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Abstract 

This paper analyzes the joint effects of obesity, smoking, and binge drinking on wages and on 
unemployment by using the National Longitudinal Survey of Youth data. The main objective of this study 
is to show that the effects of these behaviors on wages and unemployment are not measured accurately in 
analyses that consider only one or two since these behaviors are correlated or tend to cluster. My results 
illustrate that failing to include one or more of the risky behaviors in wage or unemployment regression 
would lead to an underestimation of the impact of being obese and an overestimation of the effect of 
binge drinking for both genders. However, when endogeneity is addressed by employing the Hausman-
Taylor instrumental variable (HTIV) method in wage analyses and the multivariate probit method in 
unemployment analyses, I find that the estimated parameters of obesity or binge drinking are not 
statistically significantly different whether these behaviors are considered individually or simultaneously. 

This study also conducts several sensitivity analyses. Firstly, the results reveal that the effects of these 
risky behaviors are not interactive. Secondly, the paper illustrates that the wage penalties for daily 
smoking are fairly constant over the wage distribution for both genders, but obesity affects the wages of 
males and females relatively more at lower quantiles of wages, and there is no wage penalty for being a 
binge drinker for either gender. Further, it is found that smokers are a heterogeneous group of people. In 
particular, the wage and unemployment effects of persistent smokers are different than beginning smokers 
and quitters. Moreover, obesity affects the wages and the likelihood of being unemployed of males only at 
the extremes of obesity. Lastly, I find evidence of wage penalties for being obese or a smoker in private 
sector jobs, but in the public sector only male smokers face lower wages. 
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1. Introduction: 

Current studies show that about 35% of the US population is obese, approximately 20% 

of Americans are smokers, and around 15% are excessive alcohol drinkers (CDC, 2007)1. 

Although there has been a decline in smoking rates in recent decades, the prevalence of obesity 

rates has risen rapidly while drinking rates have remained constant. Obesity is an important risk 

factor for numerous health problems including coronary heart disease, diabetes, osteoarthritis, 

hypertension, and stroke. Excessive alcohol consumption can lead to liver problems, infertility, 

cancer, and unintentional injuries due to accidents. Smoking has deadly consequences, including 

lung, larynx, esophageal, and oral cancers (WHO, 2002). Additionally, these health risk 

behaviors are widely documented to cause major problems with potentially important social and 

economic consequences, including increases in medical expenditures, lost productivity, work 

absence, unemployment, social penalties and discrimination (Harwood, 2000; Sturm, 2002). 

Economists have given considerable attention to the effects of smoking, obesity and 

excessive alcohol use on labor market outcomes. However, their results on the effects of these 

risk behaviors on workers’ wages differ widely. Despite the potentially large negative effects of 

health risk behaviors on unemployment, surprisingly little research has been done on this issue. 

Further, none of the earlier studies considered the effects of all three risk factors on labor market 

outcomes in the same analysis. Cigarette smoking, excessive alcohol use, and poor eating habits 

tend to reinforce each other (Betts, 2000), and it is known that smokers are less likely to be 

obese. Hence, when these risk factors are considered individually, estimates of their effects on 

wages or unemployment may be biased since the behaviors may be correlated. Therefore, the 

                                                 
1 Obesity is defined as BMI (kg/m2) of 30 or more, and identification for those under age 21 is through age- and gender-specific. 
Smoking is defined as smoking cigarettes daily or smoking an average of 1 or more cigarettes daily. Binge drinking is defined as 
drinking 6 or more alcoholic drinks in 4 or more occasions past month. 



 

2 

 

main focus of this paper is to estimate the joint effects of obesity, smoking and excessive alcohol 

use on wages and on unemployment using the National Longitudinal Survey of Youth (NLSY) 

data.  

The NLSY consists of a nationally representative sample of 12,686 young men and 

women who were 14-21 years old when they were first surveyed in 1979. Data were collected 

yearly from 1979 to 1994, and biennially from 1996 to the present. The NLSY gathers 

information about this large group of young adults as they make the transition from school to 

work, and it provides a comprehensive overview of respondents’ labor force experiences, career 

changes, labor market attachment, marriage, education investments, etc. (NLSY79 User’s Guide, 

2002). The use of a longitudinal data set enables the estimation of panel data methods, e.g. fixed 

effects model, which help avoid the potential bias caused by unobserved individual factors not 

captured in cross-sectional models. The use of panel data methods is an important extension to 

the literature because the data sets used in previous studies are mostly cross-sectional. 

 This study offers myriad additional contributions to literature: Firstly, the existing 

literature suggests that these health risk behaviors may be endogenous or, more specifically, 

missing or unobservable determinants of both risk behaviors and labor market outcomes may be 

correlated. Because the present data set contains extensive information on demographics, health 

risk behaviors, and related lifestyle behaviors, the analysis is able to examine risk 

behaviors/labor market outcomes relationships while also addressing the potential endogeneity of 

risk behaviors via Hausman-Taylor Instrumental Variable model in wage analyses and 

multivariate probit model in unemployment analyses, which appear to be the most appropriate 

methods for the purpose and the sample. 
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Another goal of this study is to examine whether the effects of these health risk behaviors 

on wages and unemployment are interactive or additive. For example, the effects of smoking and 

excessive drinking are interactive if the effects of excessive drinker smokers differ from the two 

effects added together, e.g. if they are due to the same unobserved factors. However, the effects 

would be additive if the health of the individual worsens more when the individual is attached to 

another behavior in addition to the current behavior. For this purpose, a set of interaction terms 

are included in the analyses and are tested for statistical significance. 

Thirdly, the present study separates males and females, and blacks, Hispanics and whites 

into subsamples to conduct a richer examination of gender and racial/ethnic differences. Further, 

one may argue that obese, smokers or binge drinkers may tend to be in public sector jobs since 

workers are more exposed to wage discrimination in the private sector. The effects of obesity, 

smoking and binge drinking on wages are examined for private and public sector workers 

separately. 

Lastly, higher wage workers may likely be less affected by these health risk behaviors, 

possibly because of the nature of their jobs, than lower wage workers or workers with less 

education, or vice verse. Hence, it is also examined to observe whether the effects of the three 

risk factors on wages might vary across the wage structure. 

The OLS results of wage analyses reveal that the wage effect of obesity is underestimated 

if one fails to control for smoking and drinking behaviors of males. Moreover, the wage effects 

of binge drinking is underestimated for males (estimate is positive) and overestimated for 

females if alcohol use of the respondents is considered individually. Similarly, the probit results 

of unemployment analyses illustrate that failing to include one or more of the health behaviors in 
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unemployment regressions would lead to an underestimation of the impacts of being obese and 

overestimation of the effect of binge drinking for both genders. 

The results also show that once endogeneity is controlled for, the estimated parameters of 

obesity or binge drinking are not statistically significantly different whether these behaviors are 

considered individually or simultaneously in both wage and unemployment analyses. Therefore, 

the biases in the OLS and probit estimates are due to failure to account for endogeneity. 

Moreover, obesity has negative effects only on the wages of females (a penalty of 4.3%), 

smoking wage penalties are 4.8% and 2.5% for males and females, respectively. Being obese 

increases the probability of being unemployed by 1.8% for females only, smoking increases the 

likelihood of being unemployed by 2.5% and 1.7% for males and females, respectively. Binge 

drinking has no effect on wages or on unemployment for either gender. 

Sensitivity analyses illustrate that the effects of risk behaviors are not interactive. But, 

once interaction terms are included into the models, binge drinking estimates for males become 

statistically significant both in wage and unemployment analyses, which shows the importance 

of including interaction terms into regressions. Thus, the effect of binge drinking could be 

correlated with the obesity and/or smoking behavior of the individual, for instance, if an obese 

person or smoker already perceives discrimination, becoming also a binge drinker may not result 

in any additional discrimination. 

Furthermore, the results of ethnic/racial subsamples illustrate that although smoking has 

wage penalties for all subsamples, obesity affects the wages of only white females, and binge 

drinking affects wages of only white males. Also, I find evidence of wage penalties for obesity or 
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smoking in private sector jobs. However, in the public sector, only males face lower wages only 

due to smoking. 

Moreover, the results reveal that the wage penalties for daily smoking are fairly constant 

over the wage distribution for both genders. However, obesity affects the wages of males and 

females relatively more at lower quantiles, and there is no wage penalty for being a binge drinker 

for males and females at any quantile. 

I also estimated wage and unemployment models using more detailed measures. My 

results when endogeneity is addressed demonstrate that smokers are a heterogeneous group of 

people: the wage and unemployment effects of persistent smokers are different than starters, 

quitters or young experimenters. Furthermore, obesity appears to affect the wages and the 

likelihood of being unemployed of males only at the extremes2. Moreover, contrary to the 

previous literature, drinking is found to have no positive effect on wages or on unemployment 

for either gender when endogeneity is accounted for. 

The structure of the paper is as follows: The conceptual rationales for why these 

behaviors may affect labor market outcomes, the literature review and the empirical 

methodology are discussed in sections two, three and four, respectively. The data is described in 

section five together with the descriptive statistics. The results are presented in section six and 

the final section of the paper presents conclusions. 

 

 

 

                                                 
2 Morbid obesity is defined as having a BMI or 35 or more. 
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2. Conceptual Rationales: 

Existing studies explain the correlation between health risk behaviors and labor market 

outcomes in four ways (Morris, 2007): 

(1) Health risk behaviors may cause lower wages or unemployment. This might arise for three 

reasons: 

a) First, obesity, smoking or binge drinking can be weakening health conditions. Thus, 

the obese, smokers or binge drinkers are likely to be less productive than their counterparts and 

consequently less likely to be employed or more likely to receive lower wages. 

Obesity is a major health problem related to a number of serious diseases. Furthermore, 

obesity can lead to some psychological problems occurring from discrimination, humiliation, 

social rejection or unhappiness with oneself. Existing research also shows that excessive alcohol 

use and smoking are associated with a long list of physical, psychological, and cognitive 

impairments. These problems at the personal level may also affect the individual’s relationship to 

the labor market. Hence, obesity, smoking, and binge drinking may reduce work ability and 

increase absence from work, thereby reducing the individual’s productivity, which in turn leads 

to lower wages and a lower likelihood of employment. (Mullahy and Sindelar 1993, 1996; 

Kenkel and Ribar 1994; Burkhauser and Cawley, 2004). 

Furthermore, most health publications argue that there is a J-shaped association between 

alcohol consumption and the risk of cardiovascular disease, which suggests that alcohol 

consumption at moderate levels may be beneficial for health by relieving stress and reducing the 

incidence of heart disease (Sesso, 2001; Baum and Ford, 2006). Therefore, light or moderate 
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drinking may be favorable to an individual’s labor market productivity and might have positive 

effects on wages and on employment. 

b) Second, there may be discrimination against the obese, smokers or binge drinkers 

which lessens their likelihood of being employed or negatively impacts their wages. 

There may be prejudice by employers, employees, or customers reflecting their distaste 

or negative preferences for workers with health risk behaviors, particularly against obese women 

and smokers (Becker, 1971; Moon and McLean, 1980). It has been also documented in 

numerous experimental studies that there are weight-based discrimination at every stage of 

employment, from the hiring decision through wage-setting and promotion (Puhl and Brownell, 

2001). Moreover, the studies also state that individuals who have these risk behaviors delay 

marriage, have reduced labor market experience, lower educational attainment, and greater 

probability of divorce (Yamaguchi and Kandel, 1985; Kenkel and Ribar, 1994), which indirectly 

affect their labor market success and reduce their productivities. 

c) Third, these workers could be more costly for employers who provide health care. It is 

apparent that obese persons, smokers or drinkers will need more medical care than their 

counterparts. Economic theory implies that wages are decreasing in fringe benefits. Therefore, 

higher health care costs would lead to lower wages if employers provide health insurance 

benefits. 

 (2) Unemployment or lower wages may cause obesity, smoking or binge drinking: 

 Unemployment, low income level, social isolation or economic constraints may restrict 

access to healthy food and safe exercise, and may increase the likelihood of weight changes 

(Cawley, 2004). Unemployment may also affect weight if there is a relationship between long-
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term unemployment and mental health, and mental health is correlated with obesity (Bove and 

Olson, 2005). Additionally, sociology and alcohol research literatures state that unemployment 

causes emotional and financial stress, and stress is known to be related to weight gain, increased 

alcohol consumption, and smoking (Forcier, 1985; Harris et al., 1998).  

(3) There may be unobserved variables that are correlated with both employment/wages and 

health risk behaviors: 

A third factor may explain the relationship between health risk behaviors and 

employment/unemployment, e.g. time preference, self-control, sociability, reduced aspirations 

and lower commitment to values underlying to desire for success, etc. For instance, this factor 

could reflect preferences for current time as opposed to preferences for the future. Hence, people 

with health risk behaviors who are less likely to be concerned about the future and possible 

negative effects of these behaviors may invest less in human capital now and may be less likely 

to engage in job training. As a result, they would have low likelihood of being employed or 

lower earning profiles (Fuchs 1974; Becker et al. 1994). Alternatively, alcohol may play a 

networking role during the time spent with colleagues and could help the person to get additional 

information about promotion opportunities or may serve as a signal of commitment to the firm at 

company meetings (Montgomery, 1991; MacDonald and Shields, 2001). 

 (4) Health risk behaviors may be measured systematically with error due to unobserved factors 

correlated with employment or labor market success. For example, this may occur if individuals 

in lower socioeconomic groups are more likely to underreport their weights, smoking or alcohol 

use, or over report their heights, etc. (Greeve, 2008). 

 The goal of the paper is to identify the first effect and to produce unbiased estimates that 

are not contaminated by the other effects. 
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3. Literature Review: 

3.1. Effects of Obesity: 

The effects of obesity on labor market success, i.e. earnings, labor supply and occupation 

selection, have been analyzed in numerous US studies. The studies that do not use NLSY data 

find obesity wage penalties only for females (Sargent and Blanchflower, 1994; Behrman and 

Rosenzweig, 2001). The results of the studies that employ NLSY data and cross-sectional 

analyses are differing: some studies find wage penalties for both genders (Averett and 

Korenman, 1996; Maranto and Stenoien, 2000), some argue there is no penalty for either genders 

(Loh, 1993), and the remaining find obesity reduces female wages, but not those of males 

(Register and Williams, 1990; Pagan and Davila, 1997). 

Cawley (2004) uses NLSY data and accounts for endogeneity employing fixed effects 

and instrumental variable (IV) models using BMI of sibling as an instrument. He finds obesity 

wage penalty only for white females. Employing NLSY and individual and sibling fixed effects 

models, Baum and Ford (2004) find obesity wage penalty for both genders but more for females. 

The effect of obesity on employment has taken less attention and generally been less 

examined by European studies. Some of European studies that examine the effect of obesity on 

employment find insignificant effects for both genders (Harper, 2000). Some find positive effects 

on the long-term unemployment only for females (Sarlio-Lahteenkorva and Lahelma, 1999), and 

some find weak evidence that obese individuals are more likely to be unemployed (Garcia and 

Quintana-Domeque, 2007). Morris (2007) addresses the endogeneity by employing the bivariate 

probit (IV) model, uses prevalence of obesity in the area in which the respondent lives as the 

instrument, and finds that obesity has a negative effect on employment for both males and 
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females. Greeve (2008) also uses IV models, employs whether the interviewee’s father or mother 

had been prescribed medication for obesity as instrument and finds negative effects of BMI on 

employment. 

Cawley (2000a) is the only US study that examines employment probabilities. He uses a 

conventional IV regression approach, the BMI of a biological child as an instrument, and finds 

that BMI has a positive effect on employment for mothers. 

3.2. Effect of Alcohol Use: 

Previous literature on the labor market effects of alcohol consumption concentrates on 

US data and differs in the alcohol consumption measures used. The choice of the alcohol 

measures are usually determined by data availability. The commonly used measures are binary 

indicators of alcohol consumption at different levels, frequency of consumption over some 

periods and clinical measures of alcohol consumption. Most of the studies use only cross-

sectional samples and a few of them control for endogeneity or unobserved heterogeneity. 

The results of the wage effects of alcohol use are contradictory. Some of the results state 

that light to moderate drinkers have higher wages than abstainers and heavy or binge drinkers 

(Berger, 1988; Hamilton and Hamilton, 1997; McDonald and Shields, 2001). While some of the 

studies do not find any penalties for heavy or binge drinking (Zarkin et al., 1998a), others find no 

evidence for benefits in terms of higher wages from moderate drinking over abstinence (Bryant 

et al., 1992). 

Employing NLSY data and addressing endogeneity by using sibling and individual fixed 

effects, Kenkel and Ribar (1994) find that binge and heavy drinkers earn less than abstainers and 
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much less than moderate drinkers, but Peters (2004) finds positive significant effects of drinking 

on wages, and Renna (2008) uses first difference regressions and fails to find any association. 

Employing US data and accounting for endogeneity by IV models, Mullahy and Sindelar 

(1993, 1996) and Bryant et al. (1996) find insignificant effects of problem drinking on the 

probability of employment, but Terza (2002) finds negative significant effects for males. Kenkel 

and Ribar (1994) analyze NLSY data and account for endogeneity, but they find a positive and 

statistically significant association for females. 

Employing non-US data and clinical measures of alcohol consumptions, some studies 

find lower employment probabilities for alcohol dependent men (MacDonald and Shields, 2004), 

but others find no significant effect for either gender when endogeneity is addressed via IV and 

fixed-effects models (Tekin, 2004; Feng et al., 2001). 

3.3. Effect of Smoking: 

 The labor market effects of smoking have gained less attention but the results are quite 

similar. Studies that use international data (Lee, 1999) and that use US data (Leigh and Berger, 

1989; Viscusi and Hersh; 2001) find that there is a wage penalty for smokers in all subgroups. 

Grafova (2009) finds that persistent smokers have lower wages than non-smokers, but smokers 

who will quit smoking in the future do not have a wage penalty even when they smoke. Levine et 

al. (1997) use NLSY data and accounts for endogeneity by using sibling fixed-effects. Their 

results support the earlier findings that smoking affects wages of both genders. 

 Although Zarkin et al. (1998) fails to find any impact of smoking on hours of labor 

supply of males, accounting for endogeneity via IV using the religiosity indicator as an 

instrument, French et al. (2001) finds a negative effect of smoking on employment. Further, 
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employing NLSY and controlling for endogeneity, Kandel and Davies (1990) find negative 

effects of smoking on job mobility, employment gaps, and duration of unemployment. 

3.4. Combined Effects of Alcohol Use and Smoking: 

 Studies that use international data (Lee, 1999; Auld, 2005) find that moderate drinking is 

associated with a higher income than drinking abstinence, while smoking is associated with 

lower income than non-smoking after correcting for endogeneity. Yet the effects of heavy 

drinking are still unclear. Moreover, it is found that failure to control for other health risk 

behaviors leads to a moderate underestimate of the effect of smoking or drinking. 

3.5. Combined Effects of Obesity and Smoking: 

 Berger and Leigh (1989) find no wage penalty for either behavior, but Baum and Ford 

(2006) find an obesity wage penalty only for female workers when both health behaviors are 

included in the same analysis and when accounting for endogeneity. Controlling for both risk 

factors, obesity is significantly related to unemployment for women and heavy smoking is 

related to unemployment for men by Jusot et al. (2008). 

3.6. Shortcomings of the Literature: 

 Most of the studies in the literature have some shortcomings and these shortcomings may 

be the reasons why they provide contradictory results. Firstly, to my knowledge, none of the 

studies have used all three risk behaviors in the same regression analysis. Secondly, some articles 

use small and unrepresentative samples. For instance, several studies use the very early years of 

longitudinal data in which the respondents were only very young and not representative of the 

general population. Additionally, although some of the studies account for endogeneity of health 

risk behaviors by employing instrumental variables (IV) methods, most of their identification 
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strategies are somewhat poor, because they rely on very strong assumptions and the instruments 

they use may be weak. Furthermore, with the exception of a few studies, almost all articles rely 

on cross-sectional data and do not use panel data techniques to control for unobserved 

heterogeneity. Lastly, the results differ in the measures of employment and health risk behaviors 

used, since the choice of the measures is usually dictated by data availability. 

4. Empirical Methodology: 

The empirical work in this study is based on a theoretical framework developed by 

Mullahy and Sindelar (1996) and subsequently adopted by many economists. They offer the 

most commonly used and general model of labor supply that depends on wages, desired hours of 

work and the decision to participate. An individual maximizes his/her utility by allocating times 

for labor and leisure consumption activities, which yields the labor supply of the individual. But 

the individual’s labor supply decision is turned into employment only if the individual is selected 

for employment, which is partly based on reservation wage, market wage and the employer’s 

decision of offering employment. Hence, in short, the employment status of an individual is a 

function of human capital of the individual, economic conditions, demographic factors, and other 

factors that affect the individual’s choice between labor and leisure consumption. 

In light of earlier studies, in the simplest forms the employment equation and equations 

of health risk behaviors can be modeled as: 

௜௧ܧ ൌ ሺܧ ௜ܲ௧, ௜ܹ௧, ௜ܺ௧,  ௜௧ሻ                                                               ሺ1ሻݑ

௜ܱ௧ ൌ ܱሺ ௜ܲ௧, ௜ܹ௧, ௜ܺ௧,  ௜௧ሻ                                                               ሺ2ሻ݋

௜ܵ௧ ൌ ܵሺ ௜ܲ௧, ௜ܹ௧, ௜ܺ௧,  ௜௧ሻ                                                               ሺ3ሻݏ

௜௧ܦܤ ൌ ሺܦܤ ௜ܲ௧, ௜ܹ௧, ௜ܺ௧, ܾ݀௜௧ሻ                                                               ሺ4ሻ 
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where E, O, S, and BD are binary indicators of employment, obesity, smoking and binge drinking, 

respectively. P is all prices, W is wage rate, X is a vector of all observable factors, including non-

labor income, and u, o, s, and bd are unobservable characteristics, i refers to the ith individual and 

t represents the time. To relate obesity, smoking and binge drinking to employment, equation 1 

can be rewritten as a reduced-form relationship that can be expressed as: 

௜௧ܧ ൌ ሺܧ ௜ܱ௧, ௜ܵ௧, ,௜௧ܦܤ ௜ܺ௧,  ௜௧ሻ                                                      ሺ5ሻݑ

This type of reduced-form equations eliminates the need to specify the underlying structure of 

the health risk behaviors, and they are also valid in the presence of corner solutions. Assuming 

linearity, the econometric equivalent of equation 5 can be expressed as: 

௜௧ܧ ൌ ଵߚ ௜ܱ௧ ൅ ଶߚ ௜ܵ௧ ൅ ௜௧ܦܤଷߚ ൅ ସߚ ௜ܺ௧ ൅  ௜௧                                   ሺ6ሻݑ

where β’s are the parameters to be estimated. The employment equation can be estimated by a 

standard probit or logit model: 

௜௧ܧ
כ ൌ ଵߚ ௜ܱ௧ ൅ ଶߚ ௜ܵ௧ ൅ ௜௧ܦܤଷߚ ൅ ସߚ ௜ܺ௧ ൅ ݁௜௧                                   ሺ7ሻ 

where Ei
* is unobservable but Ei  = 1 if Ei

* > 0. e is assumed to be a mean-zero, constant-

variance random variable and it is uncorrelated with the explanatory variables. The coefficients 

can be obtained via maximum likelihood estimations. 

In order to investigate the wage effects of obesity, smoking and binge drinking, a 

standard human capital earnings regression is estimated including some standard covariates. It is 

assumed that the effects of the three risk factors on wages can be estimated from the following 

‘wage level’ model: 

lnሺ ୧ܹ୲ሻ ൌ ଵߚ  ௜ܱ௧ ൅ ଶߚ ௜ܵ௧ ൅ ௜௧ܦܤଷߚ ൅ ସߚ ௜ܺ௧   ൅  ε௜௧                                  ሺ8ሻ 
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where W is the wage rate, X is a vector of personal and geographical characteristics that affect 

labor market outcomes, O, S, and BD are binary indicators of obesity, smoking and binge 

drinking and ε  is the error term for observation i  in time t. I assume that ε is a mean-zero, 

constant-variance random variable and it is uncorrelated with the explanatory variables in X. The 

coefficients can be estimated via ordinary least squares (OLS) regression. 

Providing unbiased correlations between obesity, smoking, binge drinking and 

unemployment/wages is not straightforward because the health risk behaviors and 

unemployment/wages may simultaneously affect each other. In addition, an unobserved factor 

may be correlated with both health risk behaviors and labor market outcomes, such as time 

preference, self-control, sociability, etc. Technically these mean that the error term in 

unemployment/wages equation is correlated with obesity, smoking and binge drinking binary 

variables. Therefore, firstly a supplemental set of covariates are included into the model to 

control more widely for individual background characteristics that may affect labor market 

outcomes. 

In a cross-sectional framework, previous studies have generally dealt with the problem of 

these kinds of endogeneity with conventional two-stage IV models. In such an approach one 

needs to instrument obesity, smoking and binge drinking with an instrument (or instruments) that 

is (are) correlated with health risk behaviors, but uncorrelated with labor market outcome.3 

However, the achievement of unbiased estimates via the IV method depends essentially on the 

predictive power and validity of the instruments. If there is weak correlation between instruments 

and health risk behaviors, or if the instruments are correlated with labor market outcome, then 

the IV estimates could still be biased.  Moreover, mean square errors with an IV method may be 
                                                 
3 The same approach has also been employed in this study. See appendix for the results. 
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large which implies a trade-off between bias and variance (Bollen et al., 1995; Norton et al., 

1998). Furthermore, IV estimation is less efficient, because it does not fully exploit the 

specification and non-linearity of the unemployment model (Feng, 2001).4 

A longitudinal data offers alternative solutions to the endogeneity problem: fixed-effects, 

random-effects, between-effects models.5 The most commonly used model that deals with 

unobserved individual heterogeneity is fixed-effects, which lets one control for omitted or 

unobserved variables that differ between cases but constant over time by estimating the model as 

deviations from the means. However, the fixed-effects model does not eliminate bias in case of 

time-variant individual heterogeneity and takes out all the covariates that are time-invariant. 

Further, the model may worsen the bias caused by measurement error (Griliches and Hausman, 

1986). Also, the model cannot identify the effects of individuals who do not change their 

behavior over time: it assumes individuals who change their behavior over time are similar to the 

ones who do not change their behavior over time. 

To account for endogeneity, the Hausman-Taylor Instrumental Variable (HTIV) method 

is employed in wage analyses. This method is the most appropriate for the purpose and sample of 

this study. In the presence of correlation between some covariates and the unobserved individual 

characteristics, this method produces consistent estimates contrary to the OLS model. 

Furthermore, in contrast to the conventional IV methods, there is no need for finding external 

                                                 
4 There is a large literature claiming that failing to control for selection into working could lead to sample selection bias in wage 
effects analyses. To account for this bias, a two-step Heckman correction method is employed for males and females separately. 
Non-wage family income is served as an instrument for the propensity of the individual to work or receive positive wage. The 
Mills Ratio correction terms which are employed to control for selection into working are not statistically significant in the wage 
equation either for males or females. Furthermore, the correction does not change the sizes and significance levels of the three 
health risk behaviors, hence the results with the Heckman correction are ignored and not presented. 
5 Some panel data techniques are also employed in this study. See appendix for the results. 
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instruments. In addition, in contrast to the fixed effects model, the Hausman-Taylor IV model 

allows producing the estimates for time-invariant covariates. Let the wage model be: 

lnሺࢃ୧୲ሻ ൌ ଵ௜௧ࢄଵߚ    ൅ ଶ௜௧ࢄଶߚ  ൅ ଵ௜ࢆଵߛ    ൅ ߛଶࢆଶ௜ ൅ ௜ߤ ൅  ௜௧,                        ሺ9ሻߝ

where ε is a random error uncorrelated with explanatory variables, µ is unobserved individual 

characteristics, ࢄଵ௜௧ (ࢄଶ௜௧) are variables that are time-varying and uncorrelated (correlated) with 

µi, and ࢆଵ௜ (ࢆଶ௜) are variables that are time-invariant and uncorrelated (correlated) with µi. This 

model predicts potentially endogenous variables with a set of instruments obtained from within 

the model. Hausman and Taylor propose an instrumental variable approach using the following 

variables as instruments in the final GLS estimator: ࢄଵ௜௧, ࢆଵ௜, ࢄଶ௜௧ െ  ഥଵ௜ which areࢄ ,ഥଶ௜ࢄ

individual-specific means of exogenous variables, individual-specific mean differences of 

exogenous variables, and individual-specific mean differences of endogenous variables 

(Hausman and Taylor, 1981). I considered obesity, smoking, and drinking variables as 

endogenous variables and all others as exogenous variables.6 

 In order to account for the endogeneity of health risk behaviors in the unemployment 

analyses, the study estimates a multivariate probit model, which appears to be more appropriate 

and more efficient than conventional two-stage IV methods: 

Uit=1 if Uit* ≥0  and  Uit=0 if Uit* ≤0
Oit=1 if Oit* ≥0  and  Oit=0 if Oit* ≤0
Sit=1 if Sit* ≥0  and  Sit=0 if Sit* ≤0

                                             BDit=1 if BDit* ≥0  and  BDit=0 if BDit* ≤0                                    ሺ10ሻ

 

where Uit = 1 means the individual is unemployed and Uit = 0 means the person is employed. 

Similarly, Oit = 1, Sit = 1, and BDit = 1 indicate the individual is obese, smoker, and binge 
                                                 
6 I examined a couple other variables as endogenous, such as experience and marital status, but the results are unchanged. 
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drinker, respectively. Uit*, Oit*, Sit*, and BDit* are unobserved latent variables that determine being 

unemployed, obese, smoker, and binge drinker, respectively. The empirical specification for the 

multivariate model can be written as: 
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,ݑሾݒ݋ܥ                                         ሿ݋ ൌ ,ଵଶߩ ,ݑሾݒ݋ܥ ሿݏ ൌ ,ଵଷߩ ,ݑሾݒ݋ܥ ܾ݀ሿ ൌ ଵସ                              ሺ11ሻߩ

 

where Z is a vector of instruments, β’s, δ’s, γ’s, and α’s are parameters to be estimated, β1, β2, β3  

are the coefficients of interest, u, o, s, and bd are error terms distributed multivariate normally 

with mean equal to 0 for each variable and a variance-covariance matrix that has the value of 1 

on the principal diagonal and the correlation terms ρmn = ρnm as the off-diagonal terms. ρ12, ρ13 

and ρ14 are the correlations between the error terms in employment and obesity, smoking, and 

binge drinking equation, respectively. 

A combination of frequently used instruments are also employed in the multivariate 

probit model7: several religion and religious attendance dummies, Rotter test score, youngest age 

started drinking dummies, alcoholic father in childhood (only satisfied for males), alcoholic 

mother in childhood (only satisfied for females) and cumulative years lived with alcoholic 

                                                 
7 Earlier studies have widely used state cigarette tax, state alcoholic drinks tax (Kenkel and Ribar, 1994), and the BMI of 
siblings, parents, children (Cawley, 2004), prevalence of obesity, smoking, and drinking across individuals living in the same 
health authority area (Morris, 2007) as instruments for the individual’s smoking behavior, drinking behavior, and obesity, 
respectively. However, it has been argued that most of these instruments are weak since they may be correlated with employment 
prospects as well, and adopting the health risk behavior of a sibling, child or parent would decrease the sample size largely. 
Moreover, the state taxes could not be used in this study, because information about the individuals’ geographic location is not 
part of the public release version of NLSY79 data and these measures can only be obtained via Geocode data of NLSY79 data, 
which I could not yet acquire because of the strict policies of the BLS. 
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relative variables (Berger and Leigh, 1988; Bryant et al., 1996; Heien, 1996; Pagan and Davila, 

1997; Hamilton and Hamilton, 1997). 

This multinomial probit model is estimated according to the method of maximum 

likelihood using ‘mvprobit’ in Stata. Wald tests of significance of ρ’s are used to test the 

endogeneity of unemployment and health risk behaviors (Wooldridge, 2002). If ρ’s are 

significantly different from zero, then they are endogenous and probit/logit estimates are biased, 

hence the multinomial probit model should be used. If ρ’s are zero, then the probit model of 

equations 7 would generate consistent estimates and there is no need for a multivariate model. 

5. Data: 

5.1. Data and Sample: 

I use the National Longitudinal Survey of Youth (NLSY) data to study the effects of 

obesity, smoking and binge drinking on labor market outcomes. The NLSY is a comprehensive 

survey sponsored and directed by the Bureau of Labor Statistics of the U.S. Department of 

Labor. The main focus of the survey is labor force behavior. NLSY began in 1979 with 12,686 

respondents (6,403 are male) ages between 14 and 21. These individuals were chosen from both 

civilian and military populations, and were interviewed annually from 1979 until 1994. After the 

1994 survey, the NLSY began interviewing biennially. In 2004, these individuals ranged in age 

from 39 to 46. In each survey, the NLSY gathers information on each respondent’s employment 

status, salaries, age, personal characteristics, family characteristics, etc. 

A combination of commonly used data specifications are employed to construct the 

sample from the data. All available waves of the survey are used from 1979 to 2004 for wage 

analyses and all waves from 1979 to 1998 are used for unemployment analyses since 
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unemployment statuses of the individuals cannot be determined after 1998. Most of the existing 

studies exclude respondents in years during which their education has yet to be completed and 

person-year observations in which the respondent is less than 18 years old. The same exclusions 

are employed for my sample. I also exclude respondents who were in the armed forces and who 

did not have any employment or wage information. Employing Cawley’s (2004) specification, 

the females who were pregnant in the survey year are also excluded from the sample since 

weight (and obesity) may be affected by pregnancy. Additionally, for the wage analyses, the 

respondents working as part-time or received any wage in the survey year are included in my 

sample, but I exclude respondents who worked as self-employed, without pay or in a family 

business as most other authors did. For the unemployment analyses, respondents who are out of 

the labor force are also dropped from the sample. 

The sample for the wage analyses consists of 12,106 individuals (6,147 male, 5,959 

female) after dropping 580 respondents, and the sample for unemployment analyses consists of 

12,009 individuals (6,076 male, 5,933 female) after dropping 677 respondents. Person-year 

observations are used in the regression analyses and each person-year is included as a separate 

observation.8 There are 125,264 person-year observations used in wage regressions, 65,364 of 

whom are male and 59,899 of whom are female (141,142 person-year observations are dropped). 

After dropping 109,315 person-year observations, the sample for unemployment regressions 

contains 119,033 person-year observations, 64,712 of whom are male and 54,321 of whom are 

female. 

 

                                                 
8 Respondents provide multiple observations since person-year observations are employed and I use ‘cluster’ command in Stata 
to control for correlation among observations that come from the same individual. This command defines an error structure 
where only errors between observations from different people are independent. 
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5.2. Descriptive Statistics: 

5.2.1. Dependent Variables: 

Hourly wages are calculated by dividing ‘total income from wages and salary’ to ‘hours 

worked’, and all wages are adjusted using the Consumer Price Index from the US Census Bureau 

with a 2003 base period. The average real wage, in 2003 dollars, for all person-year observations 

is $14.79 per hour. Nominal wages are increasing over time for both men and women, except the 

first five years when the respondents were still young or not employed yet as shown in Figure 1. 

Results indicate that there is a considerable wage differential between men and women in almost 

all years; for example the real wage for men in 2004 is $25.90 and it is $19.49 for women. 

 

 

 

 

 

Because of the different question specifications in 1992, respondents’ total net income 

from wages and salaries (and therefore average real wages) are not truncated, this is why there is 

a peak in this year. This problem is solved in Cawley’s (2004) specifications. To get rid of the 

outliers, as Cawley (2004) did in his article, I recoded all the hourly wage information less than 

$1 as $1 and greater than $500 as $500. As a result, Cawley’s specifications produce smoother 

wage distributions, and peaks in average wages, such as in 1992, disappeared. 
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NLSY provides detailed information about the labor force statuses of respondents by the 

questions asked in the Current Labor Force Status sections of the surveys. NLSY creates various 

employment statuses using the answers given to the question asked in all years of NLSY until 

1998: ‘What were you doing most of last week?’ 

Employed: (1) All civilians who did any work as paid employees, or in their own business or 

farm, or who worked 15 hours or more as unpaid workers in an enterprise operated by a member 

of the family; and (2) persons who were temporarily absent from work because of various 

personal reasons, whether they were paid for the time off or were seeking other jobs.  Persons 

whose only activity consisted of work around the house or volunteer work are excluded. 

Unemployed: All civilians who had no employment during the survey week, were available for 

work, and (1) had made specific efforts to find employment some time during the prior four 

weeks, (2) were waiting to be recalled to a job from which they were laid off, or (3) were waiting 

to report to a new wage and salary job scheduled to start within 30 days. 

5.2.2. Obesity Variables: 

Questions about weight were asked in every year except the 1979, 1980, 1983, 1984, 

1988, and 1991 surveys and questions about height were asked only in the 1981, 1982, and 1985 

survey years. I assumed that the heights of the respondents after the 1985 survey year are the 

same as the 1985 height observations since the youngest respondent was 21 years old in 1985. A 

linear increase of weight is assumed in the years, in which the respondent did not answer any 

weight question, and a linear increase of height is assumed in the 1983 and 1984 years since 

there is no height question asked in these years. Height information for 1981 is imputed for the 

first two years of the survey, 1979 and 1980. In 1981, respondents (between the ages of 16 and 
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23) weighed an average of 147.68 pounds. They weighed 185.44 pounds in 2004, when they 

were between the ages of 39 and 46.   

 Each respondent’s body mass index (BMI) is used to measure obesity. BMI is defined 

as weight in kilograms divided by height in meters squared. A BMI less than 18.5 is considered 

underweight, a BMI of 18.5-24.9 is normal and a BMI greater than 25 is overweight according to 

the Centers for Disease Control and Prevention (CDC). Obesity is defined as a BMI of 30 or 

more. The CDC’s current method for identifying obesity in those under age 21 is age- and 

gender-specific (CDC, 2006b) and only a few recent papers used this methodology. I use CDC’s 

BMI growth charts to create obesity variables for the individuals under 21 years old.9 

Health economics and medical studies demonstrate that there is a tendency for people to 

under-report their true weight but over-report their height (Cawley, 2004). Employing the third 

NHANES of 1988-1994, Cawley finds that on average men between the ages of 17 and 40 are 

inclined to over-report their true BMI by 0.02% and woman under-report their BMIs by around 

1.5%. Therefore, to predict the true BMIs of the respondents from their reported BMIs and to 

correct the measurement error, Cawley’s information and specifications are used in my study. 

The average BMI over all survey years is 25.34 which is accepted as an overweight 

measure. In 2004, 1,634 respondents are obese and 2,149 are overweight out of 5,013 

respondents. Table 1 shows that 19,125 person-year observations out of 125,264 have obese 

characteristics. 

Figure 2 shows the average yearly BMI and obesity prevalence by year. In 1979, the 

average BMI was about 23.31, then average BMI increases monotonically and after 1989 the 

                                                 
9 This method leads 150 person-year observations for men under 21 years old to change from overweight to obese, but leads 
around 100 person-year observations for women under 21 years old to change from obese to overweight categories. 



 

24 

 

average BMI reaches 25 meaning that respondents have an average BMI which is considered 

above the range currently considered best for health. The average wage for the full sample with a 

BMI of 30 or more is $14.65 and average wage with BMIs between 25 and 30 is $15.24. 

Table 1. Person-year observations 
Underweight 7,263 (6%) 
Normal  57,254 (46%) 
Overweight 41,622 (33%) 
Obese 19,125 (15%) 
Mild Obese 13,152 (10%) 
Morbid Obese 6,013 (5%) 
 125,264 

 

5.2.3. Alcohol Consumption Variables: 

Respondents are asked questions related to their alcohol consumption in the 1982, 1983, 

1984, 1985, 1988, 1989, 1992, and 1994 survey years. However, the questions were not identical 

across the years. I employ Peters’ (2004) and Keng and Huffman’s (2007) methods to create 

alcohol consumption variables. 

The ‘current drinker’ dummy variable is equal to one if the respondent answers positively 

to the question: “did you drink any alcoholic beverages in last month” or if the respondent gives 

an answer of at least one to the question in 1992: “number of days drank alcohol in last month”. 

For the missing years, the earlier and later years’ information about the drinking is imputed. For 

example, the 1986 and 1987 years do not have any questions about the drinking behavior of 

respondents. It is assumed that the 1986 drinking observations are the same with 1985, and the 

1987 observations are the same with 1988. I also assume that the respondent is a current drinker 

in 1979, 1980 and 1981 if he is a current drinker in 1982. 
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Binge drinking is recently defined as drinking 5 or more drinks during a single occasion 

for men and 4 or more drinks during a single occasion for women by CDC. However, there is too 

little information in NLSY surveys to create binge drinking variables in compliance with this 

definition. Instead, I use Peters’ and Keng and Huffman’s specifications to create dummy 

variables indicating excessive alcohol use of the individuals. It is supposed that if the respondent 

gives an answer of 4 or more to the question “number of days had 6 or more drinks in last 

month”, then the ‘binge drinker’ variable is equal to one. If the respondent drinks 6 or more 

drinks on one to three occasions, the respondent is defined as a ‘heavy drinker’. 

Table 2 illustrates that 65% of person-year observations are current drinkers and around 

12% are binge drinkers. Figure 3 displays that the prevalence of current drinkers and binge 

drinkers are slightly decreasing over time. 

Table 2. Person-year observations 
Drinker 81,979 (65%) 
Heavy Drinker 23,556 (19%) 
Binge Drinker 14,820 (12%) 
Permanent Abstainer 9,982 (8%) 
Permanent Drinker 33,677 (27%) 
 125,264 
 

 

5.2.4. Smoking Variables: 

Smoking questions are asked of respondents in the 1984, 1992, 1994 and 1998 survey 

years. The surveys are different across the years in the types of the questions asked. Therefore, I 

employ the similar methodologies that Levine et al. (1997) and Baum and Ford (2006) used in 

their papers. 
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‘Daily smoker’, ‘heavy smoker’ and ‘light smoker’ are created for all 18 years. The ‘daily 

smoker’ variable is equal to one if the respondent answers positively to the question asked in 

1992, 1994 and 1998: “does respondent currently smoke daily”. In 1984, respondents were asked 

the average number of cigarettes smoked per day, and I assume that the variable is also equal to 

one if the respondent averaged one or more cigarettes per day. If the answer to the question 

“number of cigarettes smoked per day” asked in all years is 20 or more, then the respondent is 

assumed to be a ‘heavy smoker’. If the answer is between one and 20, then the respondent is a 

‘light smoker’. 

Respondents are also asked when they quit smoking. If they smoke in the year the 

questions are asked, the ‘daily smoker’ variables for the earlier (missing) years are assumed to be 

one. If they respond that they never quit and they do not smoke in the year the questions are 

asked, the individuals are presumed to be nonsmokers in previous years. Respondents who 

reported quitting within the previous year are recorded as smokers in the previous year and 

respondents are assigned as daily smokers from 1979 to the year they quit.  

Not all the respondents answer the quitting smoking question. For the missing years, 

earlier and later years’ information, the average assumption, is imputed. For example, the 

smoking information for the 1985, 1986 and 1987 years are presumed to be the same in 1984, 

and smoking information for 1988-1991 is the same as 1992’s smoking information.10 

Levine et al. state that smokers often attempt to quit unsuccessfully. For example, using 

the 1991 NHIS survey, Levine estimates that over 40% of current smokers attempted to quit 

                                                 
10 If some of the respondents smoke heavily on some days and do not smoke on the other days, my definition of daily smoking 
may not match that implied by the 1992, 1994 and 1998 survey years and it may lead to some false transitions in smoking status 
between the survey years. However, using data from the 1991 National Health Interview Survey, Levine estimates that frequency 
of heavy smoking on some days and not smoking on other days is only 4% for individuals between the ages of 26 and 33, the 
same age as NLSY respondents in that year. 
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smoking in the previous year. Therefore, to observe the effects of smoking in longer periods and 

to minimize the measurement error of imputations, some additional smoking variables are 

created by considering the smoking behavior of the respondents for the years in which smoking 

questions are asked; smoker (in all four years), non-smoker (in all four years), quitter, starter, 

young-experimenter (only smoked during the year 1984) and unsuccessful quitter (quit before 

but started again). 

Table 3 shows that 35% of the sample is daily smokers and 13% of the respondents 

smoked in all four years in which the smoking questions are asked. Figure 4 shows that the 

percentages of daily smokers, heavy smokers, and light smokers are decreasing over time. 

Percentages are high in first couple of years due to young experimenters. After 1990, although 

the number of respondents who answer the smoking questions in each survey year varies little, 

there are slight increases or decreases in the percentages because most of the current smokers 

attempt to quit smoking in these years. However, as Levine asserts, their attempts are often 

unsuccessful. 

Table 3. Person-year observations 
Daily smoker 39,699 (32%) 
Light smoker 18,756 (15%) 
Heavy smoker 20,666 (17%) 
Ever smoked daily 58,823 (47%) 
Smoker 15,709 (13%) 
Non-smoker 53,848 (43%) 
Quitter 4,890 (4%) 
Starter 4,301 (3%) 
Young Experimenter 7,260 (6%) 
Unsuccessful Quitter 10,154 (8%) 
 125,264 
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5.3. Average Wages and Prevalence of being Employed by Risk Factor Characteristics: 
 

Table 4 shows the average wages and prevalence of employed/unemployed individuals of 

my sample by single characteristics and demographic groups. According to Table 4, blacks and 

Hispanics are more likely to be unemployed than whites. Only 67% of females are employed 

which is around 15% less than employed males. Further, the average wage of black workers is 

$2.26 less than white workers and $0.90 less than Hispanic workers. Females receive an average 

of $12.53, which is $3.10 less than for males. 

Table 4 also demonstrates the wage penalties for individuals having health risk behaviors. 

For example, daily smokers in all years receive $14.40, which is $4.35 less than nonsmokers. 

Binge drinkers receive an average of $15.63, which is lower than the average of nondrinkers and 

the average of light to moderate drinkers. My sample consists of individuals from the early age 

of 18 to the oldest age of 46, and the obesity rates in early survey years are low as the real wage 

rates. Hence, the descriptive analyses are done for the survey years after 1990 in order not to 

conclude wrongly that obesity has a positive wage effect. Table 4 shows that the average wage of 

obese workers is $16.19 which is almost $2.00 less than nonobese workers. Moreover, the table 

also reveals that daily smokers, binge drinkers, and obese individuals are less likely to be 

employed than non-smokers, light to moderate drinkers, and the non-obese.  

The descriptive statistics for the combined risk factor groups support the importance of 

controlling for one health behavior when exploring the wage effect of another behavior since 

attaching to another health risk behavior increases the wage penalty or the prevalence of being 

unemployed. For instance, the average wage for obese workers is $16.77 when they are also 

nonsmokers, but the average wage decreases to $13.96 for obese workers as they become 
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Table 4. Average Real Wages by Single Characteristics and Demographic Groups 

 
Average Wages (After 1990) Prevalence of Employment 

Variables 

 
% Wage S.D. % Employed, 

% 
Unempl., 
% 

Full sample 100 17.65 23.331 100 74.16 9.22
By Single Characteristics        
Whites 52.96 19.47 25.524 38.77  90.73   3.97
Blacks 28.41 14.92 20.755 27.19  67.04 13.85
Hispanics 18.63 16.80 20.020 17.53  71.54   8.78
Males 52.43 19.59 25.393 49.32  81.99   9.92
Females 47.57 15.53 20.628 50.68  66.54   8.55
Smokers-all years 13.54 14.44 19.943 12.84  69.21 11.55
Nonsmokers-all years 50.54 19.33 25.277 40.15  79.26   6.67
Daily smokers (Smokers) 26.01 14.60 19.170 33.22  68.28 12.64
Non-daily smokers (Nonsmokers) 70.07 18.75 24.388 61.38  77.31   7.52
Obese 22.69 16.19 20.724 13.21  72.65   8.14
Nonobese 75.32 18.17 24.158 84.16  74.47   9.38
Drinker 61.65 18.81 24.595 63.25  78.68   9.19
Nondrinker 36.14 15.76 20.876 36.75  66.37   9.27
Binge drinker (B.Drinker)   9.74 15.63 18.772 12.18  76.80 12.22
By Combined Combined Characteristics 
Nonobese & Nonsmoker 51.75 19.49 25.307 50.63 77.86   7.57 
Obese & Nonsmoker 16.96 16.77 21.438   9.28 77.73   7.40 
Nonobese & Smoker 20.54 14.78 20.167 29.04 68.42 12.89 
Obese & Smoker   5.06 13.96 15.337   3.39 66.92 10.36 
Nondrinker & Nonsmoker 27.28 16.14 19.985 25.03 69.54   8.34 
Nondrinker & Smoker   7.60 14.16 22.156   9.41 57.94 12.19 
B.Drinker & Nonsmoker 4.994 17.13 19.851   5.34 81.18   9.85 
B.Drinker & Smoker 4.368 13.95 17.514   6.21 72.87 14.46 
Nondrinker & Nonobese 25.22 16.07 20.961 29.48 66.26   9.51 
Nondrinker & Obese   9.97 15.01 20.024   6.05 66.59   8.38 
B.Drinker & Nonobese   7.48 15.81 18.898 10.43 76.93 12.40 
B.Drinker & Obese   2.16 15.15 18.725   1.46 76.75 10.05 
Nonobese & Nonsmoker & Nondrinker 18.53 16.61 20.136 19.67 69.74   8.55 
Nonobese & Nonsmoker & B.Drinker   3.65 17.54 18.639   4.45 81.45 10.02 
Nonobese & Smoker & Nondrinker   5.75 14.29 23.247   8.01 57.62 12.42 
Nonobese & Smoker & B.Drinker   3.55 14.11 19.101   5.46 73.03 14.59 
Obese & Nonsmoker & Nondrinker   7.98 15.05 18.472   4.60 68.66   7.67 
Obese & Nonsmoker & B.Drinker   1.30 16.23 22.918   0.79 79.80   8.71 
Obese & Smoker & Nondrinker   1.73 13.83 19.054   1.18 58.76 11.22 
Obese & Smoker & H.B.Drinker   0.78 13.29 8.282   0.59 71.96 11.90 
The sample for wage analyses contains 125,264 person-year observations and the sample for unemployment analyses contains 
119,033 person-year observations. Wages are in year-2003 dollars. 
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smokers. Further, the prevalence of binge drinkers being unemployed is around 12.22%. The 

percentage of unemployment for binge drinkers rises to about 14.46% when they are also 

smokers, but the percentage decreases to 9.85% for binge drinkers as they become nonsmokers. 

Although the correlations between the health risk behaviors are low in my sample 

(highest is 0.25 between binge drinking and daily smoking, and the lowest is -0.09 between 

being obese and binge drinking) due to the panel data properties of the data, descriptive statistics 

still assert that these health risk behaviors tend to cluster. For example, drinkers are less likely 

than nondrinkers to be obese (Z test=8.55). Additionally, obese people are less likely to be 

drinkers than non-obese people (Z test=7.78). Furthermore, smokers are less likely than 

nonsmokers to be obese, and the obese persons are less likely to than the nonobese persons to be 

smokers (Z test=10.02). Moreover, smokers are more likely to be drinkers, and drinkers are more 

likely to be smokers (Z test=15.45). To control for all the possible factors that may be correlated 

with health risk behaviors and wages/unemployment, multivariate regressions are employed. A 

set of standard covariates (Table A1) which are used in most wage/unemployment regressions in 

the literature, and several supplemental covariates (Table A2) are included into the multivariate 

regression analyses.11 

6. Results: 

6.1. Results when All Three Behaviors are Considered in the Same Analysis: 

The main aim of this study is to demonstrate that obesity, smoking, and binge drinking 

behaviors are correlated or tend to cluster, so their effects on wages or on unemployment are not 

measured accurately in analyses that consider only one or two. Cigarette smoking, excessive 

                                                 
11 See appendix for the full set of standard and supplementary variables used in regression analyses. 
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alcohol use and poor eating habits tend to reinforce each other (Betts, 2000), and it is known that 

smokers are less likely to be obese. Although previously the combined effects of obesity and 

smoking, and the combined effects of smoking and drinking have been analyzed in the 

economics literature, no author has considered the effects of all three risk factors on labor market 

outcomes at the same time and in the same analysis. 

With the intention of observing the changes in the effects of these behaviors on wages or 

on the likelihood of being unemployed, four different regressions are run by using the OLS for 

wages and the probit regression model for unemployment analyses. In the first three regression 

analyses, each risk factor is included on the right-hand side of the wage or the unemployment 

model in addition to standard and most commonly used explanatory variables, but without the 

other two risk factors. All three health risk factors are included and controlled for each other in 

the last model. Table 5 shows the effects of these three health risk behaviors on log wages and 

Table 6 shows the probit estimates of the risk behaviors on the probability of being unemployed 

for males and females separately. 

Table 5: The effects of obesity, daily smoking and binge drinking on log wages when different 
specifications are used 
 Males Females 
OLS results: Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

Obese 
-0.023 
(0.017) 

 
 

 
 

-0.038 ** 
(0.016) 

-0.119 *** 
(0.018) 

 
 

 
 

-0.128 ***

(0.018) 

Daily smoker 
 
 

-0.079 *** 
(0.012) 

 
 

-0.085 ***

(0.012) 
 
 

-0.026 ** 
(0.012) 

 
 

-0.032 ***

(0.011) 
Binge 
Drinker 

 
 

 
 

0.009 
(0.012) 

0.019 * 
(0.011) 

 
 

 
 

-0.032 * 
(0.018) 

-0.022 
(0.019) 

Adj R2 0.266 0.267 0.266 0.273 0.258 0.257 0.257 0.262 
Regression models contain 65,365 person-year observations for males and 59,899 person-year observations for females. Clustered robust 
standard errors are in parentheses. Sampling weights are controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * 
Significant at the 0.10 level. See Table A1 for other explanatory variables. 
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 Table 5 illustrates that the estimates noticeably change when these health risk factors are 

controlled for each other. Specifically, the results reveal that the wage effect of obesity is 

underestimated if one fails to control for the smoking and drinking behaviors of males. The 

coefficient of obesity decreases from -0.023 to -0.038 and becomes statistically significantly 

different from zero at the 0.05% level (P value=0.032). Moreover, the wage effects of binge 

drinking is underestimated for males (estimate is positive) and overestimated for females if 

alcohol use of the respondents is considered individually. The positive estimate of binge drinking 

increases and becomes statistically significant at the 0.10 level (P value=0.024) for males, and 

the binge drinking wage penalty decreases and becomes insignificant for females (P 

value=0.029).12 

Table 6: The effects of obesity, daily smoking and binge drinking on the likelihood of being 
unemployed when different specifications are used 
 Males Females 
Probit 
results: Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

Obese 
0.037 
(0.044) 
[0.004] 

 
 

 
 

0.078 * 
(0.041) 
[0.009] 

0.052 
(0.047) 
[0.006] 

 
 

 
 

0.073 * 
(0.042) 
[0.009] 

Daily smoker 
 0.212 *** 

(0.027) 
[0.024] 

 
 

0.217 *** 
(0.027) 
[0.025] 

 0.185 *** 
(0.028) 
[0.023] 

 
 

0.187 *** 
(0.028) 
[0.024] 

Binge 
Drinker 

  
 

0.056 ** 
(0.027) 
[0.007] 

0.024 
(0.026) 
[0.002] 

  
 

0.126 *** 
(0.046) 
[0.018] 

0.085 * 
(0.048) 
[0.011] 

Regression models contain 64,712 person-year observations for males and 54,321 person-year observations for females. People who 
reported their employment status as out of labor force are excluded from the analyses. Clustered robust standard errors are in parentheses. 
Marginal effects are in brackets. Sampling weights are controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * 
Significant at the 0.10 level. See Table A1 for other explanatory variables. 

 

                                                 
12 To support my ideas, the first three models are compared to the fourth model by using F-tests. All F-test values are greater than 
20, thus, the data gives evidence of a statistically significant departure from the reduced model to the full model, and all three 
health risk variables should be included in the analysis. Moreover, the argument is also supported since adjusted R2 increases 
each time when an additional risk factor is controlled for, for both males and females. 
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 Similar to the results of wage analyses, Table 6 illustrates that failing to include one or 

more of health behaviors in unemployment regressions would lead to an underestimation of the 

impacts of being obese and an overestimation of the effect of heavy binge drinking for both males 

and females. Specifically, the estimates of the obesity coefficients for males and females increase and 

become statistically significantly different from zero at the 10% level when smoking and binge 

drinking behavior of individuals are controlled for (P values are 0.019 and 0.027 for males and 

females, respectively). Further, the estimates of binge drinking and their significance levels decrease 

when obesity and smoking behaviors are included in the same regression for both genders (P values 

are 0.013 and 0.017 for males and females, respectively).13 

6.2. Endogeneity of the Health Risk Behaviors: 

 The OLS estimates in wage analyses and the probit estimates in unemployment analyses do 

not correctly characterize the effects of obesity, smoking or binge drinking since health risk 

behaviors may be endogenous: wages may simultaneously affect risk behaviors of the individuals, or 

missing or unobservable determinants of both risk behaviors and wages/unemployment may be 

correlated. In order to limit the potential for heterogeneity bias or the issue of omitted variables 

and to control more widely for individual background characteristics that might affect labor 

market outcomes, firstly the supplemental background variables are included into the 

employment analyses.14 

                                                 
13 To support my ideas, above models are compared by using likelihood ratio tests which test the null hypothesis that removing 
some variables (namely obesity, smoking or binge drinking) has no effect; it does not lead to a poorer fitting model. The chi 
square statistics for all comparisons are above or very close to 10 and the corresponding P values are less than 0.05 which are 
statistically significant. This means that the health risk factors that were removed to produce the reduced models resulted in a 
model that has a significantly poorer fit, and therefore the variables should be included in the models. 
14 See Table A3 in Appendix for the results. Furthermore, to correct the possible specification error that might be created by 
employing numerous supplemental covariates, the Stata command ‘linktest’ is used which detects if the model is not properly 
specified. Further, to correct the possible multicollinearity problem, another Stata command ‘vif’ is employed. There seems to be 
no multicollinearity with health risk behaviors even when early marijuana-cocaine usage is included in the wage model. To 
reduce the multicollinearity, age and years of tenure are centered by subtracting the means from their predictor values before 
generating the square terms. 
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 To account for endogeneity, the Hausman-Taylor Instrumental Variable (HTIV) method 

is employed in wage analyses. The method appears the most appropriate for the purpose and 

sample in this study. In the presence of correlation between some covariates and the unobserved 

individual characteristics, this method produces consistent estimates contrary to the OLS model. 

Furthermore, in contrast to the conventional IV methods, there is no need for finding external 

instruments. Additionally, in contrast to the fixed effects model, the HTIV model allows 

producing the estimates for time-invariant covariates.15 Table 7 shows the results of the HTIV 

method when three health risk behaviors are considered individually and simultaneously for 

males and females separately. 

Table 7: The estimates of HTIV models of the effects of obesity, daily smoking and binge drinking on 
log wages when different specifications are used 
 Males Females 
HTIV 
results: Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

Obese 
-0.012  
(0.015)  

 
 

 
 

-0.017 
(0.012)  

-0.031 ** 
(0.014)  

 
 

 
 

-0.043 *** 
(0.013)  

Daily smoker   -0.045 ***  
(0.009) 

 
 

-0.048 *** 
(0.009)    -0.024 **  

(0.011) 
 
 

-0.025 ** 
(0.011)  

Binge 
Drinker 

   
 

-0.010 
(0.007) 

-0.006 
(0.007)     

 
-0.013  
(0.012) 

-0.007 
(0.013)  

Regression models contain 65,365 person-year observations for males and 59,899 person-year observations for females. Clustered robust 
standard errors are in parentheses. Sampling weights are controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * 
Significant at the 0.10 level. See Table A2 for other explanatory variables. 

 

 Table 7 illustrates that the wage effects of obesity and binge drinking are associated with 

endogeneity biases. In the HTIV models, the estimates of obesity for males and the estimates of 

binge drinking for both genders become statistically insignificant. Obesity has negative effects 

only on the wages of females (a penalty of 4.3%), smoking wage penalties are 4.8% and 2.5% 

for males and females, respectively, and binge drinking has no effect on wages for either gender. 
                                                 
15 See Appendix for the results of conventional IV methods, panel-data techniques and comparison of the OLS and HTIV 
methods. 
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Moreover, the results reveal that, once endogeneity is controlled for, the estimated parameters of 

obesity or binge drinking are not statistically significantly different whether these three risk 

behaviors are considered individually or simultaneously. Therefore, the biases in the OLS 

estimates are due to OLS’s failure to account for endogeneity. 

The probit estimates of unemployment analyses are also likely to be biased since the 

health risk behaviors may be endogenous. I addressed the potential endogeneity by using the 

multivariate probit method. This method appears to be the most appropriate for this study 

because conventional IV methods do not exploit fully the nonlinearity of unemployment 

model.16 Table 8 shows the results of the multivariate probit method when three health risk 

behaviors are considered individually and simultaneously for males and females separately. 

Table 8: The estimates of the multivariate probit models of the effects of obesity, daily smoking and 
binge drinking on unemployment when different specifications are used 
 Males Females 
 Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

Obese 
0.086 
(0.092) 
[0.008] 

 
 

 
 

0.155
(0.096) 
[0.016]

0.093
(0.091) 
[0.009]

 
 

 0.191 *
(0.099) 
[0.018]

Daily smoker  0.252 *** 
(0.051) 
[0.024] 

 
 

0.271 ***

(0.049) 
[0.025]

  0.118 *** 
(0.043) 
[0.015] 

 0.207 ***

(0.041) 
[0.018]

Binge 
Drinker 

  
 

0.056 *
(0.033) 
[0.007] 

0.039
(0.032) 
[0.002]

   
 

0.146 * 
(0.075) 
[0.012] 

0.102
(0.070) 
[0.008]

Regression models contain 64,712 person-year observations for males and 54,321 person-year observations for females. People who 
reported their employment status as out of labor force are excluded from the analyses. Clustered robust standard errors are in parentheses. 
Marginal effects are in brackets. Sampling weights are controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * 
Significant at the 0.10 level. See Table A2 for other explanatory variables. 

 

 Table 8 shows that the effects of the health risk behaviors on unemployment are 

associated with endogeneity bias associated with probit models.  Being obese increases the 

                                                 
16 See Appendix for the results of conventional IV methods, panel-data techniques and comparison of probit and multivariate 
probit models. 
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probability of being unemployed by 1.8% for females only, smoking increases the likelihood of 

being unemployed by 2.5% and 1.8% for males and females, respectively, and binge drinking 

appears to have no effect for either gender.17 Similar to wage analyses, when endogeneity is 

accounted for, the estimated coefficients of obesity or binge drinking are the same whether these 

three behaviors are considered individually or simultaneously for both genders. Therefore, the 

biases in the probit estimates are due to failure of probit to account for endogeneity. 

6.3. Sensitivity Analyses: 

6.3.1. Interactive/Additive Characteristics of Health Risk Behaviors: 

Previously, it has been assumed that the impact of one health risk behavior is the same 

regardless of another health risk behavior. The risk factors could be additive, for instance if 

health worsens when a binge drinker smokes or a smoker becomes obese; hence the wages may 

be decreased proportionally by poorer health. However, the health risk behaviors would not be 

additive, for example if they are due to the same unobserved factors (Baum et al., 2006). In order 

to investigate whether the effects of these risk behaviors are additive or interactive, four 

interaction terms are added into the wage and the unemployment regressions.18 Table 9 shows 

the effects of the health risk factors and their interactions on wages and on unemployment 

accounting for endogeneity by using the HTIV and multivariate probit models. 

The table shows that none of the interaction terms are statistically significantly different 

from zero; hence the effects of risk behaviors are not interactive. But, when interaction terms are 

                                                 
17 The correlations between the error terms in employment and obesity, smoking, and binge drinking equation (ρ12, ρ13 and ρ14) 
are statistically significantly different from zero, hence risk behaviors are endogenous, and the multivariate probit model should 
be used. 

18 Although no formal presence of multicollinearity is found with the health risk factors and their interactions, to reduce the 
unobserved potential multicollinearity, the health risk factor variables are centered by subtracting the means from their predictor 
values before generating the interaction terms. 
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included into the models, binge drinking estimates for males become statistically significant both 

in wage and unemployment analyses, which shows the significance of including interaction 

terms. If an individual is neither obese nor a smoker, being a binge drinker results in a 1.7% 

wage penalty and increases the probability of being unemployed by 0.5%. Hence, the effect of 

binge drinking could be correlated with the obesity and/or smoking behavior of the individual, 

for instance, if an obese or smoker already perceives discrimination, also becoming a binge 

drinker may not result in any additional discrimination. 

Table 9: The estimates of HTIV and Multivariate Probit models of the effects 
of obesity, smoking and binge drinking and their interactions on log wages 
and on unemployment, for males and females separately 
 HTIV Multivariate Probit 
 Males Females Males Females 

Obese 
-0.010 
(0.014)  

-0.051 *** 
(0.015)  

0.158
(0.097) 
[0.016]

0.195 * 
(0.100) 
[0.018] 

Daily smoker 
-0.051 *** 
(0.010)  

-0.031 *** 
(0.011)  

0.266 ***

(0.050) 
[0.025]

0.199 *** 
(0.041) 
[0.018] 

Binge Drinker 
-0.017 * 
(0.010)  

-0.034 
(0.021)  

0.051 *
(0.030) 
[0.005]

0.114 
(0.074) 
[0.010] 

Obese * Smoker 
0.039 
(0.025)  

0.005 
(0.057)  

-0.029
(0.097) 
[-0.002]

-0.075 
(0.075) 
[-0.006] 

Obese * Binge 
Drinker 

0.014 
(0.015)  

0.037 
(0.027)  

0.059
(0.114) 
[0.005]

-0.016 
(0.108) 
[-0.001] 

Smoker * Binge 
Drinker 

-0.001 
(0.022)  

0.023 
(0.023)  

-0.028
(0.053) 
[-0.002]

0.042 
(0.085) 
[0.003] 

Obese * Smoker * 
Binge Drinker 

0.001 
(0.041)  

0.070 
(0.077)  

0.063
(0.011) 
[-0.005]

0.088 
(0.092) 
[0.008] 

Regression models of wage analyses for males contain 65,365 person-year observations, for females 
contain 59,899 person-year observations.  Employment regression models contain 64,712 male and 
54,321 female person-year observations. People who reported their employment status as out of labor 
force are excluded from employment analyses. Marginal effects are in brackets. 
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6.3.2. Wage Comparisons: 

The impacts of three health risk factors on wages might vary across the wage structure 

with higher wage workers less likely to be affected, possibly because of the nature of their jobs, 

than lower wage workers or workers with less education, or vice verse. Table 10 displays the 

differences in the effects of three health risk factors on log wages at different points of the 

conditional wage distribution using simultaneous-quantile regression for males and females 

separately. 

Table 10. The estimates of Simultaneous Quantiles Regression model of the impact of obesity, 
smoking and binge drinking on log wages, for different quantiles separately, for males and 
females 
Males 10th Quantile 25th Quantile 50th Quantile 75th Quantile 90th Quantile 

Obese -0.004  
(0.016) 

-0.026 ** 
(0.011) 

-0.020 *** 
(0.007) 

-0.008 
(0.009) 

-0.015  
(0.011) 

Daily smoker -0.055 *** 
(0.010) 

-0.052 *** 
(0.005) 

-0.050 *** 
(0.004) 

-0.050 *** 
(0.004) 

-0.052 *** 
(0.011) 

Binge Drinker 
0.006 
(0.013) 

0.009 
(0.007) 

0.009  
(0.006) 

0.004 
(0.007) 

0.001 
(0.008) 

Females 10th Quantile 25th Quantile 50th Quantile 75th Quantile 90th Quantile 

Obese -0.091 ***  
(0.018) 

-0.076 *** 
(0.010) 

-0.071 *** 
(0.008) 

-0.059 *** 
(0.006) 

-0.055 ***  
(0.012) 

Daily smoker -0.010 
(0.010) 

-0.031 *** 
(0.006) 

-0.027 *** 
(0.005) 

-0.025 *** 
(0.006) 

-0.024 ***  
(0.005) 

Binge Drinker -0.003  
(0.031) 

0.013 
(0.017) 

-0.001  
(0.006) 

-0.020 ** 
(0.009) 

-0.010 
(0.011) 

Regression models contain 65,365 person-year observations for males and 59,899 person-year observations for females. 
Standard errors with bootstrapping with 500 replications are in parentheses. 

 

 The table reveals that the wage penalties for daily smoking are fairly constant over the 

wage distribution for both genders. However, obesity affects the wages of males and females 
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relatively more at lower quantiles, and there is no wage penalty for being a binge drinker for 

males and females at any quantile.19 

6.3.3. More Detailed Measures of Health Risk Behaviors: 

I also estimated wage and unemployment models using more detailed measures. The 

obesity dummy variable is divided into two dummies: ‘morbid obesity’ is defined as having a 

BMI of 35 or more and ‘mild obesity’ is defined as having a BMI of between 30 and 35. 

‘Smoker’ is defined as being a daily smoker in all years. A ‘young experimenter’ is an individual 

who smokes only in the 1984 survey year, when smoking questions are asked for the first time, 

and then quits smoking in later survey years. A ‘heavy smoker’ is defined as smoking more than 

20 cigarettes per day and a ‘light smoker’ is someone who smokes at least one but less than 20 

cigarettes per day. The ‘Current drinker’ dummy variable is equal to one if the respondent drinks 

any alcoholic beverage in the previous month. ‘Heavy drinking’ is defined as drinking 6 or more 

drinks in one to three occasions in the previous month. The results for both genders are displayed 

in Table 11. 

The results demonstrate that smokers are a heterogeneous group of people: the wage and 

unemployment effects of persistent smokers are different than the effect of starters, and quitters 

and young experimenters seem to have no effect on wages or unemployment. Furthermore, even 

though mild or morbid obesity leads to wage penalties and a higher likelihood of unemployment 

for females, only morbid obesity appears to affect the wages and the likelihood of being 

unemployed of males. Moreover, contrary to the previous literature, drinking is found to have no 

                                                 
19 A Hausman test fails to reject the hypothesis that the full set of daily smoking coefficients are equal at the five quantiles for 
males and females. Another Hausman test that tests the null hypothesis that all obesity coefficients are equal at the five quantiles 
rejects the null hypothesis for both genders. The insignificant wage effects of obesity for males and daily smoking for females at 
the 10th quantile could possibly be due to the unstable working characteristics of the individuals that they might be working in 
different jobs as part-time or it could be because they may be working in jobs that offer low wages but less or no discrimination 
against obese or smoker in hiring or firing conditions. 
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positive effect on wages or any effect on unemployment for either gender when endogeneity is 

accounted for. 

Table 11: The estimates of HTIV and Multivariate Probit models of the effects 
of more detailed measures of health risk behaviors on log wages and 
unemployment, for males and females separately 
 HTIV Multivariate Probit 
 Males Females Males Females 

Smoker  
-0.059 *** 
(0.008)  

-0.031 *** 
(0.009)  

0.289 ***

(0.045) 
[0.027]

0.212 *** 
(0.039) 
[0.019] 

Quitter  
0.031 
(0.030)  

-0.007 
(0.031)  

0.032
(0.045) 
[0.003]

0.015 
(0.036) 
[0.001] 

Starter  
-0.063 * 
(0.032)  

-0.024 
(0.030)  

0.106 **

(0.046) 
[0.009]

0.085 ** 
(0.035) 
[0.007] 

Young 
Experimenter  

-0.019 
(0.026)  

-0.022 
(0.023)  

0.075
(0.055) 
[0.006]

0.009 
(0.047) 
[0.001] 

Unsuccessful 
Quitter  

-0.051 ** 
(0.021)  

-0.014 
(0.021)  

0.178 **

(0.071) 
[0.015]

0.089 
(0.068) 
[0.007] 

Mild Obese  
0.007 
(0.013)  

-0.029 ** 

(0.014)  
0.077
(0.096) 
[0.007]

0.126 * 
(0.078) 
[0.011] 

Morbid Obese  
-0.029 ** 
(0.015)  

-0.075 *** 
(0.020)  

0.196 *
(0.102) 
[0.018]

0.261 *** 
(0.109) 
[0.024] 

 Light Smoker  
-0.061 *** 
(0.010)  

-0.018 * 
(0.011)  

0.168 ***

(0.038) 
[0.016]

0.164 *** 
(0.044) 
[0.015] 

 Heavy Smoker  
-0.031 *** 
(0.011)  

-0.043 *** 
(0.014)  

0.302 ***

(0.057) 
[0.028]

0.233 *** 
(0.041) 
[0.021] 

Current Drinker  
0.007 
(0.006)  

0.013 
(0.009)  

-0.073
(0.053) 
[-0.006]

-0.085 
(0.055) 
[-0.07] 

Heavy Drinker  
0.005 
(0.006)  

0.004 
(0.007)  

-0.016
(0.026) 
[-0.001]

-0.009 
(0.037) 
[-0.001] 

Regression models of wage analyses for males contain 65,365 person-year observations, for females 
contain 59,899 person-year observations.  Employment regression models contain 64,712 male and 
54,321 female person-year observations. People who reported their employment status as out of labor 
force are excluded from employment analyses. 
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6.3.4. Ethnic/Racial Differences: 

To conduct a richer examination of ethnic/racial differences of health risk behavior wage 

penalties, I separated whites, blacks and Hispanics into subsamples and examined the wage 

effects separately. The results are displayed in Table 12. 

Table 12: The estimates of Hausman-Taylor IV models of the impact of obesity, smoking 
and heavy binge drinking on log wages, for whites , blacks and Hispanics separately 

 Males Females 
 Whites Blacks Hispanics Whites Blacks Hispanics 

Obese 0.005  
(0.016)  

0.004 
(0.023) 

-0.001 
(0.027) 

-0.062 *** 
(0.018) 

-0.024  
(0.025)  

-0.017 
(0.031) 

Daily smoker -0.041 ***  
(0.012)  

-0.070 *** 
(0.018) 

-0.037 * 
(0.020) 

-0.031 ** 
(0.013) 

-0.006  
(0.022)  

-0.033 
(0.027) 

Binge Drinker -0.018 **  
(0.008)  

0.002 
(0.016) 

0.025 
(0.015) 

-0.018 
(0.015) 

0.022  
(0.032)  

-0.008 
(0.035) 

Regression models contain 65,365 person-year observations for males and 59,899 person-year observations for females.
 

 The table reveals that smoking has wage penalties for all subsamples of males but affects 

the wages of only white females. Further, there appears to be an obesity wage penalty only for 

white females, and a binge drinking wage penalty only for white males. However, the results 

must be assessed with caution since the person-year observations of blacks and Hispanics are 

relatively smaller than whites in my sample. 

6.3.5. Public-Private Sector Differences: 

The effects of obesity, smoking, and binge drinking on wages are also examined for 

private and public sector workers separately. In public sector, wages are generally determined by 

a priority, thus the sector is a relatively compact and fixed wage sector. On the contrary, wages 

of the private sector workers are determined by the employer, so workers are more exposed to 

wage discrimination in a private sector. Table 13 displays the estimates of the three health risk 

behaviors on wages of males and females working in a private or public sector, separately. 
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Table 7: The estimates HTIV models of the effects of obesity, smoking and 
binge drinking on log wages, for public and private sector workers 
separately 
 Males Females 
 Private Public Private Public 

Obese 0.021  
(0.015) 

0.016 
(0.025) 

-0.036 ** 
(0.017) 

-0.006  
(0.026)  

Daily smoker -0.045 *** 
(0.012) 

-0.039 * 
(0.021) 

-0.036 *** 
(0.013) 

-0.031  
(0.026)  

Binge Drinker -0.008  
(0.008) 

0.037 
(0.023) 

-0.020 
(0.015) 

0.005  
(0.040)  

Regression models contain 65,365 person-year observations for males and 59,899 person-year 
observations for females. 

 

The table shows evidence of wage penalties for being obese or a smoker for females and 

a smoking wage penalty for males in private sector jobs. However, in the public sector, only 

males face lower wages only due to smoking, which proves the argument that private sector jobs 

are more prone to wage penalties. 

7. Conclusions and Discussion: 

This paper aims to find the joint effects of obesity, smoking and binge drinking on labor 

market outcomes, using the National Longitudinal Survey of Youth data. The main objective of 

this study is to show that the effects of obesity, smoking and binge drinking on wages or on 

unemployment are not measured accurately in analyses that consider only one or two health 

behaviors since these behaviors are correlated or tend to cluster. The OLS results of wage 

analyses reveal that the wage effect of obesity is underestimated for males, and the wage effects 

of binge drinking is underestimated for males (estimate is positive) and overestimated for 

females if one fails to control for other health risk behaviors in the analyses. Similarly, the probit 

results of unemployment analyses illustrate that failing to include one or more of the health 
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behaviors in unemployment regressions would lead to an underestimation of the impact of being 

obese and an overestimation of the effect of binge drinking for both genders. 

However, the OLS and probit estimates do not correctly characterize the effects of 

obesity, smoking, or binge drinking since these behaviors may be endogenous. I address the 

potential endogeneity by employing the Hausman-Taylor instrumental variable (HTIV) method 

in wage analyses and the multivariate probit method in unemployment analyses. The results 

illustrate that the wage and unemployment effects of risk behaviors are associated with 

endogeneity biases. Further, when endogeneity is controlled for, the estimated parameters of 

obesity or binge drinking are not statistically significantly different whether these behaviors are 

considered individually or simultaneously. Moreover, the results show that obesity has negative 

effects only on the wages of females (a penalty of 4.3%), and smoking wage penalties are 4.8% 

and 2.5% for males and females, respectively. Being obese increases the probability of being 

unemployed by 1.8% for females only, and smoking increases the likelihood of being 

unemployed by 2.5% and 1.8% for males and females, respectively. However, binge drinking 

appears to have no effect on wages or unemployment for either gender. 

I have also conducted several sensitivity and robustness analyses on the labor market 

effects of obesity, smoking, and binge drinking. Firstly, this study examines whether the effects 

of the three health risk behaviors on wages or unemployment are interactive. None of the 

interaction terms are statistically significantly different from zero; hence the effects of risk 

behaviors are not interactive. However, when interaction terms are included into the models, 

binge drinking estimates for males become statistically significant both in wage and 

unemployment analyses which shows the significance of including interaction terms in 
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regressions. Hence, binge drinking affects the wage of a male or probability of being 

unemployed if he is neither obese nor a smoker. 

I examined whether the impacts of these risk factors on wages might vary across the 

wage structure using quantile regressions. The results reveal that the wage penalties for daily 

smoking are fairly constant over the wage distribution for both genders. However, obesity affects 

the wages of males and females relatively more at lower quantiles, and there is no wage penalty 

for being a binge drinker for males and females at any quantile. 

I also estimated wage and unemployment models using more detailed measures. My 

results when endogeneity is addressed demonstrate that smokers are a heterogeneous group of 

people: the wage and unemployment effects of persistent smokers are different than starters, 

quitters or young experimenters. Furthermore, obesity appears to affect the wages and the 

likelihood of being unemployed of males only at the extremes. Moreover, contrary to the 

previous literature, drinking is found to have no positive effect on wages or on unemployment 

for either gender when endogeneity is accounted for. 

I separated whites, blacks, and Hispanics into subsamples to conduct a richer examination 

of ethnic/racial differences. I found that, although smoking has wage penalties for all 

subsamples, obesity affects the wages of only white females, and binge drinking affects wages of 

only white males. 

Lastly, health risk behaviors may affect the wages of individuals working in private 

sector more than those working in the public sector. I find evidence of wage penalties for being 

obese or a smoker in private sector jobs. However, in the public sector, only males face lower 

wages only due to smoking. 
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My results draw attention to methodological issues involved in estimating relationships 

between health risk behaviors and labor market outcomes, especially the need to account for 

unobserved heterogeneity or endogeneity. Failure to consider the endogeneity or unobserved 

factors that affect wages/unemployment and risk behaviors could lead to incorrect inferences. 

However, the study has some limitations. For instance, currently I am extending the analyses by 

using semi-parametric estimators to avoid making strong functional form and/or distributional 

assumptions. Furthermore, relying on self-reported alcohol or cigarette consumption may lead to 

biases since respondents may give inaccurate or biased information. Also, defining obesity as 

having BMI of 30 or more could result in a bias since BMI is a poor predictor of body fat. I plan 

to re-define these health risk behaviors and re-examine the labor market effects using these new 

measures. 

The findings have direct implications and policy proposals for the labor market behavior 

of obese individuals, smokers and excessive alcohol users. The current study can also be 

expanded to give more insight for policy makers. For instance, I plan to combine the results of 

wage and unemployment effects of these three health risk behaviors to examine their total effects 

on life-time earnings of the individuals. Also, I want to focus on the impacts of health behaviors 

on spells of unemployment using duration regression specifications. In one line of work, I plan to 

analyze whether changes in these behaviors over time may lead to different results. For example, 

it can be examined to see if people who lose/gain weight, or who currently smoke, or who 

currently drink experience different outcomes from those who have or don't have those behaviors 

consistently throughout the time period. In another line of work, I plan to expand this work by 

considering additional labor market outcomes such as educational attainment or total number of 

jobs of the individuals. 
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Appendix: 

Table A1. Descriptive statistics of standard variables 
 Variables Mean Std. Dev. 
Dependent Variables 
Wage Wage, in 2003 $ 14.79 50.081 
 Wage, Averett, in 2003 $ 13.67 11.278 
 Wage, Cawley, in 2003 $ 14.15 18.444 
 Log wage, Cawley, in 2003 $   2.37 0.737 
Employment Employed, % 74.16  
 Unemployed, %   9.22  
 Out of labor force, % 16.62  
 Part-time employed, %   7.14  
 Full-time employed, % 67.02  
 Self-employed, %   5.07  
 Employed-not-self, % 69.09  
    
Explanatory Variables 
Obesity Variables Obese, % 15.27  
 Mild obese, % 10.51  
 Morbid obese, %   4.76  
 Body mass index, kg/m2 25.34 4.965 
 Overweight, % 33.23  
 Normal, % 45.71  
 Underweight, %   5.80  
Drinking Variables Current drinker, % 66.47  
 Binge drinker, % 12.01  
 Heavy drinker, % 31.17  
Smoking Variables Smoker, % 12.54  
 Nonsmoker, % 42.99  
 Quitter, %   3.90  
 Starter, %   3.43  
 Young experimenter, %   5.80  
 Unsuccessful quitter, %   8.11  
 Daily smoker, % 33.35  
 Light smoker, % 15.77  
 Heavy smoker, % 17.37  
Personal Characteristics   
Age Age, years 28.66 6.648 
Race-Ethnicity Black, % 25.86  
 Hispanic, % 17.28  
 Non Black non Hispanic, % 56.86  
Gender Male, % 52.18  
Marital Status Married, % 44.82  
 Separated-divorced-widowed, % 12.80  
 Never married, % 42.38   
Children Children in household   0.86 1.111 
Family Size Family size   3.17 1.764 
Health Status Health limitation for work, %   6.62  
Acquired Human Capital   
Education Variables Education Level, years 12.71 2.291 
 Less than high school, %   3.28  
 Some high school, % 12.14  
 High school, % 48.13  
 More than high school, % 36.42  
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 Variables Mean Std. Dev. 
 Some college, % 20.22  
 College or more, % 16.20  
Experience Experience, years   7.41 4.948 
Tenure Tenure, years   3.39 4.084 
Nonwage Income Nonwage income, in 2003 $ 17,308.98 46,257.853 
Environmental Conditions   
Residence South, % 39.49  
 Northeast, % 17.61  
 West, % 19.47  
 North central, % 23.43  
Urban-Rural Urban, % 78.64  
 Rural, % 21.36  
Labor Market Conditions   
Unemployment Rate Unemployment rate, 0-6% 41.42  
 Unemployment rate, 6-9% 36.16  
 Unemployment rate, 9% 22.42  
Wage and log wage are hourly measures. Body mass index (BMI) is weight/(height2). Separated-divorced-
widowed dummy equals one if the respondent is separated or divorced or widowed. Children dummy is the 
number of children in household. Health limitation for work equals to one if the current health of respondent 
limits the kind or amount of work respondent can do. Education level is the highest grade in school respondent 
completed. South, northeast, west and north central dummies equal to one if the respondent’s current residence is 
in south, northeast, west and north central, respectively. Urban and south are equal to one if the respondent’s 
current residence is urban or south. Experience is cumulative hours worked since respondent completed 
schooling. Tenure is total years of tenure with employer. Nonwage income is total net family income minus total 
income from wages and salary. 

 

 

Table A2. Descriptive statistics of supplemental background variables 
 Variables Mean Std. Dev. 
Supplemental Background Variables 
Personal Characteristics   
Native Born Native born, % 93.21  
Foreign Language Foreign language, %   1.57  
AFQT Score AFQT score 37.60 27.562 
Rotter External Control 
Score 

Rotter score   8.75 2.409 

Rosenberg Self-Esteem 
Score 

Rosenberg score 33.17 3.977 

Attitudes Towards Family 
Roles Score 

Attitudes towards family roles score 16.52 3.316 

Shyness Shyness, % 29.09  
Anyone Present During 
Survey 

Anyone present, % 20.47  

Substance Use   
Marijuana or Cocaine Use Marijuana, 0, % 70.78  

Marijuana, 1, % 16.07  
 Marijuana, 2-3, % 10.47  
 Marijuana, 4-5, %   2.69  
Childhood   
Foreign Language in 
Childhood 

Foreign language in childhood, % 22.41  

Lived with Both Parents Lived with parents (at age 14), % 67.44  
Received Magazine Magazine (at age 14), % 53.71  
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 Variables Mean Std. Dev. 
Received Newspaper Newspaper (at age 14), % 74.12  
Received Library Card Library card (at age 14), % 68.60  
Lived in South South (at age 14), % 36.35  
Lived in Urban Urban (at age 14), % 78.56  
Illegal Activity in 1980 Illegal activity, 1980, % 35.74  
Family    
Age of Youngest Child No children, % 52.37  
 Youngest child, 0-1, %   8.67  
 Youngest child, 1-5, % 22.89  
 Youngest child, 5-, % 16.07  
Number of Siblings No sibling, %   2.86  
 1 sibling, % 12.03  
 2-3 siblings, % 37.76  
 4 or more siblings, % 47.35  
Older Sibling Older sibling, % 76.93  
Family in Poverty Family poverty status, % 12.14  
Family Information    
Mother’s Work Information Mother worked part-time (at age 14), % 16.41  

Mother worked full-time (at age 14), % 40.88  
Father’s Work Information Father worked part-time (at age 14), %   3.70  

Father worked full-time (at age 14), % 71.11  
Mother’s Education Mother, less than high school, % 19.48  
 Mother, some high school, % 23.04  
 Mother, high school, % 37.04  
 Mother, more than high school, % 13.70  
 Mother’s education missing, %   6.74  
Father’s Education Father, less than high school, % 22.74  
 Father, some high school, % 15.66  
 Father, high school, % 28.91  
 Father, more than high school, % 17.59  
 Father’s education missing, % 15.10  
Environmental Conditions   
SMSA Variables Not in SMSA, % 23.12  
 SMSA, in central city, % 17.89  
 SMSA, not in central city, % 30.61  
 SMSA, central city unknown, % 28.37  
Work Information    
Experience Experience, years   5.95 4.362 
Tenure Tenure, years   2.46 3.270 
Nonwage Income Nonwage income, in 2003 $ 17,308.98 46,257.853 
Native born is equal to one if respondent is born in the US. AFQT is the armed forces qualifications test given in 
1980 (between 1-100). Rotter score (between 4 and 16): higher score means higher external control, lower score 
means higher internal control. Rosenberg self-esteem score (between 10 and 40): lower score denotes lower self-
esteem. Attitudes towards family roles score (between 8 and 32): lower score indicates non-traditional views. 
Anyone present is if anyone was present during the survey. Marijuana questions are asked in 5 times, Marijuana, 0 
is never used, Marijuana, 1 is answered positively only once, Marijuana, 2-3 means twice or three times, 
Marijuana, 4-5 is 4 or 5 times. Magazine and newspaper indicate if someone in respondent’s household receives at 
least one magazine or newspaper subscription. Family poverty status is 1 if family is in poverty. White collar is 1 
if respondent’s occupation is professional, technical, manager, official, proprietor, sales worker or clerical. 
Experience is cumulative hours worked since respondent completed schooling. Tenure is total years of tenure with 
employer. Nonwage income is total net family income minus total income from wages and salary. 
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Table A3: The OLS estimates of the effects of obesity, smoking and binge drinking on log 
wages, with standard covariates only, and with standard and supplemental covariates 
 Males Females 

OLS results: Standard Standard + 
Supplemental Standard Standard + 

Supplemental 

Obese -0.038 **  
(0.016)  

-0.022  
(0.014)  

-0.128 *** 
(0.018) 

-0.096 ***  
(0.016)  

Daily smoker -0.085 ***  
(0.012)  

-0.074 ***  
(0.011)  

-0.032 *** 
(0.011) 

-0.023 **  
(0.011)  

Binge Drinker 0.019 *  
(0.011)  

0.017 *  
(0.010)  

-0.022 
(0.020) 

-0.007  
(0.016)  

Regression models contain 65,365 person-year observations for males and 59,899 person-year 
observations for females. Clustered robust standard errors are in parentheses. Sampling weights are 
controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * Significant at the 0.10 level. 
See Table A1 and Table A2 for standard and supplementary covariates. 

 

Table A4: Probit estimates of the effects of obesity, smoking and binge drinking on 
unemployment, with standard covariates only, and with standard and supplemental 
covariates 
 Males Females 

Probit results: Standard Standard + 
Supplemental Standard Standard + 

Supplemental 

Obese 
0.078 * 
(0.041) 
[0.009] 

0.118 *** 
(0.039) 
[0.010] 

0.073 * 
(0.042) 
[0.009] 

0.026 
(0.038) 
[0.002] 

Daily smoker 
0.217 *** 
(0.027) 
[0.025] 

0.115 *** 
(0.026) 
[0.009] 

0.187 *** 
(0.028) 
[0.024] 

0.102 *** 
(0.027) 
[0.010] 

Binge Drinker 
0.024 
(0.026) 
[0.002] 

0.013 
(0.026) 
[0.001] 

0.085 * 
(0.048) 
[0.011] 

0.009 
(0.042) 
[0.001] 

Regression models contain 64,712 person-year observations for males and 54,321 person-year 
observations for females. People who reported their employment status as out of labor force are excluded 
from the analyses. Clustered robust standard errors are in parentheses. Marginal effects are in brackets. 
Sampling weights are controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * 
Significant at the 0.10 level. See Table A1 and Table A2 for standard and supplementary covariates. 

 

Table A5: The estimates of OLS and HTIV models of the effects of obesity, smoking and 
binge drinking on log wages, for males and females separately 
 Males Females 
 OLS HTIV OLS HTIV 

Obese -0.022  
(0.014)  

-0.017  
(0.012)  

-0.096 ***  
(0.016)  

-0.043 ***  
(0.013)  

Daily smoker -0.074 ***  
(0.011)  

-0.048 ***  
(0.009)  

-0.023 **  
(0.011)  

-0.025 **  
(0.011)  

Binge Drinker 0.017 *  
(0.010)  

-0.006  
(0.007)  

-0.007  
(0.016)  

-0.007  
(0.013)  

Regression models contain 65,365 person-year observations for males and 59,899 person-year 
observations for females. Clustered robust standard errors are in parentheses. Sampling weights are 
controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * Significant at the 0.10 level. 
See Table A2 for other explanatory variables. 
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Table A6: Probit and Multivariate Probit results of being unemployed for obesity, smoking 
and binge drinking, for males and females separately 
 Males Females 

 Probit Multivariate 
Probit Probit Multivariate 

Probit 

Obese 
0.118 *** 
(0.039) 
[0.010] 

0.155 
(0.096) 
[0.016] 

0.026 
(0.038) 
[0.002] 

0.191 * 
(0.099) 
[0.018] 

Daily smoker 
0.115 *** 
(0.026) 
[0.009] 

0.271 *** 
(0.049) 
[0.025] 

0.102 *** 
(0.027) 
[0.010] 

0.207 *** 
(0.041) 
[0.017] 

Binge Drinker 
0.013 
(0.026) 
[0.001] 

0.039 
(0.032) 
[0.002] 

0.009 
(0.042) 
[0.001] 

0.102 
(0.070) 
[0.008] 

Regression models contain 64,712 person-year observations for males and 54,321 person-year 
observations for females. People who reported their employment status as out of labor force are excluded 
from the analyses. Clustered robust standard errors are in parentheses. Marginal effects are in brackets. 
Sampling weights are controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * 
Significant at the 0.10 level. See Table A2 for other explanatory variables. 

 

Table A7. The estimates of IV and IV for fixed effects models of the effects of obesity, smoking and binge drinking on 
log wages, for males and females separately 
 Males Females 
 

  OLS   IV 
IV-Fixed 
Effects   OLS   IV 

IV-Fixed 
Effects 

Obese -0.022  
(0.014) 

-0.045 ** 
(0.019) 

-0.010 
(0.012) 

-0.096 *** 
(0.016) 

-0.123 ** 
(0.071) 

-0.026 * 
(0.013) 

Daily smoker -0.074 *** 
(0.011) 

-0.046 * 
(0.024) 

-0.037 *** 
(0.010) 

-0.023 ** 
(0.011) 

-0.035 ** 
(0.015) 

-0.013  
(0.010) 

Binge Drinker 0.017 * 
(0.010) 

0.022 
(0.020) 

0.005  
(0.008) 

-0.007 
(0.016) 

0.011 
(0.019) 

-0.005 
(0.013) 

Regression models for males contain 65,365 person-year observations. Regression models for females contain 59,899 person-year 
observations. Standard errors are in parentheses. Sampling weights are controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 
level. * Significant at the 0.10 level. See Table A2 for the list of explanatory variables. 
 

Table A8. The estimates of IV and IV for fixed effects models of the effects of obesity, smoking and binge drinking on 
unemployment, for males and females separately 
 Males Females 
 

  OLS   IV 
IV-Fixed 
Effects   OLS   IV 

IV-Fixed 
Effects 

Obese 
0.118 *** 
(0.039) 
[0.010] 

0.129  
(0.097)  
[0.011]  

0.066  
(0.057)  
[0.005]  

0.026 
(0.038) 
[0.002] 

0.138 *  
(0.072)  
[0.011]  

0.076  
(0.058)  
[0.006]  

Daily smoker 
0.115 *** 
(0.026) 
[0.009] 

0.211 **  
(0.101)  
[0.016]  

0.178 *  
(0.095)  
[0.014]  

0.102 *** 
(0.027) 
[0.010] 

0.198  
(0.117)  
[0.016]  

0.155 *  
(0.089)  
[0.11]  

Binge Drinker 
0.013 
(0.026) 
[0.001] 

0.022  
(0.033)  
[0.002]  

0.017  
(0.029)  
[0.001]  

0.009 
(0.042) 
[0.001] 

0.077  
(0.068)  
[0.006]  

0.042  
(0.048)  
[0.003]  

Regression models contain 64,712 person-year observations for males and 54,321 person-year observations for females. People who reported 
their employment status as out of labor force are excluded from the analyses. Clustered robust standard errors are in parentheses. Marginal 
effects are in brackets. Sampling weights are controlled. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * Significant at the 
0.10 level. See Table A2 for other explanatory variables. 
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Table A9. Fixed effects, between effects and random effects estimates of the impact of obesity, 
smoking and drinking measures on log wages, for “males” only 
Males: OLS Fixed Effects Between Effects Random Effects 

Obese -0.022  
(0.014) 

-0.013  
(0.015) 

-0.004 
(0.019) 

0.010 
(0.012) 

Daily smoker -0.074 *** 
(0.011) 

-0.037 *** 
(0.012) 

-0.058 *** 
(0.013) 

-0.050 *** 
(0.009) 

Binge Drinker 0.017 * 
(0.010) 

0.006 
(0.009) 

0.042 ** 
(0.018) 

-0.001 
(0.008) 

Regression models for males contain 65,365 person-year observations. Standard errors are in parentheses for 
between effects. Clustered robust standard errors are in parentheses for OLS, fixed effects and random effects. 
Sampling weights are controlled in OLS. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * 
Significant at the 0.10 level. See Table A2 for the list of explanatory variables. 

 

 

Table A10. Fixed effects, between effects and random effects estimates of the impact of 
obesity, smoking and drinking measures on log wages, for “females” only 
Females: OLS Fixed Effects Between Effects Random Effects 

Obese -0.096 *** 
(0.016) 

-0.031 * 
(0.017) 

-0.076 *** 
(0.020) 

-0.057 *** 
(0.013) 

Daily smoker -0.023 ** 
(0.011) 

-0.013  
(0.013) 

-0.005 
(0.013) 

-0.017 * 
(0.009) 

Binge Drinker -0.007 
(0.016) 

-0.005 
(0.015) 

-0.036 
(0.032) 

-0.009 
(0.013) 

Regression models for males contain 59,899 person-year observations. Standard errors are in parentheses for 
between effects. Clustered robust standard errors are in parentheses for OLS, fixed effects and random effects. 
Sampling weights are controlled in OLS. *** Significant at the 0.01 level. ** Significant at the 0.05 level. * 
Significant at the 0.10 level. See Table A2 for the list of explanatory variables. 

 

 

 

Table A11. Fixed effects and random effects estimates of the impact of obesity, smoking and drinking measures on 
unemployment 
 Male Female 
Logit results: Logit Fixed Random Logit Fixed Random 

Obese 1.246 *** 
(0.094) 

1.052  
(0.098) 

1.135 ** 
(0.067) 

1.045 
(0.073) 

0.877 
(0.084) 

1.018 
(0.060) 

Daily smoker 1.238 *** 
(0.058) 

1.061  
(0.068) 

1.242 *** 
(0.046) 

1.199 *** 
(0.059) 

1.163 ** 
(0.090) 

1.206 *** 
(0.049) 

Binge Drinker 1.031 
(0.049) 

1.095 ** 
(0.052) 

1.073* 
(0.041) 

1.021  
(0.078) 

1.138 
(0.099) 

1.030  
(0.070) 

Regression models contain 64,712 male and 54,321 female person-year observations. People who reported their employment status as 
out of labor force are excluded from the analyses. Clustered robust standard errors are in parentheses. Sampling weights are controlled. 
*** Significant at the 0.01 level. **Significant at the 0.05 level. *Significant at the 0.10 level. See Table A2 for the list of all explanatory 
covariates. 


