 0.01 
Data come from MarketScan® enrollees who had an encounter with a primary care health care professional in 2007 
Models include controls for Age, Union status, Hourly vs Salary, ad Full Time vs Part Time status 
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Table 8b: Naïve Model - Results by Age Group 

  Full Sample Continuously Enrolled 2003-2009 

 (1) (2) (3) (4) (5) (6) 

 
Any 

Outcome STI Pregnancy 
Any 

Outcome STI Pregnancy 
< Age 13 x Vaccinated 0.019*** -0.21*** -0.021*** 0.030*** -0.180*** -0.024*** 
 (0.0022) (0.0019) (0.0017) (0.0080) (0.0067) (0.0059) 
       
Age 13-15 x Vaccinated 0.066*** -0.151*** 0.006*** 0.071*** -0.123*** -0.006  
 (0.0021) (0.0017) (0.0016) (0.0077) (0.0064) (0.0057) 
       
Age 16-18 x Vaccinated 0.086*** -0.057*** 0.018*** 0.076*** -0.044*** -0.003  
 (0.0020) (0.0017) (0.0015) (0.0076) (0.0064) (0.0057) 
       
Age 19-21 x Vaccinated 0.051*** 0.013*** 0.023*** 0.065*** 0.034*** 0.021*** 
 (0.0023) (0.0020) (0.0018) (0.0081) (0.0068) (0.0060) 
       
Vaccinated 0.007*** 0.218*** 0.045*** -0.009  0.185*** 0.043*** 
 (0.0016) (0.0014) (0.0012) (0.0070) (0.0059) (0.0052) 
Age       

Age 13-15 0.106*** 0.054*** 0.056*** 0.124*** 0.064*** 0.062*** 
 (0.0006) (0.0005) (0.0005) (0.0018) (0.0015) (0.0014) 
       

Age 16-18 0.224*** 0.144*** 0.099*** 0.261*** 0.171*** 0.112*** 
 (0.0006) (0.0005) (0.0005) (0.0017) (0.0015) (0.0013) 
       

Age 19-21 0.256*** 0.175*** 0.104*** 0.25*** 0.177*** 0.086*** 
 (0.0006) (0.0005) (0.0005) (0.0018) (0.0015) (0.0013) 
       

Age > 21 0.311*** 0.205*** 0.135*** 0.242*** 0.163*** 0.099*** 
 (0.0006) (0.0005) (0.0004) (0.0020) (0.0016) (0.0015) 

Employee Classification Y Y Y Y Y Y 
Employee Status Y Y Y Y Y Y 
2003 Utilization N N N Y Y Y 
Controls for State of 
Residence Y Y Y Y Y Y 
_cons -0.029*** -0.016*** -0.018*** 0.002  0.005  0.001  
 (0.0029) (0.0024) (0.0022) (0.0197) (0.0165) (0.0147) 
N 4507131   4507131   4507131   487153  487153   487153  

b coefficients; standard errors in parentheses  
* p < 0.1, ** p < 0.05, *** p < 0.01 
Data come from MarketScan® enrollees who had an encounter with a primary care health care professional in 2007 
Models include controls for Age, Union status, Hourly vs Salary, ad Full Time vs Part Time status 
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Table 9a: Physician Behavior IV Results- Propensity to administer HPV vaccine  

Full Sample aged 9-26 
Risky Behavior Post 

Vaccination 

STI Diagnosis or 
Testing: Any Post 

Period 

Pregnancy Diagnosis 
or Testing: Any Post 

Period 

 (1) (2) (3) (4) (5) (6) 
Vaccinated in 2007 -0.068*** -0.007 0.047*** 0.078*** -0.088*** -0.046*** 

 (0.0028) (0.0079) (0.0024) (0.0068) (0.0022) (0.0061) 
Age 0.028*** 0.028*** 0.02*** 0.021*** 0.011*** 0.011*** 

 (0.0000) (0.0001) (0.0000) (0.0001) (0.0000) (0.0001) 
Salary - Union -0.019*** -0.028*** -0.028*** -0.031*** -0.011*** -0.022*** 

 (0.0022) (0.0038) (0.0019) (0.0032) (0.0018) (0.0029) 
Salary Other -0.012*** 0.007 -0.01*** -0.001 -0.002 0.005 

 (0.0021) (0.0049) (0.0019) (0.0042) (0.0017) (0.0037) 
Hourly - Non-union 0.028*** 0.033*** 0.018*** 0.021*** 0.026*** 0.019*** 

 (0.0013) (0.0029) (0.0011) (0.0025) (0.0010) (0.0022) 
Hourly - Union 0.055*** 0.057*** 0.036*** 0.039*** 0.04*** 0.037*** 

 (0.0015) (0.0030) (0.0013) (0.0025) (0.0012) (0.0023) 
Hourly - Other -0.007*** 0.062*** -0.009*** 0.04*** 0.007*** 0.042*** 

 (0.0024) (0.0109) (0.0020) (0.0093) (0.0019) (0.0083) 
Non-Union -0.008*** -0.007** -0.008*** -0.01*** 0.001 -0.002 

 (0.0012) (0.0033) (0.0011) (0.0028) (0.0010) (0.0025) 
Union 0.04*** 0.023** 0.026*** 0.017** 0.026*** 0.022*** 

 (0.0017) (0.0094) (0.0015) (0.0081) (0.0014) (0.0072) 
Active - Part Time 0.013*** 0.014** 0.022*** 0.023*** 0.002 0.004 

 (0.0024) (0.0073) (0.0021) (0.0062) (0.0019) (0.0056) 
Early Retiree -0.005** -0.008** 0.003 -0.002 -0.011*** -0.002 
 (0.0023) (0.0036) (0.0020) (0.0031) (0.0018) (0.0028) 

Medicare Eligible Retiree -0.011** 0.026*** -0.001 0.025*** -0.002 0.025*** 
 (0.0045) (0.0074) (0.0039) (0.0064) (0.0036) (0.0057) 

Retiree 0.028*** 0.02*** 0.014*** 0.011** 0.005 0 
 (0.0045) (0.0053) (0.0039) (0.0046) (0.0035) (0.0041) 

COBRA Continuee -0.134*** -0.108*** -0.083*** -0.066*** -0.072*** -0.051*** 
 (0.0041) (0.0120) (0.0035) (0.0103) (0.0032) (0.0092) 

Long Term Disability -0.011 -0.007 0 -0.009 0.001 0.008 
 (0.0085) (0.0140) (0.0074) (0.0120) (0.0067) (0.0107) 

Surviving Spouse/Dep -0.001 0.029* 0.002 0.024* 0.003 0.008 
 (0.0089) (0.0150) (0.0078) (0.0128) (0.0071) (0.0114) 

2003 Utilization  0.001***  0***  0.001*** 
  (0.0000)  (0.0000)  (0.0000) 
_cons -0.236*** -0.221*** -0.194*** -0.182*** -0.081*** -0.069*** 

 (0.0041) (0.0244) (0.0035) (0.0208) (0.0032) (0.0186) 
N 3221638 400052 3221638 400052 3221638 400052 
b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Data come from MarketScan® enrollees aged 9-26 who had an encounter with a primary care health care professional in 2007 
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Table 9b: IV Estimates by Age - MarketScan® 

  Physician practice: HPV vaccine instrument 

 (1) (2) (3) (4) (5) (6) 

 Pooled 
Age<13 

Age 13-
15 

Age 16-
18 

Age 19-
21 Age > 21 

Any Outcome -0.068*** -0.058*** -0.095*** -0.063*** 0.018** 0.016  
 (0.0028) (0.0029) (0.0042) (0.0051) (0.0083) (0.0099) 
STI 0.047*** -0.01*** -0.011*** 0.051*** 0.198*** 0.22*** 
 (0.0024) (0.0015) (0.0031) (0.0045) (0.0075) (0.0090) 
Pregnancy -0.088*** -0.048*** -0.087*** -0.083*** -0.075*** -0.125*** 
 (0.0022) (0.0026) (0.0034) (0.0040) (0.0064) (0.0080) 
Employee Classification Y Y Y Y Y Y 
Employee Status Y Y Y Y Y Y 
2003 Utilization N N N N N N 
Controls for State of 
Residence Y Y Y Y Y Y 

N 3221638 707,257 588,948 623,501 527,543 949,073 

First Stage Coefficient 1.298*** 0.926*** 1.631*** 1.815*** 1.417*** 0.550*** 
 (0.0028) (0.005) (0.007) (0.008) (0.008) (0.003) 
F 4366.57 1019.62 999.79 1148.07 673.98 1545.80 
b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Data come from MarketScan® enrollees aged 9-26 who had an encounter with a primary care health care professional in 2007
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Table 10a: Physician Behavior IV Results- Adherence to ACIP guidelines for Tdap and MCV 

Full Sample aged 9-26 Risky Behavior Post 
Vaccination

STI Diagnosis or 
Testing: Any Post 

Period 

Pregnancy Diagnosis 
or Testing: Any Post 

Period 

 (1) (2) (3) (4) (5) (6) 
Vaccinated in 2007 -1.257*** -0.835*** -0.84*** -0.585*** -0.866*** -0.608*** 

 (0.0175) (0.0375) (0.0142) (0.0311) (0.0131) (0.0282) 
Age 0.021*** 0.026*** 0.015*** 0.019*** 0.007*** 0.009*** 

 (0.0001) (0.0002) (0.0001) (0.0002) (0.0001) (0.0002) 
Salary - Union -0.054*** -0.078*** -0.054*** -0.07*** -0.034*** -0.055*** 
 (0.0032) (0.0053) (0.0026) (0.0044) (0.0024) (0.0040) 

Salary Other -0.011*** -0.002 -0.009*** -0.008 -0.002 -0.001 
 (0.0030) (0.0062) (0.0025) (0.0052) (0.0023) (0.0047) 

Hourly - Non-union -0.048*** -0.024*** -0.038*** -0.024*** -0.024*** -0.02*** 
 (0.0021) (0.0045) (0.0017) (0.0037) (0.0016) (0.0034) 

Hourly - Union -0.02*** -0.021*** -0.02*** -0.023*** -0.009*** -0.016*** 
 (0.0024) (0.0051) (0.0019) (0.0042) (0.0018) (0.0038) 

Hourly - Other -0.082*** -0.006 -0.065*** -0.014 -0.042*** -0.004 
 (0.0035) (0.0142) (0.0028) (0.0118) (0.0026) (0.0107) 

Non-Union -0.035*** -0.04*** -0.029*** -0.036*** -0.016*** -0.024*** 
 (0.0018) (0.0045) (0.0014) (0.0037) (0.0013) (0.0034) 

Union 0.003 -0.009 -0.002 -0.009 0.001 0 
 (0.0025) (0.0121) (0.0020) (0.0100) (0.0019) (0.0091) 

Active - Part Time 0.026*** 0.024*** 0.031*** 0.031*** 0.011*** 0.011 
 (0.0034) (0.0093) (0.0028) (0.0077) (0.0026) (0.0070) 
Early Retiree -0.008** -0.029*** 0.001 -0.019*** -0.013*** -0.016*** 

 (0.0032) (0.0047) (0.0026) (0.0039) (0.0024) (0.0036) 
Medicare Eligible Retiree -0.004 0.052*** 0.005 0.045*** 0.003 0.042*** 

 (0.0065) (0.0095) (0.0053) (0.0079) (0.0049) (0.0072) 
Retiree 0.034*** 0.018** 0.018*** 0.01* 0.009** -0.002 

 (0.0064) (0.0068) (0.0051) (0.0056) (0.0048) (0.0051) 
COBRA Continuee -0.146*** -0.131*** -0.092*** -0.084*** -0.08*** -0.067*** 

 (0.0058) (0.0154) (0.0047) (0.0128) (0.0044) (0.0116) 
Long Term Disability -0.003 -0.031* 0.005 -0.03** 0.005 -0.007 

 (0.0122) (0.0179) (0.0098) (0.0149) (0.0091) (0.0135) 
Surviving Spouse/Dep -0.019 0.001 -0.012 0.001 -0.009 -0.011 

 (0.0128) (0.0190) (0.0103) (0.0158) (0.0096) (0.0143) 
2003 Utilization  0.001***  0.001***  0.001*** 
  (0.0001)  (0.0000)  (0.0000) 
_cons 0.129*** -0.028 0.077*** -0.027 0.158*** 0.063*** 

 (0.0079) (0.0322) (0.0064) (0.0267) (0.0059) (0.0242) 
N 3221638 400052 3221638 400052 3221638 400052 

b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Data come from MarketScan® enrollees aged 9-26 who had an encounter with a primary care health care professional in 2007 
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Table 10b: IV Estimates by Age - MarketScan® 
 

  Physician practice: Tdap and MCV Instrument 

 (1) (2) (3) (4) (5) (6) 
 Pooled Age<13 Age 13-15 Age 16-18 Age 19-21 Age > 21 
Any Outcome -1.257*** -0.23*** -0.643*** -1.063*** -2.56*** -8.148*** 
 (0.0175) (0.0087) (0.0164) (0.0260) (0.1392) (0.7474) 
STI -0.84*** -0.048*** -0.286*** -0.731*** -2.015*** -6.089*** 
 (0.0142) (0.0040) (0.0109) (0.0218) (0.1222) (0.5852) 
Pregnancy -0.866*** -0.188*** -0.494*** -0.73*** -1.835*** -6.129*** 
 (0.0131) (0.0076) (0.0129) (0.0194) (0.1045) (0.5713) 
Employee Classification Y Y Y Y Y Y 
Employee Status Y Y Y Y Y Y 
2003 Utilization N N N N N N 
Controls for State of 
Residence Y Y Y Y Y Y 

N 3221638 707,257 588,948 623,501 527,543 949,073 

First Stage Coefficient 0.231*** 0.268*** 0.440*** 0.395*** 0.128*** 0.023*** 
 (0.0023) (0.004) (0.006) (0.006) (0.006) (0.002) 
F 1339.70 541.92 312.86 353.15 172.19 898.06 

b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Data come from MarketScan® enrollees aged 9-26 who had an encounter with a primary care health care professional in 2007
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Table 11a: State variation in VFC funding IV Results 

 (1) (2) (3) 

11 and 12 year olds 
Risky Behavior 

Post Vaccination

STI Diagnosis or 
Testing: Any Post 

Period 

Pregnancy 
Diagnosis or 

Testing: Any Post 
Period 

Vaccinated in 2007 0.212*** 0.029** 0.190** 
 (0.0793) (0.0140) (0.0756) 

Age 0.024*** 0.011*** 0.014*** 
 (0.0032) (0.0007) (0.0031) 

Employee Classification    
Salary - Union 0 -0.002 0.002 

 (0.0065) (0.0016) (0.0064) 
Salary Other -0.01* -0.003*** -0.008* 

 (0.0055) (0.0011) (0.0049) 
Hourly - Non-union 0.029*** 0.011*** 0.02*** 

 (0.0063) (0.0015) (0.0062) 
Hourly - Union 0.043*** 0.014*** 0.033*** 

 (0.0067) (0.0018) (0.0067) 
Hourly - Other 0.019** 0.006** 0.014** 

 (0.0077) (0.0028) (0.0062) 
Non-Union 0.005 0.002* 0.003 

 (0.0076) (0.0013) (0.0069) 
Union 0.027*** 0.016*** 0.015* 

 (0.0088) (0.0028) (0.0082) 
Employee Status    

Active - Part Time -0.013** -0.003 -0.01** 
 (0.0059) (0.0024) (0.0046) 

Early Retiree 0.032*** 0.009*** 0.024*** 
 (0.0091) (0.0029) (0.0080) 

Medicare Eligible Retiree 0.029*** 0.007* 0.029*** 
 (0.0095) (0.0043) (0.0087) 

Retiree 0.018 0.01*** 0.002 
 (0.0109) (0.0026) (0.0104) 

COBRA Continuee -0.016** -0.01*** -0.007 
 (0.0076) (0.0014) (0.0071) 
Long Term Disability 0.013 0.006 0.01 
 (0.0152) (0.0079) (0.0141) 

Surviving Spouse/Dep 0.041 0.015 0.045 
 (0.0393) (0.0180) (0.0406) 

_cons -0.283*** -0.124*** -0.17*** 
 (0.0195) (0.0059) (0.0193) 

N 321633 321633 321633 
b coefficients; standard errors in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01 
Data come from MarketScan® enrollees who had an encounter with a primary care health care professional in 2007 
Models include controls for state of residence and Standard errors are clustered at the state level
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Table 11b: IV Estimates by Age - MarketScan® 

  VFC Instrument 

  (1) (2) (3) (4) (5) 

  
Age 

11&12 
Age 13-15 Age 16-18 Age 19-21 Age > 21 

Any Outcome  0.212*** 0.944** 2.3* 4.66*** 4.708*** 

  (0.0793) (0.4063) (1.3031) (1.7706) (1.6257) 

STI  0.029** 0.572** 1.984* 4.059*** 4.065*** 

  (0.0140) (0.2394) (1.0182) (1.4260) (1.1622) 

Pregnancy  0.190** 0.65* 1.536 2.782** 2.306* 

  (0.0756) (0.3495) (1.1070) (1.3154) (1.2350) 

Employee Classification  Y Y Y Y Y 

Employee Status  Y Y Y Y Y 

2003 Utilization  N N N N N 
Controls for State of 
Residence 

 N N N N N 

N  321633 815,151 843,882 751,655 1,290,862 

First Stage Coefficient  0.044** 0.048* 0.034** 0.026** 0.010*1 

  (0.0164) (0.024) (0.017) (0.012) (0.006) 

F  50.60 35.67 46.93 119.95 107.93 
b coefficients; standard errors in parentheses, coefficients are on vaccination status in 2007; * p < 0.1, ** p < 0.05, *** p < 0.01 
Data come from MarketScan® enrollees who had an encounter with a primary care health care professional in 2007 
Models include controls for state of residence and Standard errors are clustered at the state level in the VFC instrument models 
1When this age group is broken down further: age 22-24 and age 25-26, the instrument does not produce statistically significant 
first stage coefficients on vaccination status 
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Table 12: Regression Discontinuity Results – NHIS and MEPS 
Outcome=1 if medical claims for pregnancy, birth control or STI in 2 years post NHIS 

(a) Full sample of unmarried women 
MEPS: 2008-2010 (1) (2) (3) (4) (5) (6) 
 OLS: 

Univariate 
OLS First Stage 

Discontinui
ty 

Reduced 
Form 

RD - 
Global 

Polynomial 

RD - Local 
Nonparame

tric 
HPV 0.0479 0.0346   -0.453* -0.452 
 (0.0323) (0.0346)   (0.223) (0.476) 
Eligible for VFC   0.142* -0.0570***   
   (0.0617) (0.00997)   
_cons 0.0573*** 0.0515* 0.118*** 0.103*** 0.187*** 0.194 
 (0.00544) (0.0179) (0.00815) (0.00515) (0.0212) (0.0744) 
SES Controls No Yes No No No No 
Polynomial Order   2 2 2 1 
N 1051 977 1051 4119 1051 201 

 
(b) Low Income (Family Income under $35,000) 
MEPS: 2008-2010 (1) (2) (3) (4) (5) (6) 
 OLS: 

Univariate 
OLS First Stage 

Discontinui
ty 

Reduced 
Form 

RD - 
Global 

Polynomial 

RD - Local 
Nonparame

tric 
HPV -0.0392 -0.0400   -0.618* -0.558 
 (0.0415) (0.0441)   (0.304) (0.558) 
Eligible for VFC   -0.0988 -0.0680***   
   (0.0996) (0.0159)   
_cons 0.0662*** 0.0459 0.133*** 0.112*** 0.210*** 0.215 
 (0.00973) (0.0305) (0.0160) (0.00937) (0.0497) (0.144) 
SES Controls No Yes No No No No 
Polynomial Order   2 2 2 1 
N 671 638 671 2030 671 132 

 
(c) Middle and High Income (Family Income above $35,000) 
MEPS: 2008-2010 (1) (2) (3) (4) (5) (6) 
 OLS: 

Univariate 
OLS First Stage 

Discontinu
ity 

Reduced 
Form 

RD - 
Global 

Polynomial 

RD - Local 
Nonparam

etric 
HPV 0.208*** 0.175***   -0.0475 0.0936 
 (0.0503) (0.0525)   (0.213) (0.320) 
Eligible for VFC   0.318*** -0.0447***   
   (0.0785) (0.0128)   
_cons 0.0417*** 0.0520* 0.0871*** 0.0930*** 0.132*** 0.0891 
 (0.0115) (0.0226) (0.0232) (0.00918) (0.0369) (0.0762) 
SES Controls No Yes No No No No 
Polynomial Order   2 2 2 1 
N 380 367 380 2089 380 69 

b coefficients; se in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table 13a: TS2SLS Results 

BRFSS (1) (2) (3) (4) 
 Birth Control 

Use 
Birth Control 

Use 
Condom Use Condom Use 

Medicaid for children -0.0347***  -0.273  
over 100% of FPL (0.00465)  (0.186)  
     
HPV  -0.608  0.691 
  (0.659)  (0.835) 
     
Hispanic -0.0709 -0.0586 -0.103 -0.0194 
 (0.0410) (0.0485) (0.0884) (0.0711) 
     
Non-White -0.0592*** -0.0770 -0.426** -0.0228 
 (0.00461) (0.0630) (0.171) (0.0818) 
     
Less than HS -0.0874** -0.150* -0.163 -0.249** 
 (0.0231) (0.0776) (0.0975) (0.104) 
     
HS Degree -0.0453 -0.0919 -0.114* -0.180** 
 (0.0406) (0.0632) (0.0595) (0.0902) 
     
Some College -0.0376 -0.0575* -0.110* -0.163*** 
 (0.0233) (0.0341) (0.0485) (0.0547) 
     
Age -0.00382 -0.0219 -0.0130* -0.00450 
 (0.00389) (0.0205) (0.00605) (0.0254) 
     
_cons 1.026*** 1.613** 1.188*** 0.558 
 (0.0939) (0.697) (0.232) (0.874) 
N 989 989 1195 833 

b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Standard errors are clustered at the state level 
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Table 13b: TS2SLS Results – No High Income Observations 

BRFSS (1) (2) (3) (4) 
 Birth Control 

Use 
Birth Control 

Use 
Condom Use Condom Use 

Medicaid for children -0.0386***  -0.255  
over 100% of FPL (0.00403)  (0.185)  
     
HPV  -0.638  0.791 
  (0.661)  (0.849) 
     
Hispanic -0.0711* -0.0554 -0.127 -0.0341 
 (0.0326) (0.0549) (0.0965) (0.0767) 
     
Non-White -0.0703*** -0.0904 -0.415** -0.0172 
 (0.00371) (0.0688) (0.170) (0.0786) 
     
Less than HS -0.102*** -0.178* -0.158 -0.213* 
 (0.0192) (0.0929) (0.0924) (0.120) 
     
HS Degree -0.0546 -0.107 -0.118* -0.167* 
 (0.0362) (0.0671) (0.0589) (0.0913) 
     
Some College -0.0572** -0.0848* -0.102** -0.129** 
 (0.0181) (0.0462) (0.0421) (0.0591) 
     
Age -0.00385 -0.0218 -0.0132* -0.00337 
 (0.00371) (0.0194) (0.00603) (0.0253) 
     
_cons 1.051*** 1.646** 1.174*** 0.487 
 (0.0928) (0.686) (0.238) (0.884) 
N 910 910 1103 761 

b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Standard errors are clustered at the state level 
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Table 14a: TS2SLS Results 
BRFSS (1) (2) (3) (4) 
 Birth Control Use Birth Control Use Condom Use Condom Use 
VFC Plus* -0.0722***  -0.493***  
 (0.0121)  (0.0433)  
     
HPV  -2.216  -2.023 
  (3.133)  (4.776) 
     
Hispanic -0.0676 -0.0369 -0.0115 0.0171 
 (0.0398) (0.0618) (0.0206) (0.0978) 
     
Non-White -0.101*** -0.189 -0.596*** -0.221 
 (0.0117) (0.220) (0.0149) (0.347) 
     
Less than HS -0.0883** -0.324 -0.217** -0.536 
 (0.0228) (0.327) (0.0813) (0.530) 
     
HS Degree -0.0436 -0.218 -0.140** -0.394 
 (0.0401) (0.246) (0.0505) (0.392) 
     
Some College -0.0366 -0.112 -0.114** -0.255 
 (0.0235) (0.111) (0.0477) (0.170) 
     
Age -0.00353 -0.0693 -0.0169** -0.0852 
 (0.00402) (0.0927) (0.00529) (0.142) 
     
_cons 1.057*** 3.239 1.530*** 3.325 
 (0.0884) (3.171) (0.158) (4.877) 
N 989 989 1195 833 

b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Standard errors are clustered at the state level 
*First stage F=403.2 
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Table 14b: TS2SLS Results – No High Income Observations 
BRFSS (1) (2) (3) (4) 
 Birth Control 

Use 
Birth Control 

Use 
Condom Use Condom Use 

VFC Plus* -0.0712***  -0.474***  
 (0.0119)  (0.0447)  
     
HPV  -2.018  -1.834 
  (3.160)  (3.723) 
     
Hispanic -0.0673* -0.0318 -0.0285 0.0109 
 (0.0312) (0.0697) (0.0235) (0.102) 
     
Non-White -0.108*** -0.193 -0.584*** -0.223 
 (0.0102) (0.234) (0.0157) (0.282) 
     
Less than HS -0.102*** -0.351 -0.208** -0.534 
 (0.0189) (0.395) (0.0766) (0.476) 
     
HS Degree -0.0527 -0.222 -0.140** -0.387 
 (0.0353) (0.272) (0.0499) (0.315) 
     
Some College -0.0559** -0.145 -0.102** -0.245 
 (0.0181) (0.151) (0.0404) (0.171) 
     
Age -0.00351 -0.0600 -0.0168** -0.0771 
 (0.00386) (0.0883) (0.00525) (0.104) 
     
_cons 1.076*** 2.998 1.507*** 3.090 
 (0.0867) (3.125) (0.161) (3.664) 
N 910 910 1103 761 

b coefficients; standard errors in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Standard errors are clustered at the state level 
*First stage F=403.2 
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Appendix 1: Analysis of Selection and Vaccine Take-up 

Low vaccine take-up despite strong evidence of the vaccine’s efficacy and safety indicates that 

vaccination status is unlikely to be randomly distributed in the eligible population (Munoz, et al., 

2009). Parents of pre-adolescent and adolescent girls may have little information about the 

likelihood that they will engage in risky behaviors or that they already are doing so. Selection in 

this group is less likely to be based on observed behavior than on unobserved parental and 

household characteristics and attitudes about vaccines and teen sex. These factors are potentially 

endogenous to teen behavior (Jaccard, Dittus, & Gordon, 1996). In the NIS-Teen (Table 8, 

column 5), Hispanic teens are 4.5 percentage points more likely to be vaccinated than non-

Hispanic teens. Teens with parents who had less than a high school level of education are 2.8 

percentage points more likely to be vaccinated than respondents with parents who have college 

degrees. The strongest correlate of vaccination in the adolescent sample is whether a provider 

recommended the vaccine. Teens whose providers recommended the vaccine are 39 percentage 

points more likely to receive the vaccine than teens who did not get a recommendation.  

 
Evidence from the National Immunization Survey of Adolescents suggests that the most 

commonly reported  reasons for avoiding the HPV vaccine for one’s child are that the vaccine is 

“Not needed or not necessary” as well as child is “Not sexually active” and “Safety 

concerns/Side effects” (Darden, et al., 2013). Safety concerns have increased in frequency over 

the four years that the survey includes data on the HPV vaccine. Current evidence suggests that 

fears about the safety of the vaccine are unfounded, and that many more cases or cervical cancer 

could be prevented by more complete vaccine coverage (Omer, 2012). Moreover, the vaccine is 

most effective at preventing HPV and cervical cancer when it is administered before sexual 

activity is initiated, so parents are mistaken when citing lack of sexual activity as a 
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contraindication for the vaccine. The NSFG also indicates that parents are hesitant to provide the 

vaccine to their children because if a misconception about the vaccine’s indication. Of the 

respondents who report that they will not seek the vaccine for a daughter aged 9-18, 29.5% say 

the child is too young despite FDA guidelines that recommend the vaccine for girls as young as 

age 9, 23.1% cite vaccine safety concerns, and 14.9% believe that the child is not at risk of HPV. 

HPV is prevalent in the US population, with an overall rate of 42.5% in women aged 14-59. It is 

lower in the adolescent population (32.9%), but still high enough that the risk of contracting the 

virus is high for sexually active young women (Hariri, et al., 2011).   

Adult respondents who do not plan to get the vaccine may have more information about their 

own risk of contracting HPV. Twenty eight percent believe that they are not at risk of contracting 

HPV while the other top reasons for not receiving the vaccine include a lack of recommendation 

from a physician and concerns about vaccine safety. In the NHIS, BRFSS, NHANES and NSFG 

married respondents are less likely to report having the vaccine than unmarried respondents. 

Hispanic adults are less likely to receive the vaccine and more educated adults are more likely to 

receive the vaccine (Table 4, columns 1-4). Both of these correlations are in the opposite 

direction than the correlation between ethnicity and education and vaccination in the NIS-Teen 

data. 

Adults may be better able to assess the risk of contracting HPV for themselves than they are for 

children whose sexual behavior may not be knowable. In the NHANES7, selection into 

                                                            
The National Health and Nutrition Examination Survey is a national health survey that combines self‐
reported data from interviews as well as a clinical examination results. It includes data on health status, 
behaviors and health care utilization. It has included questions about the HPV vaccine since the 2007‐
2008 survey cycle. It includes over 10,300 females from 2007‐2010. 
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vaccination may indicate that individuals who engage in more risky behavior are more likely to 

receive the vaccine. Respondents who report inconsistent condom use are more likely to report 

being vaccinated than respondents who report always using a condom. Vaccination rates are very 

low in the group who report always using a condom, but it is likely that a large portion of this 

group is in a monogamous relationship and uses another form of birth control. Condom use is the 

only birth control method that offers some protection against HPV; however it can still be 

transmitted via condom-protected sexual intercourse (National Center for HIV/AIDS, 2013). 

Figure 2 
# of Times Sex with no 
Condom in Past year 

% Vaccinated N 

Never 3.69 667 
Less than ½ the time 13.98 329 
About ½ the time 14.46 166 
More than ½ the time 10.8 213 
Always 3.53 1330 

 

Vaccination patterns across varying degrees of sexual activity are less clear than they are across 

varying levels of condom use. While all respondents who report any sexual activity are more 

likely to be vaccinated than those who report none, respondents who report only one instance of 

intercourse in the past 12 months are twice as likely to be vaccinated than those who report 365 

or more instances. Moreover, among respondents who report more than one sexual partner in the 

past year, unvaccinated respondents report having over seven sexual partners in the past year 

while vaccinated respondents report just over 3 partners. 

Figure 3 
# of Times Sex in Past 
year 

% Vaccinated N 

Never 2.96 135 
Once 10.81 111 
2-11 times 5.37 633 
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12-51 times 5.56 935 
52-103 times 6.5 569 
104-364 times 6.51 430 
365 times or more 4.55 44 

 

Overall, the NHANES provides evidence that adults who engage in low to moderate levels of 

risky sexual behavior are less likely to be vaccinated if they engage in less risky behavior. 

Respondents at the high end of the risky behavior spectrum, e.g. those who have engaged in 365 

or more sexual encounters and those who report a large number of sexual partners, are also less 

likely to be vaccinated. 
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Table 1: Summary Statistics NSFG 
 (1) (2) (3) (4) 
 Full sample 

aged 15-39 
Full Sample 

HPV Question 
Asked 

Unvaccinated Vaccinated 

Age 28.41 20.66 20.87 20.03 
 (7.153) (2.200) (2.228) (1.982) 
Hispanic 0.173 0.133 0.137 0.121 
 (0.379) (0.340) (0.344) (0.326) 
White 0.663 0.683 0.660 0.751 
 (0.473) (0.466) (0.474) (0.433) 
Married 0.412 0.0989 0.118 0.0400 
 (0.492) (0.299) (0.323) (0.196) 
< HS Degree 0.161 0.134 0.144 0.104 
 (0.367) (0.340) (0.351) (0.305) 
HS Degree 0.214 0.263 0.277 0.221 
 (0.410) (0.440) (0.447) (0.416) 
Some College 0.332 0.421 0.388 0.519 
 (0.471) (0.494) (0.488) (0.500) 
College Deg 0.293 0.183 0.192 0.156 
 (0.455) (0.387) (0.394) (0.363) 
Income under 35,000 0.448 0.494 0.509 0.450 
 (0.497) (0.500) (0.500) (0.498) 
Income  35,000-75,000 0.341 0.334 0.339 0.316 
 (0.474) (0.472) (0.474) (0.465) 
Income > 75,000 0.211 0.172 0.152 0.234 
 (0.408) (0.378) (0.359) (0.424) 
N 10093 2040 1532 508 

Means computed using sample weights, standard deviations in parentheses 
Data from continuous NSFG – 2006-2010 
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Table 2: Summary Statistics NIS-Teen 
 (1) (2) (3) (4) 
 Full sample Full Sample 

HPV Question 
Asked 

Unvaccinated Vaccinated 

Age 15.01 15.00 14.91 15.18 
 (1.399) (1.399) (1.402) (1.377) 
Hispanic 0.186 0.181 0.173 0.194 
 (0.389) (0.385) (0.379) (0.396) 
White 0.752 0.752 0.752 0.752 
 (0.432) (0.432) (0.432) (0.432) 
< HS Degree* 0.134 0.129 0.131 0.126 
 (0.341) (0.336) (0.337) (0.332) 
HS Degree* 0.262 0.264 0.271 0.252 
 (0.440) (0.441) (0.445) (0.434) 
Some College* 0.266 0.268 0.264 0.275 
 (0.442) (0.443) (0.441) (0.446) 
College Deg* 0.338 0.338 0.333 0.347 
 (0.473) (0.473) (0.471) (0.476) 
Income under 35,000 0.380 0.381 0.369 0.403 
 (0.485) (0.486) (0.482) (0.490) 
Income  35,000-75,000 0.423 0.428 0.444 0.399 
 (0.494) (0.495) (0.497) (0.490) 
Income > 75,000 0.197 0.191 0.188 0.199 
 (0.398) (0.393) (0.390) (0.399) 
Provider Rec 0.514 0.516 0.365 0.786 
 (0.500) (0.500) (0.482) (0.410) 
N 60704 57092 35915 21177 

* Education levels are those of the parent 
Means computed using sample weights, standard deviations in parentheses 
 

 

Table 3: Summary Statistics YRBSS 
 (1) 
 Full sample 
Age 16.02 
 (1.229) 
Hispanic 0.178 
 (0.382) 
White 0.596 
 (0.491) 
N 56923 

Means computed using sample weights, standard deviations in parentheses 
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Table 4: Vaccination probability  
 (1) (2) (3) (4) 
 BRFSS NHIS NSFG NIS-Teen 
Age -0.00441*** -0.00281*** -0.0374*** 0.0305*** 
 (0.000226) (0.000101) (0.00422) (0.00131) 
Age Squared 0.00276*** 0.00350***   
 (0.000177) (0.000136)   
Hispanic -0.0101* -0.0221*** -0.0130 0.0449*** 
 (0.00427) (0.00279) (0.0248) (0.00570) 
Non-white -0.0163*** -0.0206*** -0.0370 -0.000383 
 (0.00324) (0.00249) (0.0198) (0.00448) 
Married -0.0504*** -0.0446*** -0.0885*  
 (0.00288) (0.00235) (0.0373)  
< HS Degree 0.00213 0.0137*** -0.0974** 0.0280*** 
 (0.00581) (0.00343) (0.0370) (0.00768) 
HS Degree 0.0108** -0.00421 -0.0823* 0.0163** 
 (0.00356) (0.00321) (0.0330) (0.00534) 
Some College 0.00613 0.00937** -0.0320 0.0102* 
 (0.00317) (0.00291) (0.0301) (0.00458) 
Income  35,000-75,000 0.00452 -0.00178 -0.00787 -0.0170*** 
 (0.00346) (0.00260) (0.0197) (0.00421) 
Income > 75,000 0.0166*** 0.0146*** 0.0556* 0.0510*** 
 (0.00390) (0.00300) (0.0259) (0.00666) 
Provider Rec    0.392*** 
    (0.00370) 
_cons 0.232*** 0.169*** 1.101*** -0.313*** 
 (0.0102) (0.00576) (0.0989) (0.0199) 
N 24521 47897 2691 57954 

Education Levels are for the parent in the NIS 
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Appendix 2: Regression Discontinuity 

1. Bin width selection 

In order to avoid over-smoothing the raw data, I conduct two tests to determine the ideal bin 

width. The smallest bin size available using age as the running variable is month of birth. I test a 

range of bins from 2-12 months. The test determines whether a given bin width, h is too wide by 

comparing the fit of a model using bin width h to a model using bin width h/2. If the smaller bin 

width provides a significantly better fit, it is likely that bin width h is too wide and important 

information will be lost to over-smoothing. 

I regress the treatment (HPV vaccination status) on bin dummies. For each bin size, h I construct 

indicator variables for K number of bins. I obtain the restricted R2 from this regression. I then 

halve the bin size to create 2K bins and regress the treatment variable on indicators for those 2K 

bins and obtain the unrestricted R2. An F statistic is computed by: 

/
1 / 1

 

Bin Size Unrestricted R2 Restricted R2 # of Bins F 
12 months .086 .084 20 1.135 
10 months .087 .084 24 1.846* 
8 months .089 .086 30 1.703* 
6 months .089 .086 40 1.242 
4 months .092 .089 80 .661 
2 months .099 .092 120 1.062 

 

The test results indicate that a bin size of 8 months or greater is likely to be over-smoothing the 

data, while a bin size of 6 months is not. 

2. The magnitude of the discontinuity in the first stage: 
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I test the magnitude of the discontinuity in the probability of receiving the HPV vaccine at the 

cutoff using a linear local polynomial model with a bandwidth of one year and a triangular kernel 

density function. I bootstrap using 500 repetitions 

Bin Width Discontinuity Z 
4 .1035 2.84 
2 .167 2.74 
1 .125 2.39 

 

The test reveals that there is a statistically significant discontinuous increase in the probability of 

receiving the HPV vaccine for respondents who are just under age 19 in August, 2007. The 

estimate of the first stage discontinuity ranges from 10 to 16.7 percentage points. 

 

3. Global Polynomial Approach: Polynomial Order Selection 

In a fuzzy RD setting, the effect of the treatment variable is computed using 2 stage least squares 

(2SLS). The entire data set is used to compute the effect of the HPV vaccine on behavior and the 

latent average treatment effect is the ratio of the reduced form or intent to treat (ITT) effect of 
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exposure to the discontinuity and the discontinuity in the first stage. The optimal polynomial 

order is informally determined by visualizing the raw relationship between the running variable 

(age) and the treatment variable (vaccination status). It is formally determined by the Schwarz 

Criterion or the Akaike Information Criterion, which balances the complexity of the model 

(number of regressors) with goodness of fit. 

Model Obs ll(null) ll(model) df AIC BIC 
poly1 15639 -7177.75 -6539.94 4 13087.89 13118.52 
poly2 15639 -7177.75 -6491.29 6 12994.58 13040.52 
poly3 15639 -7177.75 -6490.63 8 12997.27 13058.53 
poly4 15639 -7177.75 -6489.5 8 12995.01 13056.27 
poly5 15639 -7177.75 -6489.5 10 12999.01 13075.58 

      

Both visual examination and the AIC favor a second order polynomial fit. In a Fuzzy design, the 
first and second stage estimates are calculated using the same polynomial order. 

 

 

4. Local Linear Approach: Bandwidth Selection 
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I compute the optimal bandwidth in three ways: first using the Mean Square Error Optimal 

Bandwidth suggested by Calonico, Cattaneo and Titiunik (2013), second using the method 

suggested by Imbens and Kalyanaraman (2012), and third by cross-validation (Calonico, 

Cattaneo, & Titiunik, 2013a) (Imbens & Kalyanaraman, 2012). 

Method Optimal Bandwidth (h) 

MSE Optimal 37.87 

Imbens and Kalyanaraman (2012) 58.09 

Cross-Validation 59.15 
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Appendix 3: IV 

Table 1: Test of Instruments in Years Prior to HPV Vaccine Availability 

 (1) (2) (3) 
 Risk Current Birth Control 

Use 
Current Condom Use 

Medicaid for children 0.000998 -0.00000964 0.0147 

over 200% of FPL [-0.00164,0.00364] [-0.0165,0.0165] [-0.00571,0.0350] 
N 251673 48981 39244 

 
 

 (1) (2) (3) 
 Risk Current Birth Control 

Use 
Current Condom Use 

Universal  0.000934 0.00735 -0.00939 
Vaccine Purchase [-0.00187,0.00373] [-0.0125,0.0272] [-0.0324,0.0136] 

N 251673 48981 39244 
b coefficients; ci in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
 

Table 2: States’ Medicaid Eligibility and VFC Funding statuses in 2008 

State Universal Purchase VFC 
Medicaid Coverage for 
Children aged 6-19 over 

100% FPL 

Alabama No No 
Alaska Yes Yes 
Arizona No No 
Arkansas No Yes 
California No No 
Colorado No No 
Connecticut Yes Yes 
Delaware No No 
DC No Yes 
Florida No No 
Georgia No No 
Hawaii Yes Yes 
Idaho Yes Yes 
Illinois No Yes 
Indiana No Yes 
Iowa No Yes 
Kansas No No 
Kentucky No Yes 
Louisiana No Yes 
Maine Yes Yes 
Maryland No Yes 
Massachusetts Yes Yes 
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Michigan No Yes 
Minnesota No Yes 
Mississippi No No 
Missouri No Yes 
Montana No Yes 
Nebraska No Yes 
Nevada Yes No 
New Hampshire Yes Yes 
New Jersey No Yes 
New Mexico Yes Yes 
New York No Yes 
North Carolina Yes No 
North Dakota No No 
Ohio No Yes 
Oklahoma No Yes 
Oregon No No 
Pennsylvania No No 
Rhode Island Yes Yes 
South Carolina No Yes 
South Dakota Yes Yes 
Tennessee No No 
Texas No No 
Utah No No 
Vermont Yes Yes 
Virginia No Yes 
Washington Yes Yes 
West Virginia No No 
Wisconsin No Yes 
Wyoming Yes No 

 

Table 3: Falsification test 

Outcome=1 if respondent always or almost always wears a seatbelt 

 (1) (3) 
 Instrument: 

Medicaid 
Coverage for 

children aged 6-19 
over 100% FPL 

Universal 
Purchase VFC 

HPV 0.0363 0.00263 
 [-0.526,0.598] [-0.541,0.547] 
   
_cons 0.953*** 0.992*** 
 [0.235,1.671] [0.413,1.571] 
N 1360 1360 
F   
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Table 4: BRFSS 

Complier Population Size 

  (1) (2) (3) (4) (5) 

Instrument   P[D=1] 
Wald 1st 
stage P[Z=1] P[D1>D0|D=1] P[D1>D0|D=0] 

VFC Full Sample 0.0714 0.0335 0.2831 0.132827031 0.010213063 

 Under 25 0.356 0.1702 0.282 0.134821348 0.074528571 

Caid 6-19 Full Sample 0.0714 0.0199 0.6146 0.171296078 0.013170946 

 Under 25 0.356 0.1241 0.6101 0.212678118 0.117567407 

Caid 21-26 Full Sample 0.0714 0.008 0.6076 0.068078431 0.005234547 

  Under 25 0.356 0.0649 0.6115 0.111478511 0.061624767 

 

Table 5: MarketScan® 
Complier Population Size 

 (1) (2) (3) (4) (5) 

Instrument P[D=1] 1st stage P[Z=1] P[D1>D0|D=1] P[D1>D0|D=0] 

VFC 0.1331 0.0317 0.0609 0.014504358 0.002226935 

Physician 0.1331 0.1042 0.5573 0.436293464 0.066986573 
 

1. Complier Characteristics 

IV estimates of the effect of the HPV vaccine on risky sexual behavior vary across instruments. 

When different instruments produce substantially different LATEs, it is reasonable to consider 

the possibility of heterogeneous treatment effects. Column 2 of Table 4 contains the Wald first 

stage estimates of the effect of the instrument on vaccination status in the BRFSS. The Wald first 

stage gives the absolute size of the complier population for each state-based instrument. Column 

4 is the size of the complier population relative to the size of the vaccinated population and 

column 5 is the size relative to the unvaccinated population.  All three state-level instruments 

affect a larger complier population when the sample is restricted to respondents under age 25. 

This is expected because both Medicaid generosity and VFC funding affect the price and 

availability of the vaccine for low income adolescents. The VFC instrument affects a larger 
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complier population than the Medicaid instruments, which is likely to be due to the fact the 

Universal Purchase VFC states provide vaccines for free to all children regardless of 

socioeconomic status. Physician behavior is a strong predictor of vaccination status. Compliers 

for this instrument make up a larger proportion of the sample than for the state-based 

instruments. 

Complier characteristics also vary across instruments.  State-level instrument compliers are more 

likely to be young, and low income than the average subject in the sample (Table 5). They are 

also much more likely to be Hispanic. In the MarketScan® database, few covariates are 

available. I use characteristics of the insurance policyholder, who in my sample of women aged 

9-26 is usually a parent or the subject. The data illustrate that compliers of the state-based VFC 

instruments are more likely to be on insurance policies held by part time, hourly and union 

employees while the physician instrument affects a broader population of compliers (Table 7). 
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Table 6: Complier Characteristics, BRFSS 

      VFC   Caid 6-19 

 (1)  (2) (3)  (4) (5) 

Variable 
P[x1i=1]   P[D1i>D0i|x1i=1] 

P[x1i=1|D1i>D0i]/ 
P[x1i=1] 

  P[D1i>D0i|x1i=1] 
P[x1i=1|D1i>D0i]/ 

P[x1i=1] 

Age<=25 0.113  0.1702 5.0806  0.1241 6.2362 

Income Under 25,000 0.2247  0.0541 1.6149  0.0379 1.9045 

Less than some 
college 

0.3023  0.0361 1.0776  0.0239 1.2010 

Non-White 0.7441  0.0419 1.2507  0.0213 1.0704 

Hispanic 0.1197  0.0684 2.0418  0.0594 2.9849 
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Table 7: Complier Characteristics, MarketScan® 

      VFC   Physician 

 (1)  (2) (3)  (4) (5) 

Variable 
P[x1i=1]   P[D1i>D0i|x1i=1] 

P[x1i=1|D1i>D0i]/ 
P[x1i=1] 

  P[D1i>D0i|x1i=1] 
P[x1i=1|D1i>D0i]/ 

P[x1i=1] 

Age <14 0.2712  0.0218 0.6877  0.1038 0.9962 

Age <18 0.5087  0.0348 1.0978  0.1248 1.1977 

Hourly Employee 0.343  0.0447 1.4101  0.0783 0.7514 

Union Employee 0.2442  0.0644 2.0315  0.0429 0.4117 

Non-full time 0.0743  0.0564 1.7792  0.0552 0.5298 
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CHAPTER 2 

 

 

 

 

 

Socioeconomic Disparities in Waiting Time for Medical Care in the U.S.: Evidence from the 
American Time Use Survey 

Anna Hill, Cornell University 
John Cawley, Cornell University, NBER, IZA  

 
 

Abstract: Socioeconomic disparities in quality of health care are well documented in the United States. We 
use the American Time Use Survey, the National Health Interview Survey (NHIS) and the National Health 
and Nutrition Examination Survey (NHANES) to examine socioeconomic differences in in-office waiting 
times for medical care. Low income and publicly insured individuals wait longer than higher income groups 
and those with private coverage. These results are robust to the inclusion of a variety of controls. There are 
several possible explanations for this pattern of results. An SES gradient in waiting time may be due to both 
patient-level and provider-level differences. Lower income respondents could be getting care without an 
appointment or they may experience a lower opportunity cost of time than high income respondents and 
are therefore showing up earlier to appointments. It could also be that sick patients require medical care 
from specialists with long waiting times or that they are unable to seek care from physician extenders. In 
the NHANES and NHIS, low income respondents are less likely to use a doctor’s office and more likely to 
use a clinic than respondents in the highest income categories. This provides suggestive evidence that 
systematic differences in waiting time between socioeconomic groups can be partly explained by variations 
between providers. 
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Introduction:  

The relationship between health and socioeconomic status (SES) is well established: individuals 

with higher income and higher education levels tend to be healthier (Grossman, 1972; Grossman, 

1999; Cropper, 1977; Wagstaff, 1986). One explanation for the SES gradient in health status is 

that disparities exist in both access to and quality of medical care. While a large body of 

economic literature focuses on inequalities in general, health is of particular interest partly due to 

its effect on people’s opportunities and because it acts as a complement to other commonly 

studied dimensions of inequality (like income) (Fleurbaey & Schokkaert, 2012). Inequalities in 

health care contribute both to inequalities in health and wellbeing as well as potentially to 

broader societal notions of equality and justice.  

We focus our analysis on waiting time because time costs make up a substantial portion of the 

price of medical care in the United States. A 2008 study using ATUS data finds that 207 million 

work weeks are spent on obtaining medical care annually (Russell, Ibuka, & Carr, 2008). The 

rollout of the Patient Protection and Affordable Care Act of 2010 will result in expansion of 

health insurance coverage by 32 million adults, potentially exacerbating the primary care 

provider shortage in the United States. Coverage expansions are expected to result in 15 to 24.3 

million additional primary care visits by 2019 (Hofer, Abraham, & Moscovice, 2011).  As 

demand for primary care services increases, waiting will become an increasingly significant 

component of the cost of obtaining medical services. This study will determine whether the time 

cost of all kinds of medical care is disproportionately borne by individuals of low SES. We study 

the relationship between income, education, race, ethnicity and health insurance coverage and in-

office waiting time for medical care. We exploit a novel source of data: while prior work uses 

survey and administrative data sources, we use time use data. Our data allow us to observe 
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waiting times for a nationally representative sample across a broad variety of medical settings. 

Unfortunately, time use data do not include information about medical conditions, severity or 

provider type, which are all strongly correlated with in-office waiting. Administrative data more 

detailed-provider-level and medical data, but fewer individual-level socioeconomic variables that 

tend to be of importance in economic research. 

Waiting is a rationing mechanism in health care systems that provide universal health insurance 

coverage, and may be considered more equitable than systems that ration based on ability or 

willingness to pay (Siciliani & Verzulli, 2009). While prolonged waiting for medical care is 

largely considered undesirable, disproportionately long waiting times for minority and low SES 

individuals may threaten the notion of equity. Waiting may occur in two different ways: 

individuals may wait for an appointment over a period of days or weeks and they may wait at the 

provider’s office for a period of minutes or hours. Waiting time, either in the office or for an 

appointment, for non-urgent or routine care contributes to patient satisfaction and the full cost of 

care, but is unlikely to directly affect health outcomes. 

We focus on waiting while at the provider’s office (in-office waiting), while prior work has 

generally focused on waiting time for elective procedures and doctor appointments or for care in 

the emergency department. For urgent or emergent cases, in-office waiting time directly affects 

the quality of care received: outcomes depend on timely initiation of care for conditions like 

stroke and heart attack (Adams, et al., 2003; Antman, et al., 2004). Johnston (2011) suggests that 

disparities in waiting time for medical care in the emergency department have implications 

beyond unlawful discrimination. Long waiting times may affect both medical outcomes as well 

as health care seeking behavior among minorities and low SES patients (Johnston & Bao, 2011). 

Prolonged in-office waiting may even lead to disparities in access by causing individuals to delay 
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obtaining medical care. A 1991 survey of admitted hospital patients revealed that those patients 

who reported delays in seeking care when symptoms arose stayed in the hospital 9% longer than 

those patients who did not delay (Weissman, et al., 1991). If the time cost of obtaining medical 

care discourages use altogether, the social cost of providing medical care to poor patients may 

increase. Data from the National Health Interview Survey indicate that waiting affects the 

decision to obtain or delay seeking medical care. 

Recent work on waiting for appointments for elective procedures (in days) in European countries 

indicates that high income and highly educated individuals wait less for elective procedures like 

hip replacements (Monstad, Engesaeter, & Espehaug, 2014; Laudicella, Siciliani, & Cookson, 

2012) and specialist consultations (Siciliani & Verzulli, 2009). Some evidence suggests that 

controlling for condition, severity and/or facility reduces the associations between SES and 

waiting time (Kaarboe & Carlsen, 2014), but overall this work suggests that low SES individuals 

have less access to elective procedures in universal health coverage settings. 

Current literature on in-office waiting in the U.S. focuses mainly on emergency department 

waiting times. A 2012 study using the NHAMCS-ED finds that Hispanic patients wait 10 

minutes longer than non-Hispanic white patients, but that a large portion of this difference can be 

attributed to hospital selection. Minority and poor patients may seek care at more crowded 

facilities (Sonnenfeld, Pitts, Schappert, & Decker, 2012). Disparities within diagnosis and within 

facility have also been found. Minority patients were 1.4 times more likely than non-Hispanic 

white patients to wait over an hour for an evaluation of chest pain in a sample of 4117 patient 

visits (Johnston & Bao, 2011). In a sample of 543 ED admissions for stroke symptoms, black 

patients were found to be nearly twice as likely as non-Hispanic White patients to wait longer 

than medical guidelines recommend for care (Karve, Balkrishnan, Mohammad, & Levine, 2011). 
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Implications for longer waiting times for low SES individuals may extend beyond health. Acton 

(1976) develops a theoretical model that predicts negative time-price elasticities for the demand 

for medical care. Empirically, he finds that the elasticity of demand for medical services with 

respect to travel time is comparable to the money-price elasticity, and smaller but still negative 

elasticities with respect to own waiting time. Time enters the demand equation as a normal price 

indicating that consumers of healthcare consider time spent on medical care costly (Acton, 

1976). The opportunity cost of time spent waiting for and obtaining medical care could be 

especially high for low income groups. Low SES individuals are more likely to be hourly wage 

earners than salaried employees, and are therefore more likely to lose income when seeking 

medical care during work hours. Salaried employees are much less likely to lose income when 

they seek medical care at any time of the day. Torgerson, et al. (1994) find that salaried workers 

demonstrate the lowest opportunity cost of time for obtaining medical care and hourly wage 

earners the highest relative to their own wage rates (Torgerson, Donaldson, & Reid, 1994). If 

low SES individuals wait more, this can compound real income losses that may result from 

seeking medical care.  

Differences in waiting time for medical care across SES in the United States may exist for a 

variety of reasons. Low SES individuals may face a low opportunity cost of time, and therefore 

arrive earlier for appointments. They may seek care from providers who are busy and have 

longer waiting times or from low cost clinics that do not make appointments. Low SES patients 

may face discrimination from providers due to the relatively lower reimbursement rates for 

patients on public insurance. Poor individuals have less access to preventive care, and may seek 

medical care without an appointment due to acute health problems related to ambulatory care 

sensitive conditions. We are unable separately observe these mechanisms using time use data. 
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Data: We use data from the American Time Use Survey (ATUS) from 2003 to 2012, which 

includes 136,960 respondents. The ATUS is funded by the Bureau of Labor Statistics and 

administered by the CPS, and the sample is a nationally representative subsample of CPS 

outgoing rotation households from 2003-2012. ATUS households are chosen based on the 

characteristics of the CPS reference person in the household and one adult from each ATUS 

household is randomly chosen to complete the survey. Respondents provide a complete time 

diary via computer assisted phone interview (CAPI) for a full 24 hour period beginning at 4 AM 

the day before the ATUS interview and ending at 4 AM the day of the interview. Activities are 

coded by the BLS following the collection of a complete diary day and secondary and tertiary 

activities (activities occurring at the same time as a main activity) are not included in the data set. 

CPS variables are available for nearly all ATUS respondents (Bureau of Labor Statistics, 2013). 

The Eating and Health Module includes questions about general health, height, clinical weight 

classification and detailed eating information. The module was administered for three years 

(2006-2008). We use Eating and Health variables to examine the relationship between health 

status and clinical weight classification and waiting time for medical care. The CPS Annual 

Social and Economic Study (ASEC), or the March supplement contains data about health 

insurance coverage and one third of the ATUS sample was eligible for the March supplement. 

We use data from the ASEC on health insurance status and coverage type to determine whether 

insurance coverage is associated with waiting time for medical care. While the ATUS provides 

rich data about the way US residents use their time, it is not without limitations. The survey 

response rate is between 50 and 60% annually, and nonresponse is potentially correlated 

unobservable respondent characteristics that affect time allocation (Hammermesh, Frazis, & 

Stewart, 2005).  
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The ATUS provides information about the total time spent obtaining medical services including 

travel and waiting time. It covers a broad range of respondents and provider types (though those 

provider types are not enumerated in the data). 3,582 ATUS respondents report obtaining 

medical services outside the home (for a total of 4,008 instances of obtaining medical care). The 

ASEC-ATUS matched sample contains 1082 instances of waiting for care and the Eating and 

Health Modules includes 1100 instances of waiting for medical care. Combining both samples 

yields a small sample of 318 episodes of waiting for medical care. Most instances of obtaining 

medical care in the ATUS data will be for routine or non-urgent patients. Urgent and emergent 

patients are unlikely to be captured in the ATUS data. Respondents who are very ill or who 

experienced a medical emergency the day before an ATUS interview are unlikely to be in the 

sample.  

As an extension we investigate whether type of provider used for routine care varies by SES, 

because different kinds of providers are likely to have different average in-office waiting times. 

We use the National Health and Nutrition Examination Survey (NHANES) and the National 

Health Interview Survey (NHIS) to determine the association between SES and demographic 

characteristics and the types of providers most often seen for medical care. We are unable to 

observe where ATUS respondents seek medical care, which has been found to be strongly 

associated with waiting time in prior empirical work. While we cannot make any definitive 

connections between waiting time in the ATUS and survey responses in the NHANES and 

NHIS, it does provide insight into what kinds of providers are seen routinely by separate 

demographic groups. 

NHANES is a national health survey that combines self-reported data from interviews as well as 

a clinical examination results. It includes data on health status, behaviors and health care 
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utilization. Of particular relevance to this project, it has data on the usual primary health care 

provider location visited by survey respondents. Potential responses include: clinic or health 

center, doctor's office or HMO, hospital emergency room, hospital outpatient department, and 

other location. We use data from 2003-2010, comprising 36,323 observations. Individual 

characteristics available in the data include: age, race, ethnicity, education level, income, and 

self-reported health status.  

The NHIS is administered annually at the household level by the CDC’s National Center for 

Health Statistics and is funded as part of the US National Health Survey act of 1956 to track 

illness and disability in the United States. The NHIS employs a sampling design that results in a 

representative sample of US households and non-institutional group living quarters. Sampling 

designs are updated following every decennial census. The NHIS oversamples black, Asian and 

Hispanic households and provides sample weights and survey design variables to allow for 

nationally representative estimates. The survey response rate is close to 90%. Data is collected 

from between 30,000 and 40,000 households annually via personal interview and computer 

assisted personal interview (CAPI). Data is collected at the household, family and individual 

level. A core questionnaire covers demographic information about the household and more 

detailed demographic and health data for each family member. One adult and one child are 

randomly chosen to complete more detailed questionnaires.  

Of particular interest to our study, the NHIS collects information on whether and where 

individuals seek preventive and routine medical care8 as well as information about the effect of 

                                                            
8 Exact wording of question: “What kind of place [do/does] [you/sample child] usually go when [you/sample child] 
need[s] routine preventive care, such as a physical examination or [well baby/child] check-up?” Potential responses 
include: Doesn't get preventive care anywhere; Doesn't go one place most often; Clinic or health center; Doctor's 
office or HMO; Hospital emergency room; Hospital outpatient department; Some other place.  
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in office waiting time on propensity to seek medical care9. These questions are part of the sample 

adult and sample child questionnaires (given to one randomly chosen adult and one randomly 

chosen child in the NHIS household).  

Method: We use time use data to test for systematic differences in waiting time by 

socioeconomic status. We look for evidence that individuals with low income, low education 

levels and minority status wait longer at the provider’s office to be seen. To examine 

socioeconomic differences in waiting times we first test for differences in unconditional mean 

waiting time for medical services across the following demographic variables: education level, 

income, race, ethnicity, gender, clinical weight classification, general health and insurance status. 

We then perform multivariate regression analysis, modeling waiting time on a linear function of 

the above variables as well as controls for: age, urbanicity, time of day, day of week, year, 

whether the diary day was a holiday and state of residence. We adjust for time of day and day of 

week because the timing of an episode of obtaining medical care is likely to be strongly 

correlated with waiting time. Episodes of care that occur during normal business hours are more 

likely to be the result of appointments than episodes that happen outside of regular working 

hours. They are also more likely to be at a doctor’s office or clinic, while episodes of obtaining 

care outside of business hours are more likely to occur at hospitals or urgent care clinics. There 

has been some disagreement about the appropriate empirical model for analyzing time use data, 

due to the high number of zeroes present in the outcome variables. It has been suggested that 

time use data is well suited to two-part estimation strategies or Tobit, however Stewart (2009) 

                                                            
9 Exact wording of question: “There are many reasons people delay getting medical care. Have you delayed getting 
care for any of the following reasons in the past 12 months?” The response of interest is “once you get there (the 
clinic or doctor’s office), you have to wait too long to see the doctor.” 
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tests OLS against two-part and Tobit models using simulated data and finds that OLS produces 

unbiased results while the other two models do not (Stewart, 2009). 

To put the time spent waiting for medical care in context, we compare it to time spent waiting for 

other common services such as banking, legal services, shopping and eating. We first explore 

differences in the time cost of medical care across employment status, we compute the average 

duration of traveling to and from, waiting for and obtaining medical services as well as the 

average duration of the total time spent in these categories. We compare the time cost of 

obtaining medical care for one’s self to the time cost of other common non-work activities 

including: eating and drinking, shopping, using banking and financial services and using legal 

services. The ATUS is well suited to valuing time because it includes detailed wage and labor 

market information. We proxy for the opportunity costs of time using self-reported wages per the 

human capital method of valuing time spent on health care (Tranmer, Guerriere, Ungar, & Coyte, 

2005). The HCM assumes that the returns to investments in health capital (e.g. time spent 

obtaining medical services) are realized via increased labor productivity (i.e. wages) and that 

reductions in health capital result in lost earnings (Marcotte & Wilcox-Gok, 2001). While the 

HCM is popular due to the wide availability of wage data in economic surveys, it does require 

several strong assumptions. Mainly, it assumes that an individual is always producing at 100% 

capacity while at work. It also assumes full employment in the labor market (Becker G. , 1965). 

While the HCM provides a straightforward way to estimate the opportunity cost of time lost 

from labor market activities (own hourly wage rate), it also allows for a wage-based estimate of 

the value of time lost from non-wage labor (like child care) and leisure (Cauley, 1987). 

Individuals are likely to value forgone non-wage labor time at the prevailing wage for that work. 

Average wages are also used to value leisure time lost to health investments (Tranmer, Guerriere, 
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Ungar, & Coyte, 2005).  Therefore, ATUS respondents who are not employed are assigned an 

opportunity cost of time equal to an imputed hourly wage computed as a linear function of age, 

race, education level and region. We also explore a model that assigns a $0 opportunity cost of 

time to ATUS respondents who are unemployed or out of the labor force. 

Results:  

Waiting episodes in the ATUS range from zero to 540 minutes, with an average of 13.17 minutes 

(39.80 minutes for all non-zero waiting time episodes). Of the 3,582 ATUS respondents who 

report obtaining medical care, 2,457 report no waiting time. We assign zero waiting time to any 

instance of obtaining medical care that does not accompany an episode of waiting before or after 

obtaining medical care. However, it is likely that waiting time is underreported in the ATUS. 

Respondents may not differentiate episodes of waiting from episodes of obtaining medical care: 

the average duration of obtaining medical services is 75.9 minutes when no waiting time is 

reported and 53.8 minutes when an episode of waiting is reported. Underreporting of waiting 

episodes is unlikely to be randomly distributed in the ATUS data set. It is likely to be correlated 

with the duration of waiting: longer waiting times may be more likely to be reported than short 

episodes of waiting. The average duration of an episode of waiting associated with medical care 

is 39.8 minutes, which is substantially more than the difference in average duration of obtaining 

medical services across waiting status. Assigning zero minutes of waiting to episodes of 

obtaining care that do not have an accompanying episode of waiting may lead to an 

underestimate of the duration of waiting for medical care for individuals who do not wait long. 

The data also contain a small number of episodes of waiting for medical services outside the 

home reported by individuals who never report obtaining medical services. 75 ATUS 

respondents report at least one episode of waiting and never report obtaining medical care and 
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another 15 report an episode of waiting without an episode of obtaining care within 3 activities, 

making up approximately 2.5% of all instances of waiting in the sample. The majority of these 

episodes of waiting are followed by an episode of travel within 3 activities and the average 

duration of these waiting episodes is over 80 minutes, possibly indicating that these waiting 

episodes ended when ATUS respondents left without being seen. For these observations, waiting 

time is censored, but given that so few respondents report waiting for but not obtaining medical 

care we do not adjust for censoring. These individuals may also have reported waiting 

incorrectly. Given the small number of respondents who leave without being seen, we cannot 

infer whether they differ systematically from the main ATUS sample that reports waiting 

Table 1 contains summary statistics from the ATUS data set from 2003-2012 for individuals who 

reported at least one episode of waiting for or obtaining medical care. Notably, the analysis 

sample is 32% male and over 60% over age 45, in contrast to the full ATUS sample that is 

distributed relatively evenly by gender and age. Table 2 contains unadjusted comparisons of 

waiting time in minutes across demographic and socioeconomic characteristics. Respondents 

with less than a high school education wait nearly twice as long as respondents with a college 

degree. Hispanic respondents wait 7.07 minutes longer than non-Hispanic respondents and 

respondents whose family income is below $30,000 wait nearly 10 minutes longer than 

respondents whose income is higher than $100,000 annually. Respondents with public insurance 

coverage wait longer than respondents with private coverage and uninsured respondents. Sick 

respondents wait nearly 9.5 minutes longer than respondents in very good or excellent health. 

While we find statistically significant differences in waiting time across education levels, these 

differences are not statistically significant in multivariate models. 
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All multivariate models include controls for day of the week, holiday, year, time of day and state 

of residence. Several significant differences in waiting time across socioeconomic groups are 

robust to the inclusion of controls. Hispanic respondents wait 5.898 minutes longer than non-

Hispanic respondents and low income respondents wait 6.14 minutes longer than respondents 

whose family income is higher than $100,000 (Table 3).  

Table 4 contains multivariate analysis of subgroups from the ATUS Eating and health module 

and the ASEC-matched ATUS respondents. The Eating and Health module contains information 

about health and weight, and the March Supplement (ASEC) contains health insurance coverage 

information. Both the Eating and Health and the ASEC-matched subsamples are approximately 

one third the size of the full analysis sample. Income and education associations found in the full 

ATUS sample become insignificant in the Eating and Health sample, but estimates are similar in 

magnitude to those found in the full sample. Sick patients wait 7.283 minutes longer than 

respondents who report that they are in excellent health (Table 4, column 1), but this coefficient 

is not statistically significant. In the ASEC matched sample, large and significant effects on 

income persist, with patients in the lowest income group waiting on average 10.04 more minutes 

than respondents with a family income above $100,000 (Table 4, column 2). Patients on public 

insurance wait 12.13 minutes longer than respondents with private insurance coverage (Table 4, 

column 2). Hispanic patients in the ASEC-matched sample wait 9.673 minutes more than non-

Hispanic individuals (Table 4, column 2). Middle aged patients wait 11.37 minutes longer than 

patients under age 34 (Table 4, column 2). 

Combining the Eating and Health and the ASEC matched samples yields a small sample of 318 

respondents (Table 5). Despite a reduction in statistical power, income continues to be a 

significant correlate of waiting time. Respondents who are in the lowest income category wait 
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12.08 minutes longer than respondents in the highest category (Table 5). Longer waiting times 

are also reported for middle income individuals. The coefficients on public insurance and 

Hispanic ethnicity are still large and robust to inclusion of health indicator controls (Table 5). In 

this sample, publicly insured individuals wait 15.67 minutes longer than those with private health 

coverage and Hispanic ATUS respondents wait 27.7 minutes more than non-Hispanic 

respondents. Asian respondents wait over 17 minutes less than white respondents, however very 

few Asians are in the data set. 

The NHANES provides insight into the provider mix that might be present in our sample. The 

data contain an indicator variable for the type of provider that respondents see most often. 

Medical care episodes in the ATUS are most likely to be routine care rather than urgent and/or 

emergent care. There are 7 personal emergencies reported in the entire ATUS sample from 2003-

2012. Moreover, people who experienced an emergent or urgent medical situation are unlikely to 

be available or able to respond to the ATUS survey. It is much more likely that respondents were 

obtaining routine medical services or care for minor ailments. 

Table 6 summarizes the types of providers that NHANES respondents use most frequently. A 

larger portion of low income respondents list an emergency department as the place most often 

used for medical care (4.43%) while respondents in the highest income group are very unlikely 

to report an emergency room as their usual provider (.59%).  Low income respondents are also 

less likely to use a doctor’s office and more likely to use a clinic (Table 6). Respondents with 

low levels of education are more likely to seek care from and emergency department and less 

likely to use a doctor’s office or HMO (Table 6). Sick respondents are slightly more likely to list 

a hospital and they are more likely to list a clinic or health care center than respondents in 
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excellent health (Table 6). All differences across income, education and health are statistically 

significant in the NHANES. 

Table 7 contains data from the NHIS about the effect of in office waiting time on delaying 

medical care. 4.24% of NHIS respondents report that they have delayed seeking medical care in 

the past 12 months due to long waiting times at the doctor’s office or clinic. Low SES 

individuals are slightly more likely to report delaying medical care due to in-office waiting: 

6.42% of respondents with family income below $25,000, 5.54% of respondents without a high 

school degree, 6.11% of uninsured respondents, and 7.79% of respondents on public health 

insurance report delaying care in the past year for this reason (Table 7). Differences across 

income, insurance status, ethnicity and employment status are statistically significant, differences 

across education level and hourly pay are not statistically significant. This pattern of results is 

consistent with our findings in the ATUS that low income and publicly insured individuals wait 

longer in the office to receive medical care, and suggests that in-office waiting times may lead 

low SES individuals to delay obtaining medical care.  

Table 8 summarizes the kinds of medical providers that are most often seen for routine or 

preventive care by NHIS respondents by the following measures of SES: income, education, 

insurance status, employment status, and hourly pay. Over half of the NHIS sample report that 

they do not get preventive care, and of those who do, a doctor’s office is the most common place 

to receive routine care. The majority of low income and uninsured individuals report that they do 

not receive preventive care at all. Differences across income, insurance status and hourly pay are 

statistically significant. High SES individuals are more likely to report a doctor’s office as the 

type of place that they receive preventive care than low SES respondents, while low SES 

respondents and those on public health insurance are more likely to seek preventive and routine 
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care from clinics or health centers. Clinics may have longer waiting times either due to 

overcrowding or because they operate on a walk in basis. It also appears in both the NHIS and 

the NHANES that using the emergency room for routine is slightly more common in low SES 

respondents, but differences in ED use across SES characteristics are not statistically significant 

in the NHIS. EDs have notoriously long waiting times, but given the small proportion of the 

samples that list the ED as the place that they seek routine care, ED waiting times would have to 

be extremely long to explain the differences in waiting time that we find in the ATUS across 

SES. 

Obtaining medical services is a time-intensive activity compared to obtaining other professional 

services. Table 9 presents the average duration of travel, waiting associated with and time spent: 

obtaining medical care for one’s self, eating and drinking, shopping, using financial and banking 

services and using legal services. The average total time spent on obtaining medical services for 

one’s self, 120.23 minutes, is larger than time spent obtaining other goods and services including 

banking services and shopping. Waiting time associated with obtaining medical services is 

longer than waiting time associated with other common activities, but travel time associated with 

obtaining medical care is comparable to travel time associated with shopping and using legal 

services.  

Tables 10 and 11 contain comparisons of the time cost of obtaining medical care for one’s self, 

eating and drinking, shopping, using financial and banking services and using legal services. 

Table 10 assigns unemployed respondents and those who report being out of the labor force a 

zero opportunity cost of time and a time cost equal to self-reported hourly wages for employed 

individuals. The average time cost of obtaining medical care for one’s self is $37.04, which is 

over $5 more than the next most costly activity (shopping). Table 11 presents time cost 
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comparisons that use the human capital method to compute non-zero opportunity costs of time 

for ATUS respondents who are unemployed or out of the labor force. Using health care services 

remains the costliest activity at over $79. Regardless of how the opportunity cost of time is 

assigned to non-wage earners, medical services are the most costly.  

Extensions: 

We focus on waiting time exclusively in our main analysis because the relationship between 

waiting and quality of care is clear. Longer waiting indicates both less access and poorer quality 

of medical care. As an extension to our primary analysis of the relationship between in-office 

waiting time and SES, we explore the relationship between SES and waiting time plus time spent 

with a health care provider as well as time spent obtaining medical care for others. Time spent 

with the provider is not included in our primary analysis because its relationship with SES is 

likely to be different than the association between in-office waiting and SES. While it contributes 

to the overall time cost of obtaining care, more time spent with a provider is not indicative if low 

health care quality.  

Low income and minority status are significantly associated with total time spent at the 

provider’s office. In the full ATUS sample Hispanic respondents spend 18.04 minutes more, 

black respondents spend 12.87 minutes more, and respondents whose family income is below 

$30,000 per year spend 18.25 minutes more (Table 12, column 1). The association between 

Hispanic ethnicity and total time spent in the provider’s office is robust to the inclusion of 

controls for health status and health insurance, as well as to restricting the sample to Eating and 

Health and ASEC respondents (Table 12, columns 2, 3 and 4). The relationships between income 

and black race and time spent at the provider’s office also persist in magnitude when controls 
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from the Eating and Health Module and the ASEC are added, but statistical significance 

diminishes due to the small sample sizes. 

We also examine the relationship between SES and time spent obtaining medical care for others. 

Past research has demonstrated that income and parental education levels education are 

positively associated with child health status (Currie & Stabile, 2002). Higher SES children are 

healthier as adults than children from low SES families (Currie, 2008) and high SES parents may 

invest more in the health capital of their children. Waiting associated with obtaining medical care 

for children or adults may also be correlated with individual characteristics like income, 

race/ethnicity, education and insurance status. Longer waiting for medical care for others may be 

less indicative of low access or healthcare quality than waiting for one’s own medical care. This 

is because the ATUS does not provide detailed information about what the other person is doing 

while the ATUS respondent waits. It is possible that an episode of obtaining medical care occurs 

for the child or adult while the ATUS respondent reports waiting. In fact, there may be little 

distinction between the activity codes for waiting associated with obtaining medical care for 

others and the codes for obtaining medical care for others.  

First we examine the relationship between waiting associated with obtaining medical care for 

children and SES. In the full ATUS sample, individuals with a high school education or less wait 

longer to obtain medical care for children. Those with less than a high school education wait 

22.46 minutes more than respondents with bachelor’s degrees and those with a high school 

diploma wait 15.46 minutes more (Table 13, column 1). This result is robust to the inclusion of 

controls for health, clinical weight classification and health insurance status, and coefficients 

become larger in both the Eating and Health sample and the ASEC-matched sample (Table 13, 

columns 2 and 3). Sample sizes are very small in both the Eating and Health and ASEC-matched 
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samples, leading to volatile estimates and large standard errors. In the Eating and Health sample 

we find no evidence that own health status is correlated with waiting time associated with 

obtaining medical care for children, but we do find that Hispanic ethnicity is negatively 

associated with waiting time in the Eating and Health Sample (Table 13, column 2). We find that 

uninsured individuals wait 16.96 minutes less than those with private health insurance (Table 13, 

column 3).  

Total time spent waiting for and obtaining medical care for children appears to be negatively 

associated with income and to some extent, education. In the full ATUS sample, individuals with 

a family income below $30,000 spend 21.7 more minutes waiting for and obtaining medical care 

for children than individuals whose family income is over $100,000, and those with less than a 

high school degree spend 29.16 minutes more the individuals with a college degree (Table 14, 

column 1). Native Americans spend much more time than white ATUS respondents, however 

this result is identified from a small number of ATUS respondents who describe themselves as 

Native Americans (Table 14, column 1). Respondents in excellent health spend more time 

waiting for and obtaining medical care for children than those who report lower levels of health 

(Table 14, column 2). We find no statistically significant associations between health insurance 

status and total time spent waiting for and obtaining health care for children (Table 14, column 

3). Overall, coefficients on race indicators are volatile and sensitive to restricting the sample to 

Eating and Health and ASEC respondents. 

We find few significant associations between SES measures and waiting time associated with 

obtaining medical care for adults. The waiting activity code associated with obtaining medical 

care for adults is less specific than other medical care-related waiting activity categories used in 

the ATUS. The activity category is called “Waiting associated with helping hh/non hh adults,” 
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and is not specific to medical care. We restrict episodes of waiting to those reported within 3 

activities of an episode of obtaining medical care for adults. In the eating and health sample, 

individuals who live in MSAs wait 56.93 minutes more than respondents who do not (Table 15, 

column 2). Respondents whose family income is less than $30,000 wait 49.47 minutes less to 

obtain medical care for adults than those in the highest income group. Those with an income 

between $30,000 and $60,000 wait 71.74 minutes more (Table 15, column 2). We find no 

relationship between waiting time associated with obtaining care for adults and own health 

insurance status (Table 15, column 3). 

We find little evidence that SES is associated with the total time spent waiting for and obtaining 

medical care for adults. Given the small number of instances of obtaining medical care for adults 

in the ATUS, it is possible that we do not have sufficient statistical power to detect the 

association. Estimated coefficients in Table 16 are large and unstable. In the ASEC sample, 

individuals with a family income below $30,000 spend 68.05 minutes less waiting for and 

obtaining medical care for adults and those with less than a high school diploma spend 113.4 

minutes more (Table 16, column 3). Uninsured individuals spend 99.63 minutes more than 

individuals with private health insurance coverage. 

Conclusion:  

Socioeconomic characteristics are associated with waiting time for medical care. Income and 

health insurance coverage status are strongly correlated with the duration of waiting in the 

ATUS. Coefficients on income are large and robust to the inclusion of a variety of controls and 

indicate that low income individuals wait longer for medical care. Public insurance coverage is 

also strongly associated with more waiting time. These findings imply that waiting-based 

rationing may not lead to an equitable distribution of resources. They are consistent with both 
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emergency department waiting studies conducted using US data (Karve, Balkrishnan, 

Mohammad, & Levine, 2011; Johnston & Bao, 2011; Sonnenfeld, Pitts, Schappert, & Decker, 

2012) as well as findings on waiting for appointments in the European Union (Laudicella, 

Siciliani, & Cookson, 2012; Monstad, Engesaeter, & Espehaug, 2014; Siciliani & Verzulli, 

2009). We use a novel source of data and are able to observe in-office waiting for more routine 

medical care instead of focusing on emergecy care or on elective procedures. Our findings 

indicate that socioeconomic disparities in waiting for health care exist for a broad range of 

medical encounters and settings. This study does not find evidence that race is a strong correlate 

of waiting time when a full set of socioeconomic characteristics are controlled for, however 

Hispanic ethnicity is positively correlated with waiting time. 

Extending our analysis to total time spent waiting and obtaining care indicates that low SES and 

minority patients spend more time at the provider’s location than high SES individuals. Time 

with the provider represents a time cost of obtaining health care, but is not necessarily reflective 

of health care quality. Waiting and total time spent obtaining care for others is more weakly 

associated with measures of SES. Evidence suggests that individuals with less than a college 

degree spend more time waiting for an obtaining medical care for children than individuals with 

a BA or more, and those without insurance spend less time than those with private coverage. Our 

results also indicate generally that high SES individuals spend less time waiting for and 

obtaining medical care for other adults. The relationship between measures of SES (income, 

education, race/Ethnicity and insurance status) and the time cost of obtaining medical care for 

others in the ATUS provides suggestive evidence that low SES individuals spend more time 

obtaining care for others than high SES individuals.  
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A socioeconomic gradient in waiting time may serve as an observable indicator of a gradient in 

overall healthcare quality and access across the income distribution (Johnston & Bao, 2011) or 

have a direct impact on health outcomes for those who wait longer for health care due to 

prolonged exposure to infections illnesses in waiting rooms. It could also imply that low SES 

individuals will lose more real income because of the time investment required to obtain health 

care. Our findings are consistent with empirical work that finds disparities in health status as well 

as in the quality of health care (Fleurbaey & Schokkaert, 2011; Smedley, Stith, & Nelson, 2002; 

Grossman, 1999), and may imply that improvements in access to medical care for low SES 

individuals due health coverage expansions resulting from the rollout of the Affordable Care Act 

will be mediated by increases in waiting time for routine preventive care.  

Prolonged waiting may discourage people from receiving medical care either by causing them to 

leave when waits are too long or to delay visiting a provider at all. The NHIS collects data on 

whether waiting (either for an appointment or in the waiting room) is a barrier to seeking or 

receiving medical care. We find that low SES individuals are more likley to report that waiting 

times at the doctor’s office have caused them to delay seeking medical care.  It is important to 

note that individuals who are “priced out” of obtaining medical care due to waiting time costs 

value the medical care that they would have received less than individuals who choose to wait. 

Waiting might increase efficiency in the healthcare market in the absence of price-based 

rationing. Nichols and Zeckhauser (1982) suggest that imposing “ordeals” on would be 

consumers of publicly provided services may result in allocation of resources that ensures that 

those who value those resources most will get them (Nichols & Zeckhauser, 1982). In the case of 

health care for the poor, waiting time may mediate the effect of moral hazard by preventing all 

but those who are truly in need of medical care from using it. 
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We are unable to determine whether the disparities that we observe in waiting times are 

attributable to discrimination at the provider level or to system level factors that affect where and 

how often low SES individuals seek medical care. The NHANES and NHIS provide support for 

the theory that longer waiting times for poor and sick patients might be partly attributable to 

differences in in waiting times across provider types. Poor patients are more likely to be waiting 

at clinics or emergency departments that don’t take appointments, while high income 

respondents are more likely to be waiting in doctors’ offices with appointments. Also of note is 

that poor individuals and those without insurance are more likely to report that they do not 

receive preventive care at all. These individuals may be more likely to seek medical care for 

acute problems without an appointment due to a lack of adequate preventive care. EDs make up 

a very small percentage of routine providers reported in the NHANES.  

A limitation of this analysis is that there is no information about where or from whom 

respondents are seeking medical care. It is also impossible to determine why respondents sought 

medical care. It could be that lower income respondents are getting care without an appointment 

or that they experience a lower opportunity cost of time than high income respondents and are 

therefore showing up earlier to appointments. It could also be that sick patients require medical 

care from specialists with long waiting times or that they are unable to seek care from physician 

extenders. Prior studies that use administrative data provide more detail about medical diagnosis 

and severity, which are likely to be strongly correlated with all kinds of waiting time.
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Table 1: Summary Statistics – Conditional on any instance of obtaining medical care or waiting 
for medical care 

Variable Mean/SD N 

Male 0.320 1298 

 (0.467)  

Under Age 34 0.151 595 

 (0.358)  

Age 34-45 0.196 799 

 (0.397)  

Age 46-59 0.270 1090 

 (0.444)  

Age 60 and over 0.382 1524 

 (0.486)  

Hispanic 0.115 453 

 (0.319)  

White 0.824 3267 

 (0.381)  

Family Income below 30,000 0.332 525 

 (0.471)  

Family income 30,000-59,999 0.312 1168 

 (0.463)  

Family Income 60,000-99,999 0.224 1099 

 (0.417)  

Family Income over 100,000 0.132 765 

 (0.338)  

Less than HS Diploma 0.145 451 

 (0.353)  

HS Degree 0.267 1072 

 (0.442)  

Some College 0.286 1147 

 (0.452)  

Bachelor's Degree or More 0.302 1199 

 (0.459)  

N 3582  

 
Summary statistics estimated using the ATUS from 2003-2012  
Means and standard deviations were estimated using ATUS final sample weights
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Table 2: Unadjusted mean comparisons 

  
Average 
Duration 

  

  mean/sd N 

Income   

No Income Reported 11.73 525 

 (1.38)  

Family Income below 30,000 16.06 1168 

 (1.59)  

Family income 30,000-59,999 14.37 1099 

 (1.28)  

Family Income 60,000-99,999 9.75 765 

 (1.25)  

Family Income 100,000 and above 6.07 451 

  (0.91)   

Overall Average Waiting Time 12.31  

F statistic p-value 0  

N 4008   

Education   

Less than a high school diploma or GED 17 590 

 (2.18)  
High school diploma or GED but no 

college
13.13 1072 

 (1.27)  
Some college but less than bachelor’s 

degree
12.11 1147 

 (1.13)  

College degree or more 9.09 1199 

  (0.78)   

Overall Average Waiting Time 12.31  

F statistic p-value 0  

N 4008   
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Table 2 Continued   

Race   

White 11.83 3267 

 (0.69)  

Black 15.09 598 

 (1.63)  

Native American 25.77 22 

 (15.22)  

Asian 14.77 65 

 (5.04)  

Pacific Islander 21.28 9 

 (16.85)  

Multiple Races Selected 8.75 47 

  (3.41)   

Overall Average Waiting Time 12.31  

F statistic p-value 0.33  

N 4008   

Ethnicity   

Non-Hispanic 11.57 3555 

 (0.67)  

Hispanic 18.64 453 

  (1.93)   

Overall Average Waiting Time 12.31  

F statistic p-value 0  

N 4008   

Gender   

Male 11.22 1298 

 (0.89)  

Female 12.91 2710 

 (0.84)   

Overall Average Waiting Time 12.31  

F statistic p-value 0.17  

N 4008   
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Table 2 Continued   

Insurance Coverage     

Uninsured 14.35 72 

 (4.05)  

Insured - Private Coverage 9.37 532 

 (1.12)  

Insured - Public Coverage 18.65 496 

  (2.95)   

Overall Average Waiting Time 13.88  
F statistic p-value 0.01  
N 1100   

Clinical Weight Classification   

Underweight 8.32 24 

 (4.17)  

Healthy Weight 11.47 347 

 (1.62)  

Overweight 15.93 359 

 (2.80)  

Obese 11.8 279 

  (1.75)   

Overall Average Waiting Time 13  

F statistic p-value 0.41  

N 1009   

Self-reported Health   

Excellent 10.56 160 

 (2.37)  

Very Good 10.69 332 

 (1.49)  

Good 9.93 288 

 (1.61)  

Fair/Poor 19.98 302 

  (3.38)   

Overall Average Waiting Time 12.93  

F statistic p-value 0.06  

N 1082   

 
Means and standard deviations were estimated using ATUS final sample weights 
Estimates are estimated using the ATUS sample from 2003-2012  
F statistics are for the test of the null hypothesis that average waiting time is equal across socioeconomic 
or demographic categories
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Table 3: Multivariate Results – Full ATUS Sample 

Outcome = waiting time for medical care in minutes 
Full ATUS 

Sample 
Female 1.908 

 (1.177) 
Age 34-45 1.199 

 (1.861) 
Age 46-59 2.63 

 (1.909) 
Age 60 and over 3.004 

 (2.025) 
Hispanic 5.898** 

 (2.219) 
Black 1.176 

 (1.803) 
Native American 8.671 

 (11.620) 
Asian 5.356 

 (4.981) 
Pacific Islander 8.448 

 (12.470) 
Multiple Races Selected -4.983 

 (3.653) 
Metropolitan -1.199 

 (1.902) 
Not Identified -3.889 

 (4.817) 
Family Income below 30,000 6.140*** 

 (1.846) 
Family income 30,000-59,999 5.841*** 

 (1.737) 
Family Income 60,000-99,999 2.319 

 (1.612) 
Less than a high school diploma or GED 3.752 

 (2.451) 
High school diploma or GED but no college 1.209 

 (1.506) 
Some college but less than bachelor's degree 1.155 

 (1.498) 
Constant 36.34* 

 (15.780) 

Observations 4008 
Average of Dependent Variable 12.31 

b coefficients; se in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 
Estimates estimated using the ATUS from 2003-2012 via OLS 
Model includes controls for: time of day, day of week, year, state of residence, and holiday   
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Table 4: Subsample Multivariate Results 
 (1) (2) 

Outcome = waiting time for medical care in minutes 
Eating and 

Health Sample 
ASEC-Matched 

Sample 
Female -0.716 3.596 

 (2.838) (2.591) 
Age 34-45 2.838 4.845 

 (4.108) (3.542) 
Age 46-59 -2.035 11.37** 

 (3.820) (3.563) 
Age 60 and over 2.665 -0.971 

 (4.334) (3.877) 
Hispanic 4.736 9.673* 

 (4.537) (4.658) 
Black -2.683 2.04 

 (4.043) (4.028) 
Native American -1.414 19.08 

 (15.870) (24.520) 
Asian 13.97 3.638 

 (14.540) (6.502) 
Pacific Islander 7.636 5.944 

 (4.760) (14.970) 
Multiple Races Selected -6.734 -15.79 

 (6.161) (9.143) 
Metropolitan 0.338 -6.434 

 (2.944) (3.898) 
Not Identified 7.12 -1.324 

 (10.630) (22.200) 
Family Income below 30,000 3.858 10.04* 

 (3.555) (3.971) 
Family income 30,000-59,999 5.807 2.495 

 (3.606) (3.876) 
Family Income 60,000-99,999 4.477 1.905 

 (3.638) (3.534) 
Less than a high school diploma or GED 2.858 -0.172 

 (4.663) (4.478) 
High school diploma or GED but no college -1.569 -0.313 

 (3.227) (3.545) 
Some college but less than bachelor's degree -2.753 3.428 

 (3.159) (3.444) 
Very Good Health -0.318  

 (3.113)  
Good Health -1.823  

 (3.263)  
Fair or Poor Health 7.283  

 (4.206)  
Obese 0.281  

 (2.842)  
Overweight 5.491  

 (3.243)  
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Underweight -1.233  
 (7.670)  

Uninsured  2.46 
  (5.388) 
Public Insurance  12.13** 
  (3.871) 
Constant 12.64 -10.58 

 (21.700) (16.220) 
Observations 1007 1100 
Average of Dependent Variable 13.02 13.88 
b coefficients; se in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 
Estimates estimated using the ATUS from 2003-2012 via OLS 
Model includes controls for: time of day, day of week, year, state of residence, and holiday



 

114 
 

Table 5: Supplemental Multivariate Results - ASEC-Matched Eating and Health Sample 
Outcome = waiting time for medical care in minutes OLS 

Female -5.678 
 (3.922) 

Age 34-45 10.32 
 (5.994) 

Age 46-59 6.553 
 (5.524) 

Age 60 and over -6.471 
 (6.952) 

Hispanic 27.70** 
 (9.626) 

Black -6.743 
 (5.534) 

Native American -2.847 
 (14.160) 

Asian -17.22* 
 (8.019) 

Pacific Islander 18.75 
 (12.720) 

Multiple Races Selected -0.0462 
 (9.997) 

Metropolitan 1.239 
 (4.406) 

Not Identified -22.55 
 (18.440) 

Family Income below 30,000 12.08* 
 (4.742) 

Family income 30,000-59,999 7.815 
 (6.607) 

Family Income 60,000-99,999 11.86* 
 (5.104) 

Less than a high school diploma or GED 0.248 
 (6.647) 

High school diploma or GED but no college -7.214 
 (5.021) 

Some college but less than bachelor's degree -2.259 
 (4.797) 

Very Good Health 1.65 
 (5.441) 

Good Health -1.373 
 (4.957) 

Fair or Poor Health 2.794 
 (5.231) 

Obese -4.476 
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 (4.074) 
Overweight 4.873 

 (4.774) 
Underweight 12.15 

 (10.630) 
Uninsured 5.7 

 (7.559) 
Public Insurance 15.67* 

 (7.160) 
Constant -11.96 

 (33.930) 

Observations 318 
Average of Dependent Variable 12.38 

b coefficients; se in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 
Estimates estimated using the ATUS from 2003-2012 via OLS 
Model includes controls for: time of day, day of week, year, state of residence, and holiday
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Table 6: NHANES – Type of place most often go for healthcare by SES 

  
Doctor's 
Office 

or HMO 

Clinic 
or 

health 
center 

Hospital 
ED 

Hospital 
OPD 

Other Total 

Income % % % % %   
Family income < $25-000 64.61 27.05 4.43 2.35 1.56 100 
Family Income $25-000-44-999 72.93 21.68 2.4 1.61 1.38 100 
Family Income $45-000-74-999 79.36 16.81 1.61 1.19 1.02 100 
Family Income > $75-000 86.57 11.39 0.59 0.64 0.81 100 
Total 76.59 18.69 2.16 1.4 1.16 100 
F statistic P-Value  0.000 0.000 0.000 0.000 0.003  

Observations 35071          

 
Education Level % % % % %   
Less than HS 72.24 22.5 2.93 1.52 0.81 100 
HS Diploma or GED but no college 74.97 18.33 3.41 1.94 1.34 100 
Some college but less than a 
bachelor's degree 

76.86 18.02 1.71 1.54 1.88 100 

College degree or more 84.52 12.45 1.02 0.83 1.18 100 
Total 76.5 18.45 2.32 1.47 1.26 100 
F statistic P-Value  0.000 0.000 0.000 0.003 0.000  
Observations 29438          
       
Overall Self-Reported Health % % % % %   
Excellent 79.78 16.79 1.44 0.95 1.05 100 
Very Good 78.74 17.17 1.68 1.17 1.24 100 
Good 74.37 20.13 2.79 1.48 1.24 100 
Fair or Poor 69.15 23.46 3.55 2.69 1.15 100 
Total 76.42 18.8 2.2 1.41 1.18 100 
F statistic P-Value  0.000 0.000 0.000 0.000 0.728  
Observations 36360          

Data from table 7 come from NHANES 2003-2010 
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Table 7: NHIS-Delaying care due to long waiting times 

 

 

NHIS sample adult/sample child data files from 2003-2012 

 
 

Delayed Care Because Wait too Long in Doctor's Office 
 No Yes Total 

 % %  

Income under 25,000 93.58 6.42 100 

Income 25,000-54,999 95.44 4.56 100 
Income over 55,000 96.42 3.58 100 

   F statistic P-Value = .033 126260 6502 132762 

Less than a HS Degree 94.46 5.54 100 
HS Degree 95.45 4.55 100 
Some College 95.06 4.94 100 
BA or more 96.2 3.8 100 

   F statistic P-Value = .236 309341 15700 325041 

Uninsured 93.89 6.11 100 
Privately Insured 96.41 3.59 100 
Publicly Insured 92.21 7.79 100 

   F statistic P-Value = .017 309715 15659 325374 

Non-Hispanic 95.98 4.02 100 
Hispanic 92.07 7.93 100 

   F statistic P-Value = .048 340117 17319 357436 

Employed 95.68 4.32 100 
Unemployed 92.51 7.49 100 
Not in Labor Force 94.64 5.36 100 

   F statistic P-Value = .043 234513 11931 246444 

Salaried 95.84 4.16 100 
Hourly 94.76 5.24 100 

   F statistic P-Value = .055 215650 10915 226565 
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Table 8: NHIS-Usual place for routine care 

 

Doesn't 
get prev. 

care 
anywhere 

Doctor's 
office or 

HMO 

Clinic or 
health 
center 

Doesn't 
go one 
place 
most 
often 

Hospital 
ED 

Hospital 
outpatient 

dept. 

Some 
other 
place 

Total 

  % % % % % % % % 

Income under 25,000 57.52 16.07 14.18 6.45 3.20 1.40 1.18 100 

Income 25,000-54,999 53.28 22.08 13.28 6.44 2.36 1.20 1.36 100 

Income over 55,000 39.00 39.66 11.71 5.73 0.96 0.86 2.07 100 

Total 52.40 22.78 13.39 6.30 2.48 1.23 1.42 100 

N 12544 5454 3206 1508 593 294 339 23938 

F statistic P-Value 0.008 0.022 0.405 0.787 0.166 0.178 0.199  

Less than a HS Degree 53.75 19.51 16.21 5.20 2.75 1.25 1.33 100 

HS Degree 56.65 18.37 12.67 6.54 2.92 1.39 1.45 100 

Some College 50.68 25.13 12.84 6.10 2.03 1.30 1.91 100 

BA or more 42.12 34.92 11.76 6.76 1.02 1.00 2.42 100 

Total 51.84 23.18 13.64 6.06 2.33 1.26 1.69 100 

 N 31698 14170 8341 3705 1422 771 1035 61142 

F statistic P-Value 0.093 0.030 0.056 0.181 0.953 0.475 0.405  

Uninsured 67.22 7.98 12.77 6.98 2.98 0.95 1.13 100 

Privately Insured 36.82 40.34 12.82 5.27 1.31 1.17 2.27 100 

Publicly Insured 33.04 30.98 24.67 4.41 3.21 2.42 1.27 100 

Total 51.74 23.12 13.97 6.04 2.34 1.18 1.60 100 

N 31132 13912 8408 3637 1405 712 961 60167 

F statistic P-Value 0.007 0.005 0.018 0.062 0.456 0.024 0.429  

Non-Hispanic 46.55 28.72 12.94 6.18 2.36 1.38 1.86 100 

Hispanic 60.81 12.47 16.61 5.57 2.27 1.02 1.26 100 

Total 51 23.66 14.08 5.99 2.34 1.27 1.67 100 

N 32432 15045 8954 3811 1485 806 1063 63596 
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 0.024 0.006 0.051 0.640 0.000 0.311 0.065  

Employed 55.81 21.12 11.87 6.37 2.16 1.01 1.67 100 

Unemployed 60.78 13.09 13.46 6.34 3.48 1.77 1.08 100 

Not in Labor Force 47.94 26.31 13.3 6.32 2.63 1.72 1.76 100 

Total 54.29 21.73 12.35 6.36 2.38 1.25 1.64 100 

 N 28498 11405 6485 3336 1251 655 862 52492 

F statistic P-Value 0.053 0.022 0.195 0.918 0.259 0.346 0.447  

Salary 49.18 28.38 11.33 6.46 1.76 1.04 1.86 100 

Hourly 56.36 19.24 12.73 6.14 2.59 1.29 1.65 100 

Total 54.02 22.22 12.27 6.25 2.32 1.21 1.72 100 

 N 26291 10817 5973 3040 1127 588 837 48673 

F statistic P-Value 0.025 0.003 0.181 0.043 0.031 0.076 0.013  
Data are from the NHIS sample adult/sample child data files from 2003-2012 
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Table 9: Average Minutes conditional on non-zero time spent on activities 
  Travel Wait Obtaining Service Total Time 
  Mean N Mean N Mean N Mean N 

Using health and 
care services 

outside the home 

34.9202 3484 41.9725 1194 75.5733 3582 120.234 3673 

(32.90)  (48.74)  (73.84)  (89.96)  

Eating and 
Drinking 

28.8588 35042 24.7063 1159 69.696 130620 77.3938 130631
(44.85)  (21.05)  (49.67)  (61.05)  

Shopping 
(except grocery 

shopping) 

35.1317 44390 25.7534 480 67.793 33420 83.2696 45308 

(45.71)  (30.09)  (70.71)  (88.41)  

Using financial 
services and 

banking 

16.2894 3789 25.8524 57 12.5248 3735 27.6009 3968 

(15.92)  (25.09)  (16.42)  (24.03)  

Using legal 
services 

37.3648 67 31.045 8 60.4351 78 93.3954 80 
(29.73)  (29.36)  (51.48)  (63.54)  

Summary statistics estimated using the ATUS from 2003-2012  
Means and standard deviations were estimated using ATUS final sample weights
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Table 10: Time Costs - Unemployed and Out of Labor Force Respondents Opportunity Cost = $0 
  Travel Wait Obtaining Service Total Time 
  Mean N Mean N Mean N Mean N 

Using health and care 
services outside the 

home 

$10.39  3317 $9.47  1158 $24.69  3411 $37.04  3498 

($39.25)   ($34.93)   ($120.00)   ($155.08)   

Eating and Drinking 
$12.19  32528 $8.55  1088 $25.61  122518 $28.82  122528

($57.44)   ($24.76)   ($92.98)   ($109.32)   

Shopping (except 
grocery shopping) 

$14.38  41716 $7.82  452 $24.37  31516 $31.68  42570 
($69.70)   ($30.23)   ($98.64)   ($130.53)   

Using financial 
services and banking 

$6.50  3484 $5.69  54 $5.02  3431 $10.96  3650 
($22.36)   ($10.15)   ($21.13)   ($36.76)   

Using legal services 
$14.78  62 $4.49  8 $15.91  72 $28.56  74 

($41.03)   ($6.23)   ($37.82)   ($74.26)   
Summary statistics estimated using the ATUS from 2003-2012  
Means and standard deviations were estimated using ATUS final sample weights 
The value of time assigned to ATUS respondents equals the self-reported hourly wage rate, and equals zero for non-
wage earners
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Table 11: Time Costs - All Respondents Assigned a non-Zero Opportunity Cost of Time 
  Travel Wait Obtaining Service Total Time 
  Mean N Mean N Mean N Mean N 

Using health and care 
services outside the 

home 

$22.78  3484 $25.26  1194 $51.36  3582 $79.76  3673 

($40.75)   ($40.21)   ($120.76)   ($153.88)   

Eating and Drinking 
$18.19  35042 $14.27  1159 $41.98  130620 $46.82  130631

($58.23)   ($25.21)   ($91.50)   ($107.86)   

Shopping (except 
grocery shopping) 

$21.43  44390 $13.38  480 $39.17  33420 $49.21  45308 
($69.27)   ($30.88)   ($97.93)   ($129.31)   

Using financial 
services and banking 

$9.91  3789 $13.08  57 $8.20  3735 $17.29  3968 
($22.32)   ($16.09)   ($21.74)   ($36.52)   

Using legal services 
$25.16  67 $12.57  8 $37.09  78 $58.75  80 

($38.79)   ($10.08)   ($40.88)   ($72.45)   
Summary statistics estimated using the ATUS from 2003-2012  
Means and standard deviations were estimated using ATUS final sample weights 
The value of time assigned to ATUS respondents equals the self-reported hourly wage rate, or an imputed wage rate 
estimated using OLS
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Table 12: Socioeconomic disparities in total time at Provider’s Office (Waiting and Time with 
Doctor) 

 (1) (2) (3) (4) 

 

Full ATUS 
Sample 

Eating and 
Health 
Sample 

ASEC-
Matched 
Sample 

ASEC-
Matched 

Eating and 
Health 
Sample

Female -7.485** -6.331 -6.98 -8.114 

 (2.800) (5.340) (4.921) (8.016) 

Age 34-45 -3.938 -14.11 -11.55 22.51 

 (4.791) (8.985) (7.475) (12.320) 

Age 46-59 1.221 -8.574 0.777 20.23 

 (4.808) (8.696) (7.329) (11.540) 

Age 60 and over -7.453 -8.381 -16.35* 5.514 

 (5.154) (8.955) (8.091) (13.560) 

Hispanic 18.04*** 16.76* 22.81* 44.93** 

 (4.745) (8.202) (9.552) (16.540) 

Black 12.87** 17.2 26.00*** 46.70*** 

 (4.228) (9.015) (7.814) (12.210) 

Native American 16.61 16.41 -38.06 39.35 

 (21.620) (32.070) (29.810) (30.870) 

Asian -0.668 25.78 -0.717 65.38*** 

 (11.770) (16.470) (20.950) (18.590) 

Pacific Islander -48.35** 3.091 -12.94 14.08 

 (18.300) (9.504) (24.520) (22.960) 

Multiple Races Selected -2.795 -6.109 14.99 85.56** 

 (12.490) (18.340) (31.240) (26.670) 

Metropolitan 1.648 -0.173 3.946 -3.966 

 (3.912) (6.544) (5.767) (8.308) 

Not Identified -26.97* -7.778 10.72 17.69 

 (10.770) (21.230) (18.720) (35.430) 

Family Income below 30,000 18.25*** 21.07** 12.15 26.19* 

 (4.045) (7.836) (8.256) (10.610) 

Family income 30,000-59,999 16.63*** 13.96 8.492 -4.589 

 (4.291) (8.059) (7.774) (12.060) 

Family Income 60,000-99,999 9.302* 14.28* 7.604 3.052 

 (3.615) (6.666) (7.230) (10.500) 

Less than a high school diploma or GED 3.509 -5.924 9.436 -22.61 

 (5.345) (8.279) (8.714) (12.790) 

High school diploma or GED but no college 2.899 4.843 6.295 -2.062 

 (3.473) (6.686) (6.542) (10.190) 
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Some college but less than bachelor's degree 1.27 2.033 5.358 -14.64 

 (3.241) (6.391) (6.147) (11.200) 

Very Good Health  -6.143  35.49** 

  (7.786)  (11.590) 

Good Health  -8.51  15.95 

  (8.013)  (11.510) 

Fair or Poor Health  11.59  41.84*** 

  (8.483)  (11.950) 

Obese  -7.106  -18.98 

  (5.744)  (9.649) 

Overweight  3.539  -9.351 

  (5.891)  (8.871) 

Underweight  -0.581  -4.252 

  (11.050)  (15.740) 

Uninsured   21.92 28.47 

   (12.530) (17.060) 

Public Insurance   1.915 9.678 

   (6.635) (11.730) 

Constant 141.3** 114.2* 49.79 444.2*** 

 (50.610) (45.630) (34.090) (57.410) 

Observations 4148 1018 1133 323 

Average of Dependent Variable 79.65 78.73 80.41 80.14 
b coefficients; se in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 
Estimates estimated using the ATUS from 2003-2012 via OLS 
Model includes controls for: time of day, day of week, year, state of residence, and holiday 
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Table 13: Socioeconomic Disparities in Time Spent Obtaining Medical Care for Children – 
Waiting 

 (1) (2) (3) 

 

Full ATUS 
Sample 

Eating and 
Health Sample 

ASEC-Matched 
Sample 

Female 2.509 2.07 -5.585 

 (5.123) (7.315) (10.540) 
Age 34-45 -2.321 3.032 13.94 

 (4.088) (6.864) (8.872) 
Age 46-59 -4.623 -5.056 12.4 

 (5.154) (8.527) (10.310) 
Age 60 and over -5.158 19.53 4.551 

 (9.848) (15.080) (11.400) 

Hispanic 3.215 -15.70* -4.786 

 (6.726) (7.918) (12.750) 

Black -1.373 4.565 -5.461 

 (6.657) (10.530) (12.300) 

Native American 18.74 -21.61  

 (10.930) (16.730)  

Asian 6.569 -5.371 16.7 

 (9.258) (11.000) (16.800) 
Pacific Islander -10.66   

 (16.840)   

Multiple Races Selected 16.88 70.46*** 17.66 

 (21.280) (16.880) (14.650) 

Metropolitan 9.949 7.118 5.477 

 (5.683) (8.491) (8.512) 
Not Identified -4.436 -55.54  

 (21.210) (32.000)  

Family Income below 30,000 -5.264 -14.7 -5.632 

 (6.204) (8.080) (12.580) 

Family income 30,000-59,999 -4.297 -1.973 3.127 

 (5.497) (6.706) (11.810) 
Family Income 60,000-99,999 -1.132 -1.696 14.18 

 (5.100) (5.794) (9.611) 

Less than a high school diploma or GED 22.46* 39.02** 60.63*** 

 (8.720) (12.680) (13.580) 
High school diploma or GED but no 
college 

15.56** 16.39* 29.15** 

 (5.761) (6.461) (9.003) 
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Some college but less than bachelor's 
degree 

3.474 -1.853 21.80** 

 (4.525) (5.046) (8.022) 

Very Good Health  -4.651  
  (5.894)  
Good Health  0.481  
  (8.253)  
Fair or Poor Health  -4.562  
  (9.258)  
Obese  -5.274  
  (6.669)  
Overweight  -0.289  
  (5.458)  

Underweight  -153.0***  
  (36.770)  

Uninsured   -16.96* 

   (8.095) 
Public Insurance   6.422 

   (11.520) 

Constant 22.14 -87.51* 240.3*** 

 (20.550) (40.460) (40.920) 

Observations 837 226 210 

Average of Dependent Variable 27.57 21.13 29.18 
b coefficients; se in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 
Estimates estimated using the ATUS from 2003-2012 via OLS 
Model includes controls for: time of day, day of week, year, state of residence, and holiday 
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Table 14: Socioeconomic Disparities in Time Spent Obtaining Medical Care for Children – 
Waiting and Time with Provider 

 (1) (2) (3) 

 

Full ATUS 
Sample 

Eating and Health 
Sample 

ASEC-Matched 
Sample 

Female 3.677 -4.425 45.33* 

 (5.564) (9.365) (20.920) 
Age 34-45 -6.78 7.701 29.4 

 (6.318) (8.589) (16.750) 
Age 46-59 -11.08 -11.44 -19.64 

 (7.158) (10.160) (18.820) 
Age 60 and over -9.92 -14.81 -5.444 

 (10.780) (23.290) (20.640) 

Hispanic -5.393 -23.15 -24.63 

 (7.606) (11.970) (19.240) 

Black -0.74 -46.00*** -34.28 

 (10.430) (12.950) (18.960) 

Native American 56.68*** 41.48*  

 (16.090) (20.830)  

Asian -1.121 -15.85 -60.51* 

 (12.590) (18.400) (27.440) 
Pacific Islander 9.281   

 (19.400)   

Multiple Races Selected -40.49 108.8*** -54.65 

 (21.930) (26.170) (28.270) 

Metropolitan 10.83 1.117 57.98*** 

 (6.799) (11.990) (15.700) 
Not Identified 20.74 30.6  

 (24.960) (21.310)  

Family Income below 30,000 21.70* 23.85 48.73* 

 (10.480) (15.690) (23.500) 

Family income 30,000-59,999 1.459 23.57 68.30*** 

 (6.785) (12.030) (19.130) 
Family Income 60,000-99,999 -3.76 5.654 14.08 

 (5.783) (8.689) (12.980) 

Less than a high school diploma or GED 29.16* 40.5 42.68 

 (14.670) (24.540) (42.010) 
High school diploma or GED but no 
college 

6.717 25.12* 16.41 

 (7.549) (11.700) (17.000) 
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Some college but less than bachelor's 
degree 

2.712 12.94 17.15 

 (6.663) (10.070) (12.770) 

Very Good Health  -23.78**  
  (8.139)  
Good Health  -11.68  
  (10.090)  
Fair or Poor Health  -4.837  
  (15.460)  
Obese  -14.76  
  (10.420)  
Overweight  3.283  
  (8.577)  
Underweight  -148.7**  
  (50.150)  
Uninsured   0.972 
   (18.900) 
Public Insurance   -2.127 
   (19.320) 
Constant 147.2** 160.4*** 124.1* 
 (51.910) (26.550) (58.620) 
Observations 636 180 147 
Average of Dependent Variable 76.26 76.95 71.11 

b coefficients; se in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 
Estimates estimated using the ATUS from 2003-2012 via OLS 
Model includes controls for: time of day, day of week, year, state of residence, and holiday 
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Table 15: Socioeconomic Disparities in Time Spent Obtaining Medical Care for Adults – 
Waiting  

 (1) (2) (3) 

 

Full ATUS 
Sample 

Eating and 
Health Sample 

ASEC-Matched 
Sample 

Female 0.0829 3.115 -16.63 
 (5.889) (14.140) (8.569) 

Age 34-45 22.48* 17.33 -1.242 

 (9.915) (34.920) (15.370) 

Age 46-59 1.329 -28 37.59** 

 (9.878) (28.830) (14.280) 

Age 60 and over 14.46 -10.53 39.27* 

 (9.079) (29.390) (16.610) 
Hispanic 4.089 45.28 -21.63 

 (11.760) (26.800) (27.450) 

Black 12.51 30.47 83.60*** 

 (10.290) (18.670) (14.950) 

Native American -19.22   

 (13.990)   
Asian 8.075 73.85 -42.91 

 (14.370) (37.560) (23.990) 
Pacific Islander -7.541   

 (17.130)   
Multiple Races Selected 64.63 32.47 38.72 

 (50.840) (38.590) (28.990) 

Metropolitan 3.989 56.93** -16.8 

 (7.263) (20.060) (14.290) 

Not Identified -9.036 89 -241.3** 

 (21.590) (81.610) (71.530) 

Family Income below 30,000 -5.9 -49.47*** 21.75 

 (10.330) (14.170) (16.420) 

Family income 30,000-59,999 -14.69 -71.74*** 55.18*** 

 (10.100) (19.380) (13.170) 
Family Income 60,000-99,999 -3.898 -33.03 21.75 

 (12.820) (23.410) (12.810) 

Less than a high school diploma or GED -8.357 -15.28 -19.03 

 (10.910) (21.220) (10.660) 
High school diploma or GED but no 
college 

1.887 29.45 -25.83** 

 (7.013) (15.000) (9.555) 
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Some college but less than bachelor's 
degree 

-9.393 31.63 -29.28* 

 (7.112) (21.600) (13.070) 
Very Good Health  17.15  
  (15.790)  
Good Health  21.89  
  (12.360)  

Fair or Poor Health  38.26*  
  (17.700)  

Obese  -43.83*  
  (16.870)  
Overweight  21.04  
  (13.040)  
Underweight  -28.57  
  (44.920)  

Uninsured   -42.57* 

   (21.160) 

Public Insurance   -23.04* 

   (9.656) 

Constant 25.01 -83.64 -105.3* 

 (28.730) (47.850) (49.880) 

Observations 402 127 122 

Average of Dependent Variable 15.87 8.99 19.46 
b coefficients; se in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 
Estimates estimated using the ATUS from 2003-2012 via OLS 
Model includes controls for: time of day, day of week, year, state of residence, and holiday 
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Table 16: Socioeconomic Disparities in Time Spent Obtaining Medical Care for Adults – 
Waiting and Time with Provider 

 (1) (2) (3) 

 

Full ATUS 
Sample 

Eating and Health 
Sample 

ASEC-Matched 
Sample 

Female -16.24 -11.87 5.067 
 (13.480) (29.480) (25.010) 

Age 34-45 21.69 34.17 -35.37 

 (20.310) (52.730) (33.240) 

Age 46-59 31.12 12.52 -5.193 

 (18.640) (52.630) (30.940) 

Age 60 and over 45.58* 46.21 55.87 

 (18.570) (57.140) (29.830) 
Hispanic 15.06 51.61 0.834 

 (17.380) (59.100) (34.830) 

Black 13.2 18.56 44.72 

 (22.920) (41.240) (37.920) 

Native American 132.1**   

 (49.060)   
Asian 27.28 -54.71 -8.475 

 (25.870) (67.900) (34.270) 
Pacific Islander 56.32   

 (34.060)   
Multiple Races Selected -24.33 -193.5 -38.26 

 (61.730) (133.500) (45.290) 

Metropolitan -17.53 -70.75 50.86 

 (14.130) (54.400) (27.060) 

Not Identified -10.53 -49.75 242.9* 

 (62.990) (148.400) (115.500) 

Family Income below 30,000 -32.88 -17.32 -68.05* 

 (17.950) (57.980) (31.050) 

Family income 30,000-59,999 -17.29 18.69 -6.633 

 (18.470) (57.120) (24.790) 
Family Income 60,000-99,999 -22.19 -94.72 9.003 

 (18.430) (51.400) (22.660) 

Less than a high school diploma or GED 40.36 44.08 113.4*** 

 (20.830) (56.000) (24.730) 
High school diploma or GED but no 
college 

19.85 16.15 -8.591 

 (14.480) (33.050) (21.870) 
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Some college but less than bachelor's 
degree 

24.22 42.83 45.19 

 (13.760) (38.390) (23.600) 
Very Good Health  31.1  
  (43.670)  
Good Health  3.617  
  (39.970)  

Fair or Poor Health  -25.71  
  (57.150)  

Obese  -12.8  
  (42.560)  
Overweight  -8.994  
  (29.040)  
Underweight  72.4  
  (98.510)  

Uninsured   99.63** 

   (29.910) 

Public Insurance   -19.15 

   (24.120) 

Constant 53.14 309.9* 43.35 

 (58.640) (154.100) (106.300) 

Observations 389 124 122 

Average of Dependent Variable 84.56 88.15 78.81 
b coefficients; se in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001 
Estimates estimated using the ATUS from 2003-2012 via OLS 
Model includes controls for: time of day, day of week, year, state of residence, and holiday 
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CHAPTER 3 

 

 

 

The Macroeconomy and Time Investments in Health:  
Evidence from the American Time Use Survey 

Anna Hill, Cornell University 
John Cawley, Cornell University, NBER, IZA 

 

Abstract: The relationship between macroeconomic conditions and health is well documented and 
most evidence suggests that economic downturns are good for health. The majority of previous 
work on the relationship between economic conditions and health focuses on three categories of 
outcomes: mortality (aggregate), health and wellbeing measures (including self-reported wellbeing 
and BMI), and health behaviors. Employment status, education level, and age mediate the 
relationship between macroeconomic conditions and health. We contribute to the large body of 
empirical work on the relationship between macroeconomic conditions and health by examining a 
range of behaviors via the American Time Use Survey that provide evidence about both the local 
labor market effect on the opportunity cost of time-intensive health investments (exercise, cooking 
at home, caring for one’s self and for others, sleeping, obtaining medical care, sedentary activity, 
eating and drinking and tobacco use). These health-related behaviors provide evidence about the 
mechanisms driving the relationship between the macroeconomy and health outcomes. Our data 
contain a rich set of covariates that allow us to determine whether sub-populations are differentially 
affected by local labor market fluctuations. We find that time spent in transit is reduced when the 
local unemployment rate increases and time spent sleeping increases. We also find mixed evidence 
on diet and exercise-related activities as well as risky behaviors. 
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Introduction 

Macroeconomic conditions have been found to be correlated with health, and a potential 

mechanism for this correlation is the macroeconomy’s association with health behaviors. The 

majority of previous work on the relationship between economic conditions and health focuses 

on three categories of outcomes: mortality (aggregate), health and wellbeing measures (including 

self-reported wellbeing and BMI), and health behaviors. Employment status, education level, and 

age mediate the relationship between macroeconomic conditions and health (Sullivan & von 

Watcher, 2009; Miller, Page, Stevens, & Filipski, 2009; McInerny & Mellor, 2012; Cutler, 

Huang, & Lleras-Muney, 2014).  

Fluctuations in the macroeconomy may affect heath via a variety of mechanisms. Charles and 

DeCicca (2007) propose two pathways through which labor market fluctuations may lead to 

changes in health. One proposes that changes in local labor market conditions may affect the 

opportunity cost of time available for health production. Healthy behaviors could increase when 

unemployment rises due to a lowering of the opportunity cost of time (because of changes in 

both the extensive and intensive margin of employment). The second pathway operates via 

stress. When the economy contracts, individual stress levels may increase and lead to a reduction 

in health (Charles & DeCicca, 2007). The stress pathway does not rule out behavioral changes, 

as stress can result in an increase in risky behavior as well as an increase in psychological 

distress (Sinha, 2001; Sher & Levenson, 1982; Khantzian, 1985).  

All-cause mortality has been found to vary procyclically with the macroeconomy (Ruhm, 1995; 

Miller, Page, Stevens, & Filipski, 2009; Fontenla, Gonzalez, & Quast, 2011; Ruhm, 2013). 

Empirical evidence suggests that the procyclical relationship between the economy and mortality 

is largely driven by mortality from external causes. Traffic fatalities account for a large portion 
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of the negative association between mortality and local unemployment rates (Miller, Page, 

Stevens, & Filipski, 2009). The largest effect of the macroeconomy on traffic fatalities is for 

young adults, while the weakest relationship is found in adults over working age. Ruhm (1995, 

2000) corroborates the negative relationship between traffic fatalities and local unemployment 

rates. Moreover, using the Fatal Accident Reporting System he finds that the relationship 

between local unemployment and traffic fatalities is largely due to a reduction in daytime 

fatalities. This is suggestive of changes in work-related commuting patterns during economic 

downturns (Ruhm, 1995). Miller, et al. (2009) also find that the procyclical relationship between 

the macroeconomy and mortality by external causes is concentrated in young adults and children 

(Miller, Page, Stevens, & Filipski, 2009).  

McInerny and Mellor (2012) find a pro-cyclical relationship between the macroeconomy and 

mortality in the elderly, who are not attached to the labor force. In fact, the reduction in deaths 

among the elderly predicted by Miller, et al. account for a substantial portion of deaths avoided 

by a 1 percentage point increase in the unemployment rate. Though correlation coefficients are 

largest for young and working age adults, given the distribution of deaths across age groups, the 

largest number of all-cause deaths avoided when the local unemployment rate increases is in the 

elderly. While job loss has been shown to cause an increase in mortality risk (Sullivan & von 

Watcher, 2009), mortality changes in the elderly population are more likely to be the result of 

changes in the availability and quality of medical care rather than the behavioral impact of 

changes in employment status. 

Empirical evidence on the relationship between macroeconomic conditions and health and 

wellbeing (as opposed to mortality) is mixed. Economic downturns may have a direct negative 

effect on mental health via job loss or stress related to bad news about the economy (Goldman-
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Mellor, Saxton, & Catalano, 2010). Job loss also results in both a lifestyle change as well as a 

negative income shock. It has been shown to have an adverse effect on mental health status 

including symptoms of clinical depression (Gallo, Bradley, Siegel, & Kasi, 1999). Self-reported 

physical and mental health have been found to decline when local unemployment rates increase 

(Davalos & French, 2011; Charles & DeCicca, 2007). BMI has also be found to increase when 

the economy contracts (Charles & DeCicca, 2007; Arkes, 2009; Bockerman, et al., 2007). 

Prior research also suggests that changes in the economy may affect health through changes in 

behavior, but there is evidence of both procyclicality and countercyclicality of unhealthy 

behavior. More work hours are associated with more smoking, less exercise and fewer doctor 

visits among low educated adults (Kaestner & Xu, The Business Cycle and Health Behaviors, 

2010). This association is largely attributed to the extensive margin of employment. If this 

relationship is symmetrical, these results may indicate that job loss will result in an increase in 

healthy behaviors. Evidence from the Behavioral Risk Factor Surveillance System indicates that 

smoking, excess weight and heavy drinking all decline when the unemployment rate rises (Ruhm 

and Black, 2002; Ruhm, 2005). Economic downturns may also result in less healthy behavior. 

Ruhm and Black (2002) find that while heavy drinking decreases when the unemployment rate 

rises, light drinking increases while Dee (2001) finds strong evidence that binge drinking may 

increase when the economy contracts (Ruhm & Black, 2002; Dee, 2001). Evidence from the 

BRFSS indicates that unhealthy eating also increases with the unemployment rate (Dave & 

Kelly, 2010). Time use data has been used to study the effect of recessions on health: Coleman 

and Dave (2011) find that recreational exercise increases when local unemployment rates 

increase while work-related physical activity decreases leading to an overall reduction in time 

allocated to exercise.  
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Recent work also indicates that the effects of economic downturns on long term wellbeing and 

health behaviors are mediated by education (Cutler, Huang, & Lleras-Muney, 2014). Graduating 

from school during a recession leads to lower income and self-reported life satisfaction as well as 

a higher risk of obesity, smoking and alcohol use, however evidence from data spanning multiple 

European countries indicates that higher levels of education are protective against negative 

health outcomes. This could be partly explained by differences in health behaviors along the 

education gradient. One year of education is associated with a 3 percentage point reduction in the 

probability of smoking and 1.4 percent reduction in the probability of obesity. Evidence also 

supports the claim that more educated individuals engage in more risk-reduction and safety-

promoting behaviors (Cutler & Lleras-Muney, 2010). 

New work suggests that the link between recessions and mortality has weakened (Ruhm, 2013). 

Deaths by cardiovascular events and traffic fatalities are still procyclical, while deaths from 

cancer and accidental poisoning are strongly countercyclical (Ruhm, 2013). Changes in cancer 

deaths are likely to be due to changes in health insurance or other financial factors that make 

obtaining sophisticated treatments easier. Increases in deaths due to accidental poisoning during 

economic downturns are likely to be explained by changes in mental health levels. See Appendix 

1 for more details about the economic literature on the relationship between the macroeconomy 

and health. 

We contribute to to the large body of empirical work on the relationship between 

macroeconomic conditions and health by focusing on the association between the 

macroeconomy and time allocated to health-related behaviors as a potential mechanism for the 

relationship between the economy and health outcomes. We examine a range of behaviors via 

the American Time Use Survey that provide evidence about both the local labor market effect on 



 

138 
 

transit time and the opportunity cost of time-intensive health investments (exercise, cooking at 

home, caring for one’s self and for others, sleeping and obtaining medical care). We also observe 

sleeping, sedentary activity, eating and drinking and tobacco use. Our data contain a rich set of 

covariates that allow us to determine whether sub-populations are differentially affected by local 

labor market fluctuations.  

Data 

We estimate the relationship between the macroeconomy and time spent on health investments 

using data from the American Time Use Survey (ATUS) from 2003 to 2012, which includes 

136,960 respondents. The ATUS is funded by the Bureau of Labor Statistics and administered by 

the CPS, and the sample is a nationally representative subsample of CPS outgoing rotation 

households from 2003-2012. ATUS households are chosen based on the characteristics of the 

CPS reference person in the household and one adult from each ATUS household is randomly 

chosen to complete the survey. Respondents provide a complete time diary via computer assisted 

phone interview (CAPI) for a full 24 hour period beginning at 4 AM the day before the ATUS 

interview and ending at 4 AM the day of the interview. Activities identified as the main way 

respondents are using their time (primary activities) are coded by the BLS following the 

collection of a complete diary day and secondary and tertiary activities performed at the same 

time as main activities are not included in the data set. CPS variables are available for nearly all 

ATUS respondents (Bureau of Labor Statistics, 2013). The Eating and Health Module includes 

questions about general health, height, weight and detailed eating information. The module was 

administered to all ATUS respondents for three years (2006-2008).We use data from the Eating 

and Health module to measure the relationship between macroeconomic conditions and eating as 

a secondary activity. 
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The ATUS is well-suited to studying the relationship between the macroeconomy and behaviors 

because it collects comprehensive time diaries from a nationally representative sample. While 

the ATUS provides rich data about the way US residents use their time, it is not without 

limitations. The survey response rate is between 50 and 60% annually, and nonresponse is 

potentially correlated unobservable respondent characteristics that affect time allocation. Time 

use data is also only collected for one individual in each ATUS household (Hammermesh, 

Frazis, & Stewart, 2005). A one day time diary may not accurately reflect the way that any given 

respondent usually allocates time. Further threatening the accuracy of time use data available in 

the ATUS is the lack of information about time spent on secondary activities. For example, less 

than 2% of ATUS respondents report smoking as a primary activity while the CDC reports that 

18.1% of adults in the US were current smokers in 2012 (down from 20.9 in 2005) (Centers for 

Disease Control and Prevention, 2014). Behaviors that are rarely reported as primary activities 

are likely to be underreported in the ATUS data. 

Our outcomes of interest affect health and mortality through different causal pathways. See 

Appendix 2 for a list of outcomes and corresponding ATUS activity codes. Accidental deaths 

continue to show pro-cyclicality (Ruhm, 2013) and we examine the relationship between local 

fluctuations in the economy and time spent traveling. When the economy contracts, less travel is 

expected as fewer individuals will be commuting to work. Less time in transit is likely to result 

in fewer accidental deaths. We also observe time spent sleeping, which has a direct effect on 

health and wellbeing. A second category of outcomes includes behaviors that may have long-run 

impacts on health and mortality. Even if these behaviors change when the macroeconomy 

fluctuates, health consequences may not vary contemporaneously with the local unemployment 

rate. Changes in diet and exercise patterns in response to fluctuations in the economy could lead 
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to short and long run changes in BMI and health. In the ATUS, we observe time spent: grocery 

shopping, purchasing non-grocery food, preparing food, primary and secondary10 eating and 

drinking, exercise (for leisure and at work), exterior housework (such as gardening), watching 

television and playing games. The above time use measures do not provide enough information 

to determine whether healthy diet and exercise-related behaviors have increased or decreased as 

a result of changes in the local unemployment rate. While an increase in time spent exercising 

and performing physical labor is likely to be strongly correlated with calorie expenditure, time 

spent eating may not necessarily be correlated with food intake. More time spent shopping for 

food and preparing food could indicate that ATUS respondents are eating more home cooked 

food, but we are unable to observe what kinds of foods are being purchased, prepared and 

consumed 

Risky behaviors are not easily observed in the ATUS. We use time spent using tobacco and other 

drugs to proxy for risky behavior. Tobacco and drug use are combined in a single time use 

category, and it is impossible to determine what substance(s) is being used in each episode. It is 

also likely that smoking is under-reported in the ATUS due to a lack of information about 

secondary activities. Smoking is rarely reported as a primary activity, and alcohol use is not 

included in ATUS activity codes. 

Changes in health care seeking patterns are likely to affect both current and future health 

outcomes. We observe time spent obtaining medical care and services outside the home and time 

spent performing health-related self-care. We are unable to determine what kind of professional 

medical care ATUS respondents seek, and are therefore unable to determine whether changes in 

                                                            
10 Secondary eating is only observed in the ATUS Eating and Health Module from 2006-2008, and is defined as 
eating while engaging in a different main activity 
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time spent obtaining medical care reflect changes in seeking preventive services or changes in 

health status.  

We also explore the relationship between changes in the macroeconomy and time spent caring 

for others. These activities represent time inputs into the production of others’ health. Time spent 

caring for adults and time caring for children are used as separate outcomes. Miller, et al. (2009) 

report that associations between economic conditions and mortality are concentrated in the 

elderly (Miller, Page, Stevens, & Filipski, 2009), and changes in time allocated to caring for 

them are likely to affect their health outcomes. Time spent on childcare can affect the health of 

children as well as their propensity to engage in risky behaviors. This is particularly true for 

adolescents, who may increase risk-taking in response to a reduction in adult supervision (Wulff 

Pabilonia, 2014). Non-labor market work like caring for others may also lead to higher levels of 

stress for the caregiver. We also measure the relationship between the amount of time allocated 

to leisure and local labor market conditions. Leisure time is likely to be correlated with mental 

health and general wellbeing. 

We measure fluctuations in the macroeconmy via the local area unemployment rates provided by 

the Bureau of Labor Statistics (BLS). The BLS records state-level unemployment rates on a 

monthly basis11. See Figure 1 for a plot of the average unemployment rate by month from 2003-

2012. 

Method 

We measure the relationship between the economy and health behaviors via ordinary least 

squares (OLS). There has been some disagreement about the appropriate empirical model for 

                                                            
11 Website: http://www.bls.gov/schedule/archives/all_nr.htm#SRGUNE 
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analyzing time use data due to the high number of zeroes present in the outcome variables. It has 

been suggested that time use data is well suited to two-part estimation strategies or Tobit, 

however Stewart (2009) proposes that the zeroes in time use data arise due to the short duration 

of observation. He tests OLS against two-part and Tobit models using simulated data and finds 

that OLS produces unbiased results while the other two models do not (Stewart, 2009). 

We comply with his recommendation and estimate OLS models: 

	 	  

Where T is total time in minutes spent: traveling, sleeping, grocery shopping, non-grocery food 

shopping, food preparation, eating and drinking, secondary eating and drinking, exercising for 

leisure, exercising at work, using tobacco and other drugs, watching television, playing games 

obtaining medical care and services, caring for children, caring for adults, and engaging in 

leisure activities. The regressor of interest, U is a state-level unemployment rate measured every 

month using monthly Local Area Unemployment data from the Bureau of Labor Statistics. We 

measure fluctuations in the macroeconomy in several ways to capture effects of economic 

fluctuations that result immediately as well as those that result after a period of adjustment to 

new labor market conditions. For our main specification, we use contemporaneous state-level 

unemployment rates for the month of the ATUS diary day as well as one month lagged 

unemployment and 3 month lagged average unemployment. The contemporaneous measures of 

the local unemployment rate correspond well to the data collected by the ATUS. The time use 

diary us collected for the day before the ATUS interview, and therefore is likely to reflect current 

behaviors. We supplement our main analysis with lagged measures of the unemployment rate 

that allow us to capture effects of changes in the economy that do not happen contemporaneously 

with fluctuations in the unemployment rate and to capture changes in behavior that persist past 
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the initial change in economic conditions. Lagged measures of the unemployment rate are used 

in the literature on the relationship between macroeconomic conditions and health for a variety 

of reasons: first many national health surveys collect information on behaviors over a long time 

period (months or years prior to the interview date) (Davalos & French, 2011), and second to 

allow health-related behavioral patterns to stabilize following a change in macroeconomic 

conditions (Arkes, 2009).  

δ is a vector of indicators for year of ATUS interview and accounts for the determinants of time 

allocation that vary over time and are constant across states. X is a vector of covariates likely to 

be correlated with time allocation including: age, gender, race, Ethnicity, day of the week and an 

indicator for whether the ATUS diary day was a holiday. As a sensitivity test, we also include 

models with a set of endogenous controls including: urbanicity, marital status, educational 

attainment, income, number of people in household, number of children in household, age of 

youngest child in household, employment status, and the proportion of an 8 hour workday spent 

working. The most restrictive model also includes , a set of state fixed effects. The state fixed 

effects account for time invariant state-level determinants of time use. Models with the full set of 

year controls and fixed effects identify associations between time use and within state changes in 

the unemployment rate over time relative to other states in the US.  

We estimate results separately by gender. While we do not find statistically significant 

differences in our coefficient of interest between males and females, we sacrifice statistical 

power in order to account for differences in male and female labor market participation and the 

allocation of non-market labor activities (such as child care). 

We perform subgroup analysis by employment status to explore whether changes in the economy 

affect time use within employment group (employed, unemployed and out of the labor force) 
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independently of changes in employment status. We also estimate results by age, education level, 

and year to facilitate comparisons with recent work. Miller et al. (2007) finds that mortality 

reductions are concentrated in the elderly, and Ruhm (2013) finds that reductions in traffic 

fatalities are concentrated among young and working age individuals. The education gradient in 

health has been well established in prior research, which generally finds that educated people are 

healthier than those with less education (Grossman, 1999; Grossman, 1972). New work by 

Cutler, et al (2014) indicates that the effect of macroeconomic conditions on health is mediated 

by education level (Cutler, Huang, & Lleras-Muney, 2014). Finally, Ruhm (2013) suggests that 

empirical measurements of the association between the macroeconomy and health are sensitive 

to the time period that is studied (Ruhm, 2013). We use data from 2003-2012, spanning 10 years. 

To test the sensitivity of our results to time period, we estimate models separately for ATUS 

years 2003-2006 and 2007-2012. We also use these time periods to compare the effects of 

fluctuations in the macroeconomy both before and after the Great Recession. The latter time 

period (2007-2012) spans the Great Recession from December 2007 through June 2009, which 

resulted in a prolonged contraction of the US economy, and large fluctuations in unemployment 

(See Figure 1). Evidence from the American Life Panel indicates that over one third of American 

households experienced unemployment, negative home equity or being in arrears in house 

payments (Hurd & Rohwedder, 2010). Optimism about the economy in the future remains low 

past the official end of the recession (Hurd & Rohwedder, 2010). This recession may also have 

unusually long-reaching effects on the labor market and wealth partially due to expansions in 

unemployment benefits (Rothstein, 2011). Less than 50% of those who reported losing a job 

during the great recession were employed by the beginning of 2010 and those who did find a 

new job earned 17.5 percent less on average than they did in their prior jobs (Farber, 2011). 
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Therefore, we may expect to find different associations between the macroeconomy and health 

behaviors during the time period that spans the Great Recession. 

This study covers a large range of outcomes and makes use of several measures of the local 

unemployment rate. Given the number of estimates that we produce using subgroups and 

multiple unemployment rate measures, it is likely that we will find several statistically significant 

results simply by chance. A solution to this multiple comparisons problem is to apply more 

stringent significance thresholds to each individual estimate that we report. The simplest 

procedure is the Bonferroni correction. If we desire an overall type 1 error rate of α, and in one 

family of tests we have n different hypotheses, we should adjust the significance threshold for 

each individual test to . This method has been criticized as too restrictive (Bristol, 1997), but it 

provides a simple rule of thumb for the interpretation of the results of our subgroup analyses as 

well as our pooled estimates produced using multiple measures of the unemployment rate. In the 

case of our subgroup analyses, in which we present coefficients on the contemporaneous 

unemployment rate for up to 5 subgroups of our data set, it may be prudent to apply a strict 

significance criterion (closer to 1% or less instead of the typical 5%) to each individual estimate 

to preserve a family-wise type 1 error rate of 5% (Bender & Lange, 2001).  

 

Results 

Table 1 describes the characteristics of ATUS respondents from 2003 through 2012. Tables 2 

and 3 list the average time spent engaging in health-related activities by men (Table 2) and 

women (Table 3). Notably, fewer women than men report engaging in work-related exercise. 

Women are also more likely to report obtaining medical services, performing health related self-
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care and caring for children. Work-related exercise, obtaining medical care and tobacco and drug 

use are rarely reported in the ATUS time diary. 

Results tables for the pooled sample contain results run separately by gender. We present 

univariate results first (in columns 1 and 5), and progress to the most restrictive specification 

(columns 4 and 8). Our preferred specification includes exogenous controls only and appears in 

columns 2 and 6. More restrictive models include endogenous controls such as income and 

employment status, which could bias estimates of the association between the economy and 

health behaviors. Our most restrictive specification includes a full set of state fixed effects. These 

models serve as a sensitivity analysis for the results found in the preferred specification. We will 

mainly discuss results from our preferred specification using the contemporaneous 

unemployment rate, and only mention estimates from more restrictive models when they indicate 

that our results are sensitive to the inclusion of endogenous controls or state fixed effects. Each 

row of these tables represents a separate regression run using a different measure of the local 

unemployment rate. Subgroup tables contain estimates from our preferred specification that 

includes exogenous controls and measures the association between the contemporaneous state-

level unemployment rate and time use. 

We find few significant correlations between local unemployment rates and time allocated to 

health-related behaviors. If we further consider correcting for multiple comparisons both in the 

subgroup analyses and the pooled analysis (using three different unemployment measures), many 

marginally significant results are more likely to be insignificant. 

Several health-related behaviors are correlated with the local unemployment rate. Changes in 

time allocated to transit could potentially affect accidental deaths. Pooled estimates indicate that 

a 1 percentage point increase in the contemporaneous local unemployment rate is associated with 
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.751 fewer minutes spent traveling for men (Table 4a, column 2). The coefficient is robust to 

inclusion of endogenous controls and is reduced to .659 minutes when state fixed effects are 

included (Table 4a, column 4). Coefficients on all unemployment rates are positive for women in 

most specifications, but not statistically significant in the preferred specification (Table 4a, 

column 6). This pattern of results holds across multiple subgroups. Men spend less time traveling 

and women spend more time traveling when unemployment rates increase. Men with college 

degrees travel 1.036 minute less for each percentage point increase in the contemporaneous 

unemployment rate (Table 4b). Men aged 25-64 spend over 1.1 minutes less in transit when local 

unemployment rates increase by 1 percentage point (Table 4b).  

Men and women spend more time sleeping when the contemporaneous and lagged 

unemployment rate increases (Table 5a). Men spend 1.985 more minutes sleeping when the 

contemporaneous unemployment rate increases by 1 percentage point (Table 5a, column 2). 

Coefficients on lagged measures of the unemployment rate are still positive and indicate that a 1 

percentage point increase in the one month lagged or 3 month average unemployment rate is 

associated with a more than 1.5 minute increase in time spent sleeping, which suggests that the 

effect of the macroeconomy on time spent sleeping persists. Coefficients are smaller for women, 

and the only statistically significant association between unemployment rate and time spent 

sleeping is in the model using contemporaneous unemployment rate (Table 5a, column 6). 

Results are concentrated among working age men and women. Unemployed women sleep 5.892 

minutes more when the contemporaneous unemployment rate increases by 1 percentage point 

(Table 5b). Employed men sleep 1.282 minutes longer when the contemporaneous 

unemployment rate increases by 1 percentage point (Table 5b). The association is stronger in less 

educated males: coefficients indicate that males with no more than a high school degree spend 
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over 2 more minutes sleeping when the contemporaneous unemployment rate increases by 1 

percentage point (Table 5b). Women with some college spend 2.152 minutes more sleeping 

when the contemporaneous unemployment rate increases by 1 percentage point. Men sleep 

significantly more when the unemployment rate increases in both the 2003-2006 and the 2007-

2012 ATUS samples (Table 5b). Women in the 2007-2012 sample sleep over 4 more minutes 

when the contemporaneous unemployment rate increases by 1 percentage point, but women in 

the 2003-2006 sample do not sleep significantly more (Table 5b). 

The relationship between time spent performing health-related self-care and the local 

unemployment rate is positive for men and women. We find statistically significant coefficients 

on all measures of the local unemployment rate for men, who spend .320 to .375 more minutes 

performing self-care when measures of the local unemployment rate increase by one percentage 

point (Table 6a, column 2). This relationship appears to be largely driven by older men who are 

out of the labor force, who spend over 1 minute more engaging in self-care when both 

contemporaneous unemployment rates increases by 1 percentage point (Table 6b). Men with a 

bachelor’s degree or higher spend .445 minutes more engaging in health-related self-care when 

the contemporaneous unemployment rate increases by 1 percentage point (Table 6b). Women in 

the 2007-2012 ATUS sample spend .326 minutes more engaging in self-care when the 

contemporaneous unemployment rate increases by 1 percentage point (Table 6b). 

The macroeconomy appears to be strongly associated with time that females spend caring for 

others. Women spend less time caring for children when the local unemployment rate increases. 

They spend .649 minutes less caring for children when the contemporaneous unemployment rate 

increases by 1 percentage point and .660 minutes less when the 1 month lagged rate increases by 

1 percentage point (Table 7a, column 6), possibly indicating a persistent change in routines 
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caused by fluctuations in the economy. Coefficients are positive for males, but not statistically 

significant (Table 7a, column 2). Women who are out of the labor force spend 1.371 minutes less 

caring for children when the contemporaneous unemployment rate increases by 1 percentage 

point (Table 7b). Women with some college also spend less time caring for children when the 

unemployment rate increases. While women aged 25-79 spend less time caring for children, 

women over age 80 spend more time caring for children when the unemployment rate increases 

(Table 7b).  

The relationship between the unemployment rate and time spent caring for adults is positive for 

both males and females in the pooled sample, but coefficients are only weakly significant. 

Women spend .322 minutes more caring for adults when the 1 month lagged unemployment rate 

increases by 1 percentage point and .324 minutes more when the 3 month average 

unemployment rate increases by 1 percentage point (Table 8a, column 6). We find no significant 

relationship between the contemporaneous unemployment rate and time spent caring for adults, 

which could indicate that adult care patters adjust slowly to changes in the economy. Women 

aged 65 and older also spend significantly more time caring for adults when contemporaneous 

measures of the unemployment rate increase by 1 percentage point (Table 8b). Associations 

between the unemployment rate and time spent caring for adults also appears to be concentrated 

among women without a high school degree and those with a BA or more (Table 8b)., but 

coefficients are not statistically significant in these subgroups. 

Women spend .477 minutes more eating for every 1 percentage point increase in the 

contemporaneous unemployment rate (Table 9a, column 6). This effect appears to be driven by 

employed women, who spent .921 more minutes eating for every 1 percentage point increase in 

the contemporaneous unemployment rate. We find no statistically significant coefficients on any 
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measure of the local unemployment rate on primary or secondary eating and drinking for men in 

the pooled sample (Table 9a and Table 10a). Unemployed men spend less time eating when the 

local unemployment rate increases. They spend 1.22 minutes less for each 1 percentage point 

increase in the contemporaneous unemployment rate. Females aged 15-18 spend 1.631 more 

minutes eating and drinking when the contemporaneous unemployment rate increases by 1 

percentage point (Table 9b). Men aged 19-24 also spend more time eating and drinking when the 

contemporaneous unemployment rate increases (Table 9b). Secondary eating and drinking 

appears to be negatively associated with the unemployment rate for men, but positively 

associated with the local unemployment rate for women. We do not find statistically significant 

associations between time spent eating and drinking as a secondary activity and the local 

unemployment rate (Table 10a). 

We find no statistically significant coefficients on any measure of the local unemployment rate 

on time spent grocery shopping in pooled samples of men or women. Coefficients are positive 

and small (Table 11a, columns 2 and 6). Unemployed men spend .727 minutes more and 

employed women spend .211 more minutes on grocery shopping when the contemporaneous 

unemployment rate increases by 1 percentage point (Table 11b). Women in the ATUS sample 

from 2003-2006 spend nearly .5 more minutes grocery shopping when the contemporaneous 

unemployment rate increases by 1 percentage point (Table 11b).  

Similarly, we find small and positive but insignificant associations between local unemployment 

rates and time spent shopping for non-grocery food and food preparation for both men and 

women in the pooled sample (Tables 12a and 13a, columns 2 and 6). Subgroup analysis indicates 

that older men and women do spend significantly more time shopping for non-grocery food 

when the unemployment rate increases (Table 12b). Women with a high school degree spend 
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1.375 minutes more on food preparation when the local unemployment rate increases by 1 

percentage point (Table 13b). 

 
We find no significant associations between contemporaneous, 1 month lagged and 3 month 

average unemployment rate for men or women and time spent exercising recreationally (Table 

14a) or for work (Table 15a), performing exterior housework (Table 16a), watching television 

(Table 17a), or playing games (Table 18a). Men without a high school diploma spend slightly 

more time exercising for work when all measures of the local unemployment rate increase by 1 

percentage point (Table 15b). Employed women spend less time engaging in exterior housework. 

They spend .377 minutes less when the contemporaneous unemployment rate increases by 1 

percentage point (Table 16b). Men who are out of the labor force spend less time on exterior 

housework when the state level unemployment rate increases (Table 16b). Both of these 

estimates are statistically significant at the 5% level, but may not be considered significant in 

light of the multiple comparisons correction 

Females aged 65-79 spend over 3.873 more minutes watching television when contemporaneous 

and lagged measures of the local unemployment rate increase by 1 percentage point (Table 17b). 

Women with some college watch over 2 more minutes of television when the contemporaneous 

unemployment rate increases by 1 percentage point (Table 17b). Men and women from the 2003-

2006 ATUS sample spend more time watching television when unemployment rates increase, 

while we find no statistically significant effects in the 2007-2012 sample (Table 17b). Men aged 

65-79 and men from the 2003-2006 ATUS sample spend significantly more time playing games 

when the unemployment rate increases (Table 18b). 
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We find very small and statistically insignificant associations between local unemployment rates 

and time spent using tobacco and other drugs in pooled samples or subgroup analysis (Table 19 a 

and b). 

Obtaining medical care is a rare event in the ATUS data set. The coefficient on the 

contemporaneous unemployment rate indicates that men spend .0882 more minutes obtaining 

medical care for a 1 percentage point increase in the contemporaneous local unemployment rate 

(Table 20a, column 2). Subgroup analysis indicates that the largest associations exist in young 

men with less than a high school degree (Table 20b).  

We find no statistically significant associations between the unemployment rate and time spent 

engaging in leisure in the preferred specification (models including exogenous controls) in 

pooled samples of women. Men spend 2.691 more minutes engaging in leisure when then 

contemporaneous unemployment rate increases by 1 percentage point (Table 21a, column 2). 

Men aged 25-64 spend 3.44 more minutes and men without a high school degree spent 5.685 

more minutes engaging in leisure when the contemporaneous unemployment rate increases by 1 

percentage point. Men and women over age 80 spend substantially less time engaging in leisure 

when lagged and contemporaneous measures of the unemployment rate increase (Table 21b). 

Coefficients are positive in younger age groups. We find large and significant associations 

between the contemporaneous unemployment rate and time spent on leisure in the ATUS from 

2003-2006, but small and insignificant associations in the 2007-2012 sample. 

Conclusion:  

We use time use data to observe the relationship between the macroeconomy and time 

investments and health. We find many null results, which could indicate that the macroeconomy 

is not related to most health-related behaviors. This finding is consistent with Ruhm’s recent 
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work that suggests that the relationship between macroeconomic conditions and health has 

weakened recently. Our data cover the years 2003-2012 and much of the previous work on the 

health impacts of economic downturns use older data. It is also possible that we do not have 

enough statistical power to detect the association between the local unemployment rate and time 

spent investing in health.  

While we find many null results, our estimates provide some evidence that the countercyclical 

relationship between health and mortality and the macroeconomy can be partly explained by the 

association between fluctuations in the local unemployment rate and health-related behaviors. 

Generally, our results indicate that changes in local labor market conditions affect routine 

behaviors like traveling, sleeping and time allocated to caring for others but are not strongly 

correlated with health investments like exercise and diet. 

Transit time for men decreases when the economy contracts. Results are concentrated among 

young, working age men and men with some college. The pattern of results is consistent with 

prior research, indicating that transit-related fatalities are procyclical and concentrated among 

working age men (Ruhm, 2013; Miller, Page, Stevens, & Filipski, 2009). Moreover, this result is 

also concentrated among men with some college education, which is consistent with Cutler, et al. 

(2014). Our findings point to a reduction in work-related travel in response to an increase in the 

local unemployment rate. Changes in employment status, either at the extensive or intensive 

margin may lead to reductions in transit and therefore in the risk of traffic accidents. 

Men and women spend more time sleeping when the unemployment rate increases and this effect 

appears to persist over time. While this result persists across specifications and subgroups, it is 

unclear whether more sleeping indicates better health. If individuals sleep too little when the 

economy is healthy, and sleep more when the economy contracts then more sleep is likely to 
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increase health. More time spent sleeping may also indicate that men and women feel worse 

when the unemployment rate is high. The stress of a bad economy can lead to depression and 

therefore more sleeping. Unfortunately, in the ATUS we are unable to determine whether time 

spent sleeping is a health input or a symptom of a health problem.  

Overall, it appears that women spend less time caring for children when the economy contracts. 

This result is concentrated in employed and non-labor force women, working age women and 

women aged 65-79, and women with some college. Older men spend more time caring for 

children. These kinds of changes may be in response to employment status changes and the 

affordability of childcare. Regardless of the mechanism, a reduction in time spent with children 

could result in lower levels of health for those children. Women spend more time caring for 

adults when the local unemployment rate increases, and the relationship appears to be strongest 

for women over age 65 and women who have college degrees. In this age group, it is likely that 

women are caring for their spouses and, to some extent, their aging parents. An increase in time 

spent caring for older adults is consistent with Miller, et al. (2007), who find that reductions in 

mortality associated with unemployment levels are high among the elderly. Time investments in 

the health of other adults are likely to account for a portion of the reduction in mortality observed 

in the elderly when the economy contracts. We find associations between time spent caring for 

others and lagged measures of the unemployment rate, which could indicate persistent changes in 

household routines for caring for children and adults. 

Results on diet are less clear. Ruhm (2013) finds that cardiovascular-related deaths are 

procyclical, and reductions in obesity during economic contractions could be a contributing 

factor. Generally we observe more time spent shopping for and preparing food when the 

unemployment rate increases. This could indicate that individuals eat more home cooked meals 
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when the economy contracts and is consistent with a lower opportunity cost of time for health 

investments when the economy contracts. It could also be indicative of cost-saving measures 

because eating at home is cheaper than eating out. We also find that women spend more time 

eating as both a primary and secondary activity. This result is concentrated in young and 

educated women. Time spent eating may or may not be indicative of calorie intake. In fact, 

evidence from the BRFSS indicates that higher unemployment rates are associated with a 

decrease in healthy food consumption and an increase in snacking and fast food consumption 

(Dave & Kelly, 2010). 

We find no significant evidence that exercise increases when the economy contracts. Sedentary 

activities like watching television and playing games (we assume this mainly includes video 

games) appear to increase when the unemployment rate increases. The spottiness of the evidence 

on exercise may indicate that the relationship between the economy and physical activity is 

weak, and any effect that the economy has on weight-related outcomes (such as BMI) is largely 

driven by changes in eating (Charles & DeCicca, 2007). We do not find evidence that individuals 

are increasing investments in health via increased exercise.  

We do not find evidence of a relationship between risky behavior and the macroeconomy. While 

our measure of risky behavior is imperfect due to both missing information and underreporting, 

our results on the relationship between tobacco and drug use and the macroeconomy do not 

support the stress pathway hypothesis. Leisure time increases for both men and women when the 

local unemployment rate increases. Leisure may promote physical and psychological wellbeing, 

but it may also crowd out time that could be allocated to health investments.  
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Figure 1: Average Unemployment Rate by Month 
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Table 1: Summary Statistics – Full ATUS Sample 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Summary statistics 
estimated using the ATUS from 2003-2012  
Means and standard deviations were estimated using ATUS final sample weights

Variable Mean/SD 
Male 0.436 

 (0.496) 
Under Age 34 0.257 

 (0.437) 
Age 34-45 0.253 

 (0.435) 
Age 46-59 0.246 

 (0.431) 
Age 60 and over 0.245 

 (0.430) 
Married 0.578 
 (0.494) 
Number of people in household 3.011 
 (1.564) 
Hispanic 0.130 

 (0.337) 
White 0.815 

 (0.388) 
Family Income below 30,000 0.293 

 (0.455) 
Family income 30,000-59,999 0.322 

 (0.467) 
Family Income 60,000-99,999 0.243 

 (0.429) 
Family Income over 100,000 0.143 

 (0.350) 
Less than HS Diploma 0.166 

 (0.372) 
HS Degree 0.268 

 (0.443) 
Some College 0.267 

 (0.442) 
Bachelor's Degree or More 0.300 

 (0.458) 
N 136960 
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Table 2: Average Time Spent on Outcomes of Interest - Males 
  Males 

 
% Engaging in 

Activity 

Average minutes 
conditional on any 

minutes spent Average Minutes 
Travel 87.16% 86.15 76.16 

  (80.45) (80.51) 
Grocery Shopping 12.33% 65.74 6.95 

  (43.73) (24.71) 
Non-Grocery Food Shopping 11.04% 9.65 1.07 

  (7.89) (4.01) 
Food Preparation 40.95% 44.87 17.08 

  (46.81) (36.18) 
Eating and Drinking 95.45% 71.87 68.91 

  (51.63) (52.53) 
Secondary Eating and Drinking 13.93% 164.76 83.50 

  (291.24) (223.09) 
Sleeping 99.85% 511.19 510.49 

  (136.27) (137.49) 
Exercise for Leisure 20.15% 116.84 23.96 

  (108.80) (68.22) 
Work-related Exercise 0.03% 111.50 0.02 

  (108.27) (2.26) 
Exterior Housework 19.33% 146.84 26.58 

  (136.14) (80.94) 
Watching Television 81.54% 216.16 175.44 

  (171.74) (176.30) 
Playing Games 9.00% 149.17 14.86 

  (132.00) (61.09) 
Tobacco and Drug Use 1.68% 25.57 0.57 

  (45.31) (7.73) 
Obtaining Medical Services 1.92% 84.80 2.00 

  (85.60) (18.40) 
Health-related Self-care 4.78% 86.81 4.01 

  (189.52) (44.60) 
Caring for Children 24.19% 109.58 21.66 

  (108.26) (64.97) 
Caring for Adults 12.36% 85.85 10.88 

  (110.66) (48.66) 
Leisure 95.51% 306.21 291.66 

  (209.87) (214.93) 
N    59683 

Summary statistics estimated using the ATUS from 2003-2012  
Means and standard deviations were estimated using ATUS final sample weights
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Table 3: Average Time Spent on Outcomes of Interest - Females 
  Females 

 
% Engaging in 

Activity 

Average minutes 
conditional on any 

minutes spent Average Minutes 
Travel 84.09% 83.63 71.30 

  (75.63) (75.87) 
Grocery Shopping 18.10% 68.51 11.61 

  (42.24) (31.03) 
Non-Grocery Food Shopping 11.31% 10.39 1.18 

  (8.57) (4.39) 
Food Preparation 67.80% 69.40 45.75 

  (63.84) (61.39) 
Eating and Drinking 95.32% 68.00 65.00 

  (48.07) (49.03) 
Secondary Eating and Drinking 15.69% 158.67 92.96 

  (293.96) (238.19) 
Sleeping 99.89% 518.97 518.53 

  (131.69) (132.49) 
Exercise for Leisure 14.71% 79.08 12.45 

  (72.59) (40.74) 
Work-related Exercise 0.01% 107.35 0.00 

  (149.86) (0.97) 
Exterior Housework 11.31% 95.64 9.92 

  (100.61) (43.60) 
Watching Television 78.62% 188.93 148.60 

  (149.28) (153.37) 
Playing Games 7.90% 109.15 8.80 

  (96.44) (40.41) 
Tobacco and Drug Use 1.39% 22.20 0.37 

  (24.05) (4.20) 
Obtaining Medical Services 3.15% 70.52 2.85 

  (66.01) (19.21) 
Health-related Self-care 7.58% 80.86 5.72 

  (167.87) (49.21) 
Caring for Children 36.32% 145.00 46.06 

  (126.15) (98.04) 
Caring for Adults 13.20% 78.29 11.03 

  (103.15) (47.35) 
Leisure 95.26% 277.58 263.59 

  (187.94) (192.95) 
N     77277 

Summary statistics estimated using the ATUS from 2003-2012  
Means and standard deviations were estimated using ATUS final sample weights
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Table 4a: Travel – Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

-0.683*** 
(0.149) 

-0.751** 
(0.363) 

-0.737* 
(0.368) 

-0.659* 
(0.384) 

-0.411 
(0.274) 

0.0641 
(0.460) 

0.133 
(0.347) 

-0.684 
(0.460) 

One Month Lagged State-Level 
Unemployment Rate 

-0.540*** 
(0.152) 

-0.384 
(0.362) 

-0.370 
(0.367) 

0.193 
(0.382) 

-0.282 
(0.257) 

0.430 
(0.400) 

0.509* 
(0.294) 

0.146 
(0.361) 

3 Month Average State-Level 
Unemployment Rate 

-0.528*** 
(0.155) 

-0.381 
(0.361) 

-0.371 
(0.364) 

0.234 
(0.364) 

-0.236 
(0.244) 

0.575 
(0.375) 

0.659** 
(0.279) 

0.462 
(0.328) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 4b: Travel - Subgroups 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 

    Males   Females 
 Coefficients on the contemporaneous UR 
  

Exogenous 
Controls N  

Exogenous 
Controls N 

Employed -0.536 
(0.427) 41921  

0.560 
(0.527) 44149 

Unemployed -1.381 
(0.860) 3174  

-1.441 
(1.453) 3681 

Not in the labor force -0.245 
(0.482) 14540  

-0.0655 
(0.507) 29378 

Age 15-18 -0.948 
(0.726) 4015  

0.924 
(1.053) 3867 

Age 19-24 1.165 
(1.071) 3324  

-1.019 
(0.989) 4114 

Age 25-64 -1.184** 
(0.468) 43046  

0.218 
(0.604) 54083 

Age 65-79 -0.497 
(0.697) 7335  

-0.499 
(0.483) 10984 

Age 80 and over 0.888 
(0.879) 1915  

0.376 
(0.680) 4160 

Less than a High School Degree -0.400 
(0.612) 10330  

0.222 
(0.583) 12321 

HS Degree -0.826 
(0.604) 15701  

-0.0152 
(0.508) 20913 

Some College -0.803 
(0.527) 14977  

0.0202 
(0.469) 21579 

BA or Higher -1.036** 
(0.509) 18627  

0.285 
(0.634) 22395 

2003-2006 -0.0158 
(0.0524) 26257  

0.303 
(0.303) 34350 

2007-2012 0.0189 
(0.0254) 33378  

0.0928 
(0.217) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   
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Table 5a: Sleeping-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

1.641*** 
(0.343) 

1.985*** 
(0.485) 

1.075** 
(0.411) 

1.092 
(0.829) 

1.810*** 
(0.320) 

1.134** 
(0.523) 

0.497 
(0.488) 

0.291 
(0.725) 

One Month Lagged State-Level 
Unemployment Rate 

1.499*** 
(0.357) 

1.702*** 
(0.517) 

0.779* 
(0.429) 

0.429 
(0.882) 

1.700*** 
(0.303) 

0.754 
(0.520) 

0.141 
(0.492) 

-0.509 
(0.760) 

3 Month Average State-Level 
Unemployment Rate 

1.436*** 
(0.367) 

1.520*** 
(0.550) 

0.623 
(0.467) 

0.0585 
(0.924) 

1.667*** 
(0.303) 

0.514 
(0.521) 

-0.0944 
(0.515) 

-1.062 
(0.784) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 5b: Sleeping-Subgroups 

  Males  Females 
Coefficients on the contemporaneous UR Exogenous 

Controls N  
Exogenous 
Controls N 

Employed 1.282** 
(0.574) 41921  

0.311 
(0.665) 44149 

Unemployed 1.873 
(1.598) 3174  

5.892*** 
(1.921) 3681 

Not in the labor force 0.918 
(0.960) 14540  

0.508 
(0.859) 29378 

Age 15-18 2.327 
(1.902) 4015  

3.443 
(2.361) 3867 

Age 19-24 -1.801 
(2.614) 3324  

2.944 
(2.139) 4114 

Age 25-64 2.304*** 
(0.749) 43046  

0.996** 
(0.463) 54083 

Age 65-79 1.699 
(1.210) 7335  

-0.477 
(0.966) 10984 

Age 80 and over 5.559** 
(2.286) 1915  

-0.0317 
(1.745) 4160 

Less than a High School Degree 2.012* 
(1.192) 10330  

1.684 
(1.252) 12321 

HS Degree 2.431** 
(0.978) 15701  

0.624 
(0.782) 20913 

Some College 2.194** 
(0.875) 14977  

2.152** 
(0.923) 21579 

BA or Higher 1.474** 
(0.615) 18627  

-0.111 
(0.751) 22395 

2003-2006 2.984** 
(1.393) 26257  

4.246*** 
(0.942) 34350 

2007-2012 1.804*** 
(0.582) 33378  

0.423 
(0.506) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 6a: Health-related Self Care – Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

0.0210 
(0.113) 

0.375** 
(0.146) 

0.325** 
(0.149) 

0.357* 
(0.183) 

0.000460 
(0.0799) 

0.256 
(0.165) 

0.222 
(0.171) 

0.393* 
(0.217) 

One Month Lagged State-Level 
Unemployment Rate 

0.00236 
(0.125) 

0.322* 
(0.166) 

0.272 
(0.170) 

0.235 
(0.198) 

-0.0194 
(0.0884) 

0.192 
(0.165) 

0.157 
(0.176) 

0.239 
(0.232) 

3 Month Average State-Level 
Unemployment Rate 

-0.00503 
(0.127) 

0.320* 
(0.184) 

0.274 
(0.190) 

0.232 
(0.263) 

-0.0400 
(0.0917) 

0.137 
(0.173) 

0.0988 
(0.189) 

0.111 
(0.271) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 6b: Health-related Self Care – Subgroups 
   Males   Females 
 Coefficients on the contemporaneous UR 

 
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.133 
(0.0933) 41921  

-0.0138 
(0.145) 44149 

Unemployed  -0.0472 
(0.175) 3174  

-0.326 
(0.258) 3681 

Not in the labor force  1.009** 
(0.450) 14540  

0.621 
(0.422) 29378 

Age 15-18  0.176 
(0.139) 4015  

-0.0888 
(0.141) 3867 

Age 19-24  0.195 
(0.182) 3324  

0.133 
(0.207) 4114 

Age 25-64  0.185 
(0.172) 43046  

0.287 
(0.223) 54083 

Age 65-79  1.595 
(1.010) 7335  

0.533 
(0.694) 10984 

Age 80 and over  1.767** 
(0.714) 1915  

-0.131 
(0.826) 4160 

Less than a High School Degree  0.404 
(0.278) 10330  

0.269 
(0.270) 12321 

HS Degree  0.778 
(0.482) 15701  

0.401 
(0.386) 20913 

Some College  -0.144 
(0.253) 14977  

-0.0498 
(0.347) 21579 

BA or Higher  0.445** 
(0.206) 18627  

0.451 
(0.306) 22395 

2003-2006  0.892** 
(0.374) 26257  

-0.0488 
(0.411) 34350 

2007-2012  0.270* 
(0.151) 33378  

0.326* 
(0.183) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 7a: Caring for Children-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

0.163 
(0.163) 

0.0961 
(0.221) 

0.0379 
(0.218) 

0.308 
(0.335) 

-0.649*** 
(0.161) 

-0.649* 
(0.373) 

-0.712** 
(0.335) 

-0.969*** 
(0.346) 

One Month Lagged State-Level 
Unemployment Rate 

0.145 
(0.167) 

0.0582 
(0.238) 

-0.00516 
(0.236) 

0.214 
(0.379) 

-0.660*** 
(0.164) 

-0.632* 
(0.364) 

-0.665* 
(0.336) 

-0.846** 
(0.329) 

3 Month Average State-Level 
Unemployment Rate 

0.166 
(0.166) 

0.154 
(0.243) 

0.0875 
(0.241) 

0.443 
(0.388) 

-0.584*** 
(0.167) 

-0.367 
(0.381) 

-0.367 
(0.358) 

-0.175 
(0.371) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 7b: Caring for Children-Subgroups 
    Males   Females 
 Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  -0.277 
(0.222) 41921  

-0.727* 
(0.411) 44149 

Unemployed  1.564 
(1.005) 3174  

0.836 
(1.020) 3681 

Not in the labor force  0.517 
(0.512) 14540  

-1.370** 
(0.661) 29378 

Age 15-18  -0.148 
(0.423) 4015  

-0.551 
(0.682) 3867 

Age 19-24  -0.479 
(0.618) 3324  

0.762 
(1.509) 4114 

Age 25-64  0.0179 
(0.317) 43046  

-1.050** 
(0.502) 54083 

Age 65-79  0.967* 
(0.502) 7335  

-0.560* 
(0.287) 10984 

Age 80 and over  0.524* 
(0.311) 1915  

1.348* 
(0.756) 4160 

Less than a High School Degree  0.334 
(0.436) 10330  

0.0886 
(1.082) 12321 

HS Degree  -0.0626 
(0.425) 15701  

-0.00283 
(0.633) 20913 

Some College  -0.209 
(0.331) 14977  

-1.586*** 
(0.463) 21579 

BA or Higher  0.410 
(0.363) 18627  

-0.559 
(0.872) 22395 

2003-2006  -0.599 
(0.507) 26257  

-0.452 
(0.597) 34350 

2007-2012  0.229 
(0.261) 33378  

-0.722* 
(0.406) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 8a: Caring for Adults-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

-0.162 
(0.115) 

0.0568 
(0.227) 

-0.0370 
(0.212) 

0.334 
(0.229) 

-0.200* 
(0.110) 

0.290 
(0.178) 

0.214 
(0.181) 

0.211 
(0.355) 

One Month Lagged State-Level 
Unemployment Rate 

-0.126 
(0.115) 

0.151 
(0.217) 

0.0601 
(0.201) 

0.552** 
(0.225) 

-0.184 
(0.111) 

0.322* 
(0.168) 

0.251 
(0.171) 

0.284 
(0.337) 

3 Month Average State-Level 
Unemployment Rate 

-0.108 
(0.116) 

0.204 
(0.215) 

0.115 
(0.196) 

0.705*** 
(0.234) 

-0.185 
(0.111) 

0.324* 
(0.168) 

0.254 
(0.173) 

0.289 
(0.332) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 8b: Caring for Adults-Subgroups 
    Males   Females 
 Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  -0.227 
(0.212) 41921  

0.266 
(0.182) 44149 

Unemployed  0.941 
(0.719) 3174  

-0.410 
(1.316) 3681 

Not in the labor force  0.334 
(0.528) 14540  

0.308 
(0.336) 29378 

Age 15-18  -0.226 
(0.517) 4015  

0.613 
(0.474) 3867 

Age 19-24  -0.0376 
(0.549) 3324  

-0.0453 
(0.614) 4114 

Age 25-64  0.126 
(0.222) 43046  

0.122 
(0.205) 54083 

Age 65-79  0.235 
(0.495) 7335  

0.924* 
(0.486) 10984 

Age 80 and over  -1.014 
(0.939) 1915  

1.452*** 
(0.483) 4160 

Less than a High School Degree  -0.141 
(0.429) 10330  

0.470 
(0.437) 12321 

HS Degree  0.499 
(0.456) 15701  

0.408 
(0.386) 20913 

Some College  -0.0776 
(0.302) 14977  

-0.259 
(0.216) 21579 

BA or Higher  -0.200 
(0.270) 18627  

0.593* 
(0.344) 22395 

2003-2006  -0.288 
(0.399) 26257  

0.734 
(0.516) 34350 

2007-2012  0.143 
(0.237) 33378  

0.191 
(0.168) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 9a: Eating and Drinking 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable

 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

0.113 
(0.137) 

0.0842 
(0.272) 

0.0794 
(0.235) 

0.0796 
(0.296) 

0.229 
(0.153) 

0.477* 
(0.272) 

0.414* 
(0.216) 

0.320 
(0.241) 

One Month Lagged State-Level 
Unemployment Rate 

0.152 
(0.141) 

0.167 
(0.273) 

0.163 
(0.242) 

0.273 
(0.283) 

0.216 
(0.155) 

0.412 
(0.284) 

0.347 
(0.226) 

0.171 
(0.230) 

3 Month Average State-Level 
Unemployment Rate 

0.152 
(0.136) 

0.151 
(0.271) 

0.146 
(0.239) 

0.252 
(0.293) 

0.217 
(0.156) 

0.386 
(0.289) 

0.327 
(0.231) 

0.119 
(0.245) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 
N 59635 59635 59635 59635 77208 77208 77208 77208 
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b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
 

Table 9b: Eating and Drinking – Subgroups 

    Males   Females 
  Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.281 
(0.370) 41921  

0.921*** 
(0.294) 44149 

Unemployed  -1.220** 
(0.479) 3174  

-1.034 
(0.734) 3681 

Not in the labor force  0.256 
(0.388) 14540  

-0.00673 
(0.365) 29378 

Age 15-18  0.203 
(0.459) 4015  

1.631*** 
(0.547) 3867 

Age 19-24  1.449** 
(0.720) 3324  

1.145* 
(0.660) 4114 

Age 25-64  -0.00632 
(0.362) 43046  

0.388 
(0.290) 54083 

Age 65-79  0.0816 
(0.640) 7335  

-0.260 
(0.600) 10984 

Age 80 and over  -1.362 
(1.247) 1915  

0.908 
(0.663) 4160 

Less than a High School Degree  0.0714 
(0.454) 10330  

0.266 
(0.251) 12321 

HS Degree  0.184 
(0.384) 15701  

0.557 
(0.350) 20913 

Some College  0.0685 
(0.397) 14977  

0.532 
(0.471) 21579 

BA or Higher  0.0146 
(0.322) 18627  

0.571* 
(0.287) 22395 

2003-2006  0.00801 
(0.482) 26257  

-0.0548 
(0.445) 34350 

2007-2012  0.0880 
(0.272) 33378  

0.604** 
(0.260) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   
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Table 10a: Secondary Eating and Drinking-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

3.721 
(2.479) 

-1.312 
(2.367) 

-0.405 
(2.166) 

2.248 
(4.565) 

7.290*** 
(2.387) 

0.793 
(2.357) 

0.900 
(2.181) 

-3.919 
(4.662) 

One Month Lagged State-Level 
Unemployment Rate 

2.538 
(2.559) 

-1.924 
(2.211) 

-0.938 
(1.986) 

1.400 
(4.102) 

6.121** 
(2.369) 

0.390 
(2.279) 

0.439 
(2.116) 

-5.957 
(4.501) 

3 Month Average State-Level 
Unemployment Rate 

1.492 
(2.544) 

-2.210 
(2.128) 

-1.256 
(1.946) 

1.592 
(3.741) 

5.221** 
(2.506) 

0.659 
(2.504) 

0.688 
(2.386) 

-5.512 
(5.366) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 16086 16086 16086 16086 20923 20923 20923 20923 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 

Table 10b: Secondary Eating and Drinking-Subgroups 
    Males   Females 
  Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  -3.633 
(2.912) 11642  

-0.897 
(3.630) 12213 

Unemployed  10.99 
(8.120) 672  

0.0634 
(7.512) 870 

Not in the labor force  4.469 
(3.943) 3772  

3.864 
(2.513) 7840 

Age 15-18  4.344 
(4.582) 1179  

-0.797 
(4.118) 1190 

Age 19-24  3.201 
(9.535) 862  

0.596 
(11.24) 1080 

Age 25-64  -3.166 
(2.866) 11652  

0.174 
(3.403) 14647 

Age 65-79  4.640 
(7.039) 1903  

6.806 
(4.452) 2860 

Age 80 and over  -4.776 
(6.624) 490  

-4.920 
(6.764) 1146 

Less than a High School Degree  5.005 
(3.915) 2855  

0.713 
(4.516) 3491 

HS Degree  -7.629* 
(4.223) 4157  

10.23* 
(5.917) 5606 

Some College  -5.644 
(4.723) 4046  

-7.181 
(4.362) 5785 

BA or Higher  4.167 
(3.690) 5028  

-1.203 
(4.462) 6041 

2003-2006  -0.877 
(5.524) 5413  

1.059 
(2.611) 7286 

2007-2012  -1.330 
(3.004) 10673  

0.873 
(2.840) 13637 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   
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Table 11a: Grocery Shopping-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

0.154*** 
(0.0565) 

0.0199 
(0.0897) 

-0.0448 
(0.0917) 

0.0774 
(0.113) 

0.0420 
(0.0700) 

0.227 
(0.140) 

0.167 
(0.128) 

0.166 
(0.127) 

One Month Lagged State-Level 
Unemployment Rate 

0.149** 
(0.0576) 

0.00669 
(0.0931) 

-0.0615 
(0.0965) 

0.0422 
(0.103) 

0.0450 
(0.0689) 

0.226 
(0.141) 

0.171 
(0.128) 

0.176 
(0.142) 

3 Month Average State-Level 
Unemployment Rate 

0.143** 
(0.0601) 

-0.00806 
(0.0961) 

-0.0773 
(0.100) 

0.0132 
(0.111) 

0.0383 
(0.0691) 

0.210 
(0.146) 

0.162 
(0.133) 

0.154 
(0.144) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable  
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Table 11b: Grocery Shopping - Subgroups 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 

    Males   Females 
  Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  -0.0126 
(0.0954) 41921  

0.211* 
(0.126) 44149 

Unemployed  0.727** 
(0.302) 3174  

0.0466 
(0.586) 3681 

Not in the labor force  -0.190 
(0.176) 14540  

0.155 
(0.215) 29378 

Age 15-18  -0.288 
(0.252) 4015  

0.0971 
(0.329) 3867 

Age 19-24  0.193 
(0.310) 3324  

-0.0826 
(0.360) 4114 

Age 25-64  0.0926 
(0.0924) 43046  

0.288* 
(0.152) 54083 

Age 65-79  -0.267 
(0.253) 7335  

0.255 
(0.238) 10984 

Age 80 and over  0.407 
(0.564) 1915  

0.412 
(0.469) 4160 

Less than a High School Degree  0.233 
(0.163) 10330  

0.352 
(0.295) 12321 

HS Degree  -0.224 
(0.178) 15701  

0.260 
(0.202) 20913 

Some College  0.213 
(0.162) 14977  

0.226 
(0.205) 21579 

BA or Higher  -0.00935 
(0.0892) 18627  

0.128 
(0.219) 22395 

2003-2006  0.0309 
(0.234) 26257  

0.497*** 
(0.185) 34350 

2007-2012  0.0289 
(0.0896) 33378  

0.177 
(0.148) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   
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Table 12a: Food Shopping (Non-grocery) – Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

0.000931 
(0.00901) 

0.00404 
(0.0163) 

0.00537 
(0.0154) 

-0.0252 
(0.0254) 

-0.00249 
(0.00782) 

0.0186 
(0.0262) 

0.0212 
(0.0238) 

-0.0274 
(0.0206) 

One Month Lagged State-Level 
Unemployment Rate 

0.00275 
(0.00903) 

0.00820 
(0.0167) 

0.00961 
(0.0160) 

-0.0155 
(0.0297) 

-0.000312 
(0.00783) 

0.0262 
(0.0254) 

0.0287 
(0.0229) 

-0.0115 
(0.0181) 

3 Month Average State-Level 
Unemployment Rate 

0.00474 
(0.00925) 

0.0125 
(0.0158) 

0.0141 
(0.0151) 

-0.00653 
(0.0284) 

0.00131 
(0.00830) 

0.0317 
(0.0261) 

0.0337 
(0.0236) 

-0.00274 
(0.0197) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 12b: Food Shopping (Non-grocery) - Subgroups 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 

   Males   Females 
  Coefficients on the contemporaneous UR 

 
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.0151 
(0.0209) 41921  

0.0318 
(0.0267) 44149 

Unemployed  0.0234 
(0.0467) 3174  

-0.0136 
(0.0684) 3681 

Not in the labor force  -0.0124 
(0.0215) 14540  

0.00984 
(0.0318) 29378 

Age 15-18  0.0617 
(0.0416) 4015  

0.0221 
(0.0638) 3867 

Age 19-24  -0.0896 
(0.0617) 3324  

-0.0386 
(0.0685) 4114 

Age 25-64  0.00638 
(0.0188) 43046  

0.0118 
(0.0231) 54083 

Age 65-79  -0.000270 
(0.0361) 7335  

0.0753* 
(0.0377) 10984 

Age 80 and over  0.108* 
(0.0553) 1915  

0.0758*** 
(0.0253) 4160 

Less than a High School Degree  0.00644 
(0.0286) 10330  

0.00982 
(0.0377) 12321 

HS Degree  0.0236 
(0.0287) 15701  

0.0309 
(0.0329) 20913 

Some College  0.00552 
(0.0270) 14977  

-0.00384 
(0.0298) 21579 

BA or Higher  -0.0169 
(0.0308) 18627  

0.0340 
(0.0310) 22395 

2003-2006  0.0175 
(0.0361) 26257  

0.0181 
(0.0271) 34350 

2007-2012  0.000525 
(0.0183) 33378  

0.0191 
(0.0284) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   
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Table 13a: Food Preparation-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

0.320*** 
(0.0761) 

0.156 
(0.128) 

0.0442 
(0.124) 

0.178 
(0.155) 

0.538*** 
(0.119) 

0.334 
(0.310) 

0.217 
(0.182) 

0.127 
(0.228) 

One Month Lagged State-Level 
Unemployment Rate 

0.306*** 
(0.0847) 

0.121 
(0.147) 

0.00635 
(0.140) 

0.0860 
(0.180) 

0.522*** 
(0.121) 

0.235 
(0.290) 

0.128 
(0.175) 

-0.0615 
(0.214) 

3 Month Average State-Level 
Unemployment Rate 

0.318*** 
(0.0869) 

0.147 
(0.154) 

0.0277 
(0.144) 

0.143 
(0.186) 

0.516*** 
(0.123) 

0.178 
(0.286) 

0.105 
(0.176) 

-0.118 
(0.220) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 13b: Food Preparation-Subgroups 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 

  Males  Females 
  Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.143 
(0.156) 41921  

0.0104 
(0.271) 44149 

Unemployed  0.567 
(0.433) 3174  

0.173 
(0.648) 3681 

Not in the labor force  -0.266 
(0.257) 14540  

0.257 
(0.456) 29378 

Age 15-18  0.0818 
(0.240) 4015  

0.131 
(0.359) 3867 

Age 19-24  0.302 
(0.496) 3324  

0.299 
(0.665) 4114 

Age 25-64  0.343 
(0.209) 43046  

0.406 
(0.295) 54083 

Age 65-79  -0.298 
(0.393) 7335  

0.869 
(0.681) 10984 

Age 80 and over  -0.690 
(0.771) 1915  

-0.504 
(1.134) 4160 

Less than a High School Degree  0.0920 
(0.256) 10330  

0.252 
(0.487) 12321 

HS Degree  0.160 
(0.229) 15701  

1.375*** 
(0.506) 20913 

Some College  0.162 
(0.217) 14977  

-0.651 
(0.391) 21579 

BA or Higher  0.251 
(0.237) 18627  

0.241 
(0.486) 22395 

2003-2006  0.417 
(0.284) 26257  

0.462 
(0.441) 34350 

2007-2012  0.0888 
(0.134) 33378  

0.300 
(0.366) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   
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Table 14a: Exercise-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

0.164 
(0.183) 

0.228 
(0.333) 

-0.0310 
(0.294) 

0.140 
(0.422) 

0.185 
(0.121) 

0.191 
(0.268) 

0.131 
(0.237) 

0.0726 
(0.219) 

One Month Lagged State-Level 
Unemployment Rate 

0.200 
(0.192) 

0.355 
(0.334) 

0.0961 
(0.291) 

0.413 
(0.444) 

0.183 
(0.122) 

0.180 
(0.267) 

0.121 
(0.234) 

0.0495 
(0.219) 

3 Month Average State-Level 
Unemployment Rate 

0.209 
(0.192) 

0.385 
(0.319) 

0.132 
(0.279) 

0.504 
(0.427) 

0.154 
(0.123) 

0.0812 
(0.286) 

0.0248 
(0.248) 

-0.174 
(0.211) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 14b: Exercise-Subgroups 
    Males   Females 
 Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.0184 
(0.331) 41921  

0.211 
(0.276) 44149 

Unemployed  1.519 
(0.943) 3174  

0.185 
(0.621) 3681 

Not in the labor force  -0.396 
(0.490) 14540  

0.105 
(0.407) 29378 

Age 15-18  -0.644 
(1.164) 4015  

1.032 
(0.906) 3867 

Age 19-24  0.959 
(1.185) 3324  

-0.485 
(0.498) 4114 

Age 25-64  0.0391 
(0.345) 43046  

0.251 
(0.232) 54083 

Age 65-79  0.901 
(0.624) 7335  

-0.133 
(0.399) 10984 

Age 80 and over  -0.521 
(0.696) 1915  

0.140 
(0.381) 4160 

Less than a High School Degree  0.0271 
(0.529) 10330  

-0.000336 
(0.423) 12321 

HS Degree  -0.183 
(0.515) 15701  

0.0850 
(0.280) 20913 

Some College  0.513 
(0.518) 14977  

0.429 
(0.285) 21579 

BA or Higher  0.417 
(0.373) 18627  

0.201 
(0.363) 22395 

2003-2006  -0.164 
(0.568) 26257  

0.0459 
(0.441) 34350 

2007-2012  0.325 
(0.375) 33378  

0.224 
(0.252) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 15a: Work-related Exercise-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

-0.00198 
(0.00328) 

0.000609 
(0.00206) 

0.00155 
(0.00231) 

0.00566 
(0.00520) 

-0.000794 
(0.000547) 

0.0000460 
(0.000774) 

0.0000919 
(0.000805) 

0.00142 
(0.00157) 

One Month Lagged State-Level 
Unemployment Rate 

-0.00171 
(0.00280) 

0.00130 
(0.00306) 

0.00229 
(0.00362) 

0.00711 
(0.00899) 

-0.000768 
(0.000487) 

0.000128 
(0.000498) 

0.000180 
(0.000551) 

0.00167 
(0.00129) 

3 Month Average State-Level 
Unemployment Rate 

-0.000511 
(0.00266) 

0.00481 
(0.00385) 

0.00580 
(0.00446) 

0.0153 
(0.0120) 

-0.000899 
(0.000566) 

-0.000205 
(0.000254) 

-0.000168 
(0.000274) 

0.000960 
(0.000830) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable



 

186 

Table 15b: Work-related Exercise-Subgroups 
    Males   Females 
 Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.00109 
(0.00286) 41921  

0.000129 
(0.00136) 44149 

Unemployed  N/A+ 3174  N/A 3681 
Not in the labor force  

N/A 14540  N/A 29378 
Age 15-18  N/A 4015  N/A 3867 
Age 19-24  -0.00433 

(0.00513) 3324  
-0.00199 
(0.00184) 4114 

Age 25-64  0.00145 
(0.00284) 43046  

0.000324 
(0.00114) 54083 

Age 65-79  -0.000481 
(0.000491) 7335  N/A 10984 

Age 80 and over  N/A 1915  N/A 4160 
Less than a High School Degree  0.00129** 

(0.000594) 10330  
-0.00116 
(0.00111) 12321 

HS Degree  0.000903 
(0.00114) 15701  N/A 20913 

Some College  -0.00837 
(0.00504) 14977  N/A 21579 

BA or Higher  0.0102 
(0.00807) 18627  

0.000621 
(0.00259) 22395 

2003-2006  -0.00551 
(0.00640) 26257  

0.00168 
(0.00332) 34350 

2007-2012  0.00163 
(0.00186) 33378  

-0.000407 
(0.000425) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
+ No work-related exercise is reported all subgroups with N/A 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 16a: Exterior Housework-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

-0.162 
(0.229) 

-0.274 
(0.489) 

-0.281 
(0.438) 

-1.463*** 
(0.496) 

-0.241*** 
(0.0876) 

-0.191 
(0.153) 

-0.165 
(0.167) 

-0.246 
(0.190) 

One Month Lagged State-Level 
Unemployment Rate 

0.0177 
(0.247) 

0.204 
(0.471) 

0.219 
(0.393) 

-0.331 
(0.467) 

-0.195** 
(0.0803) 

-0.0800 
(0.142) 

-0.0501 
(0.155) 

0.0149 
(0.172) 

3 Month Average State-Level 
Unemployment Rate 

0.244 
(0.289) 

0.850 
(0.534) 

0.875** 
(0.433) 

1.138 
(0.679) 

-0.109 
(0.0785) 

0.162 
(0.145) 

0.198 
(0.151) 

0.584** 
(0.233) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 16b: Exterior Housework-Subgroups 

    Males   Females 
 Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.0137 
(0.455) 41921  

-0.377** 
(0.150) 44149 

Unemployed  0.0226 
(1.537) 3174  

-0.0187 
(0.601) 3681 

Not in the labor force  -1.844** 
(0.783) 14540  

-0.0395 
(0.282) 29378 

Age 15-18  0.414 
(0.720) 4015  

-0.0767 
(0.139) 3867 

Age 19-24  -0.754 
(0.926) 3324  

-0.193 
(0.380) 4114 

Age 25-64  0.113 
(0.609) 43046  

-0.193 
(0.211) 54083 

Age 65-79  -2.341 
(1.417) 7335  

-0.166 
(0.511) 10984 

Age 80 and over  1.901 
(1.861) 1915  

-0.160 
(0.810) 4160 

Less than a High School Degree  -0.447 
(0.556) 10330  

0.341 
(0.205) 12321 

HS Degree  -0.0330 
(0.787) 15701  

-0.284 
(0.324) 20913 

Some College  -0.925 
(0.676) 14977  

-0.215 
(0.311) 21579 

BA or Higher  0.377 
(0.545) 18627  

-0.394 
(0.247) 22395 

2003-2006  0.0296 
(0.712) 26257  

-0.444 
(0.396) 34350 

2007-2012  -0.336 
(0.506) 33378  

-0.125 
(0.168) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 17a: Watching Television-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

2.195** 
(0.885) 

1.370 
(1.354) 

0.158 
(0.908) 

0.249 
(0.909) 

1.889*** 
(0.682) 

1.358 
(1.055) 

0.424 
(0.721) 

0.538 
(0.842) 

One Month Lagged State-Level 
Unemployment Rate 

1.806** 
(0.851) 

0.487 
(1.341) 

-0.702 
(0.862) 

-1.688** 
(0.723) 

1.708** 
(0.659) 

0.916 
(1.003) 

0.00262 
(0.679) 

-0.386 
(0.789) 

3 Month Average State-Level 
Unemployment Rate 

1.563* 
(0.834) 

-0.119 
(1.349) 

-1.243 
(0.836) 

-2.976*** 
(0.701) 

1.492** 
(0.635) 

0.309 
(0.983) 

-0.624 
(0.672) 

-1.825** 
(0.859) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 17b: Watching Television-Subgroups 
    Males   Females 
 Coefficients on the contemporaneous 
UR   

Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.599 
(1.000) 41921  

0.264 
(0.785) 44149 

Unemployed  0.795 
(3.384) 3174  

3.623 
(2.601) 3681 

Not in the labor force  -0.468 
(2.082) 14540  

0.895 
(1.433) 29378 

Age 15-18  0.142 
(1.318) 4015  

1.812 
(1.948) 3867 

Age 19-24  -1.018 
(2.154) 3324  

-0.0629 
(2.050) 4114 

Age 25-64  2.633 
(1.588) 43046  

1.289 
(1.148) 54083 

Age 65-79  1.276 
(2.571) 7335  

3.873** 
(1.653) 10984 

Age 80 and over  -6.843 
(4.511) 1915  

-1.269 
(2.047) 4160 

Less than a High School Degree  2.465 
(1.973) 10330  

0.764 
(1.596) 12321 

HS Degree  1.714 
(1.773) 15701  

1.390 
(1.200) 20913 

Some College  0.428 
(1.150) 14977  

2.001** 
(0.841) 21579 

BA or Higher  1.977 
(1.232) 18627  

0.710 
(0.979) 22395 

2003-2006  3.856** 
(1.746) 26257  

3.407** 
(1.298) 34350 

2007-2012  0.828 
(1.422) 33378  

0.941 
(0.971) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 18a: Games-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

0.407*** 
(0.152) 

0.298 
(0.238) 

-0.00551 
(0.235) 

0.425 
(0.372) 

0.245* 
(0.136) 

0.131 
(0.200) 

0.0482 
(0.188) 

0.265 
(0.229) 

One Month Lagged State-Level 
Unemployment Rate 

0.361** 
(0.152) 

0.184 
(0.243) 

-0.123 
(0.239) 

0.140 
(0.368) 

0.205 
(0.131) 

0.0457 
(0.200) 

-0.0348 
(0.192) 

0.0817 
(0.216) 

3 Month Average State-Level 
Unemployment Rate 

0.321** 
(0.153) 

0.0459 
(0.240) 

-0.269 
(0.234) 

-0.195 
(0.378) 

0.168 
(0.131) 

-0.0396 
(0.211) 

-0.120 
(0.200) 

-0.109 
(0.232) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 18b: Games-Subgroups 
    Males   Females 
 Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.0717 
(0.269) 41921  

0.183 
(0.165) 44149 

Unemployed  -1.824 
(1.582) 3174  

1.003 
(0.892) 3681 

Not in the labor force  0.478 
(0.541) 14540  

-0.267 
(0.339) 29378 

Age 15-18  0.952 
(1.678) 4015  

0.317 
(0.937) 3867 

Age 19-24  -1.153 
(1.445) 3324  

-0.195 
(0.701) 4114 

Age 25-64  0.314 
(0.226) 43046  

0.215 
(0.306) 54083 

Age 65-79  0.716** 
(0.340) 7335  

0.113 
(0.378) 10984 

Age 80 and over  -1.459 
(1.613) 1915  

-0.572 
(0.670) 4160 

Less than a High School Degree  0.733 
(0.952) 10330  

-0.137 
(0.502) 12321 

HS Degree  0.00145 
(0.680) 15701  

0.263 
(0.255) 20913 

Some College  0.424 
(0.394) 14977  

-0.145 
(0.298) 21579 

BA or Higher  0.239 
(0.272) 18627  

0.368 
(0.235) 22395 

2003-2006  1.021** 
(0.429) 26257  

0.303 
(0.303) 34350 

2007-2012  0.121 
(0.297) 33378  

0.0928 
(0.217) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 19a: Tobacco and Drug Use-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

-0.00441 
(0.0199) 

0.0112 
(0.0221) 

0.0225 
(0.0220) 

-0.00196 
(0.0537) 

-0.0360*** 
(0.0106) 

-0.00485 
(0.0169) 

0.000943 
(0.0157) 

0.00245 
(0.0212) 

One Month Lagged State-Level 
Unemployment Rate 

0.000647 
(0.0207) 

0.0271 
(0.0222) 

0.0382* 
(0.0208) 

0.0345 
(0.0415) 

-0.0335*** 
(0.0101) 

0.00173 
(0.0158) 

0.00728 
(0.0142) 

0.0173 
(0.0208) 

3 Month Average State-Level 
Unemployment Rate 

0.00241 
(0.0218) 

0.0358 
(0.0253) 

0.0466* 
(0.0245) 

0.0535 
(0.0495) 

-0.0349*** 
(0.0105) 

-0.00129 
(0.0165) 

0.00330 
(0.0148) 

0.00866 
(0.0209) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 19b: Tobacco and Drug Use-Subgroups 
    Males   Females 
 Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.0183 
(0.0307) 41921  

-0.00139 
(0.0260) 44149 

Unemployed  0.0139 
(0.0467) 3174  

0.0382 
(0.0438) 3681 

Not in the labor force  0.000307 
(0.0529) 14540  

-0.0139 
(0.0116) 29378 

Age 15-18  0.0241 
(0.0320) 4015  

0.0145 
(0.0197) 3867 

Age 19-24  0.0650 
(0.100) 3324  

-0.0497 
(0.0392) 4114 

Age 25-64  0.00739 
(0.0219) 43046  

0.000781 
(0.0242) 54083 

Age 65-79  -0.0385 
(0.102) 7335  

-0.00576 
(0.0108) 10984 

Age 80 and over  0.00755 
(0.00964) 1915  

-0.00387 
(0.0126) 4160 

Less than a High School Degree  -0.0200 
(0.0972) 10330  

0.00335 
(0.0209) 12321 

HS Degree  0.0253 
(0.0416) 15701  

0.0365 
(0.0352) 20913 

Some College  0.00320 
(0.0186) 14977  

-0.0345 
(0.0224) 21579 

BA or Higher  0.0304 
(0.0336) 18627  

-0.0311 
(0.0311) 22395 

2003-2006  -0.0158 
(0.0524) 26257  

-0.0544 
(0.0360) 34350 

2007-2012  0.0189 
(0.0254) 33378  

0.00562 
(0.0188) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 20a: Obtaining Medical Care-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

0.0165 
(0.0345) 

0.0882* 
(0.0500) 

0.0490 
(0.0544) 

0.0391 
(0.0979) 

0.0183 
(0.0290) 

0.0160 
(0.0603) 

-0.0143 
(0.0612) 

0.0760 
(0.0746) 

One Month Lagged State-Level 
Unemployment Rate 

0.0135 
(0.0327) 

0.0778 
(0.0559) 

0.0397 
(0.0598) 

0.0178 
(0.0998) 

0.0248 
(0.0291) 

0.0359 
(0.0615) 

0.00660 
(0.0619) 

0.126 
(0.0753) 

3 Month Average State-Level 
Unemployment Rate 

-0.000903 
(0.0331) 

0.0388 
(0.0567) 

0.00374 
(0.0582) 

-0.0657 
(0.0856) 

0.0265 
(0.0297) 

0.0444 
(0.0661) 

0.0155 
(0.0660) 

0.152* 
(0.0823) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 20b: Obtaining Medical Care-Subgroups 
    Males   Females 
 Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  0.0445 
(0.0628) 41921  

-0.0241 
(0.0729) 44149 

Unemployed  0.127 
(0.173) 3174  

0.321 
(0.211) 3681 

Not in the labor force  0.159 
(0.162) 14540  

-0.0117 
(0.125) 29378 

Age 15-18  0.187* 
(0.0972) 4015  

0.207 
(0.247) 3867 

Age 19-24  0.333 
(0.222) 3324  

-0.170 
(0.151) 4114 

Age 25-64  0.0259 
(0.0581) 43046  

0.0446 
(0.0664) 54083 

Age 65-79  0.247 
(0.229) 7335  

-0.0515 
(0.230) 10984 

Age 80 and over  0.138 
(0.476) 1915  

-0.0916 
(0.404) 4160 

Less than a High School Degree  0.183** 
(0.0762) 10330  

0.0498 
(0.205) 12321 

HS Degree  0.0798 
(0.147) 15701  

0.0607 
(0.105) 20913 

Some College  0.0495 
(0.0858) 14977  

-0.0638 
(0.122) 21579 

BA or Higher  0.0784 
(0.112) 18627  

0.0178 
(0.134) 22395 

2003-2006  0.138 
(0.105) 26257  

-0.0510 
(0.107) 34350 

2007-2012  0.0836 
(0.0660) 33378  

0.0325 
(0.0680) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Table 21a: Leisure-Pooled Samples 
 Males Females 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive Univariate Exogenous 

Controls 
Endogenous 

Controls 
Restrictive 

Contemporaneous State-Level 
Unemployment Rate 

2.110** 
(0.859) 

2.691** 
(1.127) 

0.217 
(0.827) 

0.702 
(1.154) 

1.448* 
(0.821) 

1.781 
(1.143) 

0.303 
(0.811) 

1.491* 
(0.833) 

One Month Lagged State-Level 
Unemployment Rate 

1.734** 
(0.833) 

1.749 
(1.148) 

-0.728 
(0.816) 

-1.460 
(1.109) 

1.226 
(0.819) 

1.212 
(1.100) 

-0.231 
(0.771) 

0.285 
(0.739) 

3 Month Average State-Level 
Unemployment Rate 

1.422* 
(0.814) 

0.745 
(1.157) 

-1.691** 
(0.766) 

-3.744*** 
(0.946) 

1.018 
(0.809) 

0.572 
(1.089) 

-0.908 
(0.744) 

-1.249 
(0.749) 

Day of Week, Year, Holiday, Age, 
Race, and Ethnicity 

No Yes Yes Yes No Yes Yes Yes 

Income, Education Level, Marital 
Status, Household Characteristics, 
Metro Status and Work Time 

No No Yes Yes No No Yes Yes 

State Fixed Effects No No No Yes No No No Yes 
N 59635 59635 59635 59635 77208 77208 77208 77208 

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
Columns 1-4 contain estimates for males and columns 5-8 contain estimates for females 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
Each row represents a separate model with a different measure of the local unemployment rate treatment variable
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Table 21b: Leisure-Subgroups 
    Males   Females 
 Coefficients on the contemporaneous UR 

  
Exogenous 
Controls N  

Exogenous 
Controls N 

Employed  1.611* 
(0.813) 41921  

1.519* 
(0.771) 44149 

Unemployed  -1.103 
(3.983) 3174  

4.737 
(3.249) 3681 

Not in the labor force  -1.031 
(1.847) 14540  

-1.430 
(1.567) 29378 

Age 15-18  3.748 
(2.368) 4015  

4.105* 
(2.286) 3867 

Age 19-24  1.263 
(3.570) 3324  

-2.229 
(2.464) 4114 

Age 25-64  3.441*** 
(1.250) 43046  

2.374 
(1.560) 54083 

Age 65-79  3.238 
(2.531) 7335  

3.357* 
(1.890) 10984 

Age 80 and over  -10.22** 
(4.648) 1915  

-5.401** 
(2.591) 4160 

Less than a High School Degree  5.685*** 
(1.641) 10330  

2.255 
(1.389) 12321 

HS Degree  2.997 
(2.146) 15701  

0.931 
(1.129) 20913 

Some College  2.219* 
(1.273) 14977  

2.189* 
(1.165) 21579 

BA or Higher  1.752 
(1.176) 18627  

1.467 
(1.267) 22395 

2003-2006  6.023*** 
(1.544) 26257  

4.129*** 
(1.541) 34350 

2007-2012  1.932 
(1.227) 33378  

1.301 
(1.102) 42858 

Day of Week, Year, Holiday, Age, Race, and 
Ethnicity  Yes    Yes   
Income, Education Level, Marital Status, 
Household Characteristics, Metro Status and 
Work Time  No   No  
State Fixed Effects  No     No   

b coefficients; se in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
All standard errors are clustered at the state level 
Outcome is total minutes spent during diary day 
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Appendix 1: Macroeconomy and Health Literature Summary    

Paper Publication Macroeconomy Measure Outcome Measure Method Data 

Ruhm, 2013 NBER WP 19287 Average Annual State 
Unemployment Rate 

Multi cause mortality State FE, Linear Time 
Trend 

CDC Compressed Mortality 
Files 

Cawley, Moriya 
and Simon (2013) 

Health Economics Monthly State 
Unemployment Rate 

Health Insurance 
Coverage and Type 

Logit, State and Year FR SIPP 

McInerny and 
Mellor (2012) 

Journal of Health 
Economics 

Annual State 
Unemployment Rate 

Aggregate Mortality   
Health, Health 
behaviors, Healthcare 
Use (Elderly) 

State FE , Linear Time 
Trend 

SEER, MCBS Cost and 
Use 

Edwards (2011) WP 
 

Contemporaneous 
unemployment rate, S&P 
500, housing prices 

Time use Census tract and time FE ATUS 

Coleman and Dave NBER WP 17406 Local area demand for 
labor and contemporaneous 
unemployment rate 

Time Spent 
Physically Active 

Region and time FE ATUS 

Xu and Kaestner 
(2010) 

NBER WP 15737 Wages, Employment  Tobacco use 
(extensive and 
intensive margins), 
Alcohol Use, Doctor 
Visits  and physical 
activity 

IV - instrument for 
employment using local 
industry mix 
employment rates, state 
and year fixed  

BRFSS, NHIS 

Dave and Kelly 
(2010) 

NBER WP 16638 Risk of unemployment 
(contemporaneous local or 
state-level unemployment 
rate) 

"Healthy" food 
consumption 

Local and time FE, 
restrict analysis to 
healthy people 

BRFSS 
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Nicholson and 
Simon (2010) 

DRAFT State and local 
unemployment rate, 
employment rate and 
personal income measures 

Health Insurance, 
healthcare, health 
status, and health 
behaviors 

County, state, month and 
year FE (controlling for 
own employment status 
and not controlling for 
own employment status) 

Gallup/Healthways Well-
being Index Community 
Survey 

Arkes (2007) Health Economics Contemporaneous-state-
level unemployment 
(annual) 

Drug and Alcohol use 
(extensive and 
intensive margin) 

State and year FE NLSY 

Ruhm (2005) JHE Lagged 3 month average 
state-level employment rate 
(Also average employment 
rate over past 2 years plus 
change in past 3 months) 

Tobacco use 
(extensive and 
intensive margins), 
Body weight, and 
physical activity 

State, month, and year 
FE 

BRFSS 

Ruhm and Black 
(2002) 

JHE Contemporaneous monthly 
state unemployment rate 

Alcohol Use 
(extensive and 
intensive margin) 

State and month FE and 
linear state time trends 

BRFSS 

Dee (2001) Health Economics Contemporaneous monthly 
state unemployment rate 
and state level average per 
capita income 

Alcohol use 
(extensive and 
intensive margin 
including alcohol 
abuse) 

State, month, and year 
FE 

BRFSS 

Ruhm (1995) JHE Current and lagged 
unemployment rates, 
change in gross state 
product, and per capita 
income 

Alcohol Use and 
vehicle mortality 
rates 

State and time FE Alcohol Epidemiologic 
Data System, Fatal 
Accident Reporting System 
(State-level) 

Charles and 
DeCicca (2008) 

JHE Contemporaneous MSA - 
level unemployment rate 

BMI, Mental Health, 
Tobacco Use, 
Alcohol 
Consumption and 
Physical Activity 

MSA, quarter and year 
FE 

NHIS 
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Freeman (1999) Journal of Health 
Economics 

Contemporaneous-state-
level unemployment 
(annual), Employment 
Rate, Per Capita Income 

State-level aggregate 
alcohol consumption 

Panel estimates 
(logarithmic first 
differences) 

Alcohol Epidemiologic 
Data System 

Arkes (2009) Social Science and 
Medicine 

Average state-level 
unemployment lagged over 
past 12 months 

BMI (percentile) State and time FE NLSY 

Bockerman, et al. 
(2007) 

Health Economics Employment rate or GDP 
growth rate 

Log(BMI) Region and year FE National Public Health 
Institute of Finland Survey 

Fontenla, 
Gonzalez, and 
Quast (2011)  

Applied Economics 
Letters 

Contemporaneous annual 
county unemployment rate 

County-level 
Mortality 

Log-lin with county and 
year FE 

CDC Compressed Mortality 
Database (County-level) 

Miller, Page, 
Stevens, and 
Filipski (2009) 

AER Papers and 
Proceedings 

Contemporaneous-state-
level unemployment 
(annual) 

State-level mortality 
rate 

State and year FE, 
decompositions by age 
and cause of death 

CDC Multiple Cause of 
Death Data, NHIS Cancer-
SEER (State-level) 

Davalos and 
French (2011) 

Journal of Mental 
Health Policy and 
Economics 

Average state-level 
unemployment lagged over 
past 12 months 

SF - 12 Physical and 
Mental Health Scores 
(self-rated) 

Individual level FE Waves 1 and 2 of NESARC 
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Appendix 2: Outcomes and Corresponding ATUS Activity Categories 

Outcome ATUS Activity Codes 

Travel All kinds of traveling All t180 codes 

Grocery Shopping 
Grocery Shopping, Travel related to grocery 
shopping 

t070701, t180701 

Non-Grocery Food 
Shopping 

Purchasing food (non-grocery) t070103 

Food Preparation 

Food and drink preparation, food 
presentation, kitchen and food cleanup, Food 
& drink prep, presentation, & clean-up, 
n.e.c.* 

t020201, t020202, t0202 

Eating and Drinking 

Eating and drinking, Eating and drinking, 
n.e.c.*, Waiting associated w/eating & 
drinking, Waiting associated with eating & 
drinking, n.e.c.* 

t110101, t110199, t110281, 
t110289, t119999 

Secondary Eating and 
Drinking 

Eating and drinking as a secondary activity Eating and Health Module 

Sleeping Sleeping, Sleeping, n.e.c.* t010101, t010199 

Exercise for Leisure 
All participating in sports, exercise and 
recreation 

All t130 codes 

Work-related Exercise Sports and exercise as part of job t050203 

Exterior Housework 
Exterior maintenance, repair and decoration; 
Lawn, garden and houseplants 

t020401, t020402, t020499, 
t020501, t020502, t020599 

Watching Television 
Television and movies, Television 
(religious) 

t120303, t120304 

Playing Games Playing games t120307 

Tobacco and Drug Use Tobacco and drug use t120302 

Obtaining Medical 
Services 

Using health and care services outside the 
home 

t080401 

Health-related Self-care Health-related self-care, Self-care, n.e.c.* t010301, t010399 

Caring for Children 

Caring for and helping household children, 
Activities related to household children’s 
education, activities related to household 
children’s health, caring for and helping 
non-household children, Activities related to 
non-household children’s education, 
activities related to non-household children’s 
health, Travel related to caring for household 
children, Travel related to caring for non-
household children 

All t0301, t0302, t0303, 
t0401, t0402, t0403, t180381, 
t180481 

Caring for Adults 

Caring for household adults, Helping 
household adults, caring for non-household 
adults, Helping non-household adults, Travel 
related to caring for household adults, Travel 
related to caring for non-household adults 

All t0304, t0305, t0404, 
t0405, t180382, t180482 

Leisure All socializing, relaxing and leisure All t120 codes 

 


