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Abstract

This research examines the economic relationship between individuals’ weight and their em-

ployment decisions over the life cycle by formulating and estimating a dynamic stochastic model

of individuals’ annual joint decisions of occupation, hours worked, and schooling. A standard

dynamic occupational choice model is augmented by allowing body weight to affect the non-

monetary costs and distribution of wages for each occupation. Additionally, the model captures

how individuals’ employment decisions subsequently affect body weight directly through on-

job activity levels and indirectly by affecting disposable income and time available for leisure,

both active and sedentary. A semiparametric method, conditional density estimation, is used to

model the stochastic evolution of body weight and formulate the distributions of wages in each

occupation. I estimate the model using data from the National Longitudinal Survey of Youth,

1979 cohort, the Dictionary of Occupational Titles, and Occupational Information Network.

Preliminary results suggest that heterogeneity exists that leads individuals who are more likely

to gain weight to select into ‘lower skilled’ occupations. Individuals with higher body weight are

likely to incur wage penalties in occupations with intense social requirements. Further, individ-

uals with excess body weight earn lower returns to experience and face greater switching costs

in white-collar occupations than their healthy weight counter parts. Simulating the model with

preliminary parameters, I find that a policy intervention which would halve the weight-specific

frictions in switching occupations reduced the gap in wages between the obese and non-obese

by 15%. Further, an exogenous reduction in an individual’s initial body mass by 10% leads to

a 4% increase in wages after age 30, and increases the probability of attaining employment in

professional occupations by 10%.
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I Introduction

Social scientists have become increasingly interested in the relationship between body weight

and labor market outcomes as Americans have consistently gained weight over the past four decades.

While there is a strong negative relationship between weight and income in the United States,

debate in the economics literature continues on whether this relationship is causal or purely as-

sociative.1 Unlike differences in wages along race or gender lines, which are often attributed to

discrimination due to the exogeneity of these characteristics, the causes of weight-based differen-

tials in wages and observed employment behavior are more complicated. First, one can argue that

overweight individuals are not as well suited for some occupations and therefore should make less.

Being overweight may interfere with job performance if that occupation requires physical skills

such as agility. Additionally, if the populace regards overweight people as less appealing, heavier

people may be less effective in socially intensive jobs (Averett and Korenman, 1996). Further,

an individual’s weight, which is largely a function of the individual’s history of diet and physical

activity choices, may provide a valid endogenous signal about that individual’s self-discipline or

work ethic. If the importance of this signal varies by occupation, it would not only create wage

differentials that vary across occupations but also create barriers to certain occupations for higher

body weight individuals. Such effects can lead to differences in occupational sorting between the

healthy weight and overweight, subsequently affecting future wages. Finally, an individual’s body

weight is dynamic. Unlike race or gender, one’s employment decisions may affect his body weight.

Data on young males from the National Longitudinal Survey of Youth suggest that, since 1983,

the average difference in real wages between the obese and non-obese has tripled. Determining the

relative importance of the above factors in this trend is the primary motivation for the current

paper.

The purpose of this work is to analyze the relationship between body weight and optimal

employment behavior over the life of the individual. To that end, I formulate and estimate a

dynamic discrete choice model where weight affects both the distribution of wage offers and non-

monetary costs of each employment alternative, and employment decisions subsequently affect

weight. I construct indices of the intensity of mental, physical and social job requirements for

each occupation to assess whether observed weight-related differences in wages are attributable to

differences in productivity. Additionally, this paper examines how weight affects individuals’ costs of

pursuing each combination of occupation/hours. The non-monetary costs of pursuing an alternative

are sub-divided into three components: switching costs when changing occupations, annual fixed

costs of pursuing an occupation, and the marginal costs of working additional hours. These costs are

also linked to the indices of job requirements. Although lacking the data on employer preferences

necessary for a general equilibrium framework, this parsing of the costs enables estimation of the

lower bounds on the share of weight-driven differences in employment behavior attributable to

worker and employer preferences.

1Among white men earning over four times the poverty level in 2004, 14% were obese. The obesity rate among
white men near the poverty line was 24% (Baum and Ruhm, 2009).
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This paper extends the literature in four ways. First, weight-related wage differentials are

incorporated into the individual’s dynamic optimization problem. Forward-looking agents evaluate

employment alternatives mindful of expected future wages, returns to experience, and switching

costs, all of which vary by weight. This paper estimates the importance of differences in endoge-

nously accrued years of schooling and experience to the observed dispersion in wages on the basis

of weight. I extend the literature on wage penalties for body weight that has abstracted from the

importance of experience and only examined occupational selection in a static framework (Cawley,

2004; Pagan and Davila, 1997; Johar and Katayama, 2012; Hamermesh and Biddle, 1994).

A second contribution is the model’s ability to assess how much of the observed differences

in wages and employment decisions between individuals of different weights are due to the require-

ments of the job. Using job requirement data from the Dictionary of Occupational Titles (DOT)

and the Occupational Information Network (O*NET) and CPS weights, I construct novel indexes

of the mental, social, and physical requirements of each aggregated occupational alternative in each

time period. In evaluating how wage penalties for weight vary with the intensity of requirements,

I extend the research that suggests that weight penalties occur in occupations with higher social

demands (Averett and Korenman, 1996). Previous work has not evaluated the effects of mental or

physical rigors of occupations on wage penalties for body mass.

Third, this paper extends the literature on how an individual’s employment behavior affects

his weight (King et al., 2001; Lakdawalla and Philipson, 2002; Kelly et al., 2011; Courtemanche,

2009). In addition to the inclusion of the time-varying job requirements, I also allow the unobserved

errors that affect weight gain and choice of occupation and hours to be serially correlated through

a common permanent unobserved component. By including exogenous environmental factors and

capturing how utility from each employment alternative changes as one ages and gains weight, my

model alleviates simultaneity and selection biases while quantifying the role of the employment

decision on body weight over the life cycle.

Finally, the model is solved using techniques common in structural dynamic discrete choice

modeling (Keane and Wolpin, 1994; Sullivan, 2010). To more flexibly model the distribution of

wages and body weight over time, I use a semiparametric method, conditional density estimation

(Gilleskie and Mroz, 2004). For the purpose of modeling individuals’ expectations, this technique

enables the estimation of any moment of the conditional distribution of wages and body weight

without any distributional assumptions on those variables. I incorporate permanent unobserved

heterogeneity in a nonparametric fashion into the wage expression, costs of employment alternatives,

and weight process (Heckman and Singer, 1984; Mroz, 1999)

To evaluate the effect of an individual’s weight on his optimal employment behavior, I use the

dynamic model and estimated parameters to simulate annual employment and schooling decisions

from ages 17 to 47 under different counterfactual scenarios. Preliminary results indicate that

differences in endogenously accrued occupational experience account for approximately 10% of the

growth in wage differences between the obese and non-obese over the sample period. Changes in job

requirements over the sample period account for an additional 20% of the growth in wage differences
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between the obese and non-obese from 1983-2008. I find that unobserved heterogeneity plays a

large role in the dynamic relationship between body weight and occupational choice. Simulating

the model with preliminary parameters, I find that a policy intervention which would halve the

weight-specific frictions in switching occupations reduced the gap in wages between the obese and

non-obese by 15%. Further, an exogenous reduction in an individual’s initial body mass by 10%

leads to a 4% increase in wages after age 30, and increases the probability of attaining employment

in professional occupations by 10%.

This paper proceeds as follows. Section II provides a brief motivation and background on

the relationships between body weight and employment outcomes. Section III describes the rele-

vant data: the National Longitudinal Study of Youth, 1979 cohort, the DOT & O*NET and the

ACCRA cost of living index. Section IV details the dynamic model to be estimated. Section V

discusses identification and my econometric approach. Section VI contains the main results and

counterfactual experiments. Section VII concludes.

II Background

Reported costs of obesity, generally, result from medical care utilization, adverse health out-

comes, and mortality. However, excess body weight also carries significant costs in the workplace.

Lost productivity due to obesity amounts to $12 billion annually (Ricci and Chee, 2005). Only one

third of this estimated cost is attributed to absenteeism. Reduced presenteeism, or lost productive

time at work, accounts for the remainder. The value of that time is measured by observed or

predicted wage of workers. Obese workers were 16% more likely to report lost productive time and

14% more lost hours than their healthy peers due to fatigue, lack of focus, or health considerations.

In a second study, effort in the workplace was positively associated with cardiovascular fitness,

but obesity was the largest contributing factor to poor management of interpersonal relationship

in the workplace (Pronk et al., 2004). The economics literature provides supporting evidence for

the negative relationship between body weight and productivity by linking higher body weight to

lower earnings for white women. For white men, the significance of the estimated wage penalty

depends on whether unobserved individual heterogeneity, which may affect both weight and wages,

is addressed (Cawley, 2004; Pagan and Davila, 1997; Averett and Korenman, 1996; Baum et al.,

2006). The economics literature also suggests that in occupations with heavier social requirements

(e.g., salesman, lawyer) overweight or obese individuals earn less on average than their peers (Johar

and Katayama, 2012; Hamermesh and Biddle, 1994; DeBeaumont, 2009). If higher body weight

causes individuals to earn less than their healthy weight peers, then estimates of lost productivity

due to obesity based on observed wages are low. Conversely, if unobserved heterogeneity drives

both the propensity to gain weight and the tendency to be idle or disengaged in the workplace,

than the above estimates of productivity losses are overstated.

Productivity, conditional on education and work experience, may not be the sole cause

of wage differentials between individuals with observable differences (i.e., gender, race, weight).
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The economics literature posits three possible explanations for observed wage gaps: differences in

productivity, taste-based discrimination, and statistical discrimination (Altonji and Pierret, 2001;

Levi-Gayle and Golan, 2012; Farber and Gibbons, 1996). One can identify statistical discrimination

as the explanation if the wages of the initially-discriminated group increase with experience (rela-

tive to those who entered employment with higher initial wages). My own preliminary regressions

do not provide evidence of statistical discrimination against overweight or obese individuals relative

to those of normal weight.2 Taste based discrimination is more difficult to identify, and may be

indistinguishable from differences in productivity without exceptionally rich data. Recognizing this

difficulty, the partial equilibrium framework in this paper includes time-varying indices of physical,

mental, and social requirements of each occupation in an effort to link observed wage differentials

to productivity. As such, this work provides a lower bound on the share of the measured wage

differential attributable to productivity.

Differences in human capital may explain differences in wages. In this paper, per the stan-

dard in the economics literature, human capital is defined as years of schooling and accrued work

experience. If heavier individuals face higher costs in gaining employment or attaining a desired

occupation, an individual’s weight in a given period may affect his accrual of human capital and

thus affect future wages. Severe obesity has been a protected category under the Americans with

Disabilities Act (ADA) since a 1993 Rhode Island ruling barring employment bias against obese

people. Judge Bruce Selya stated in his ruling, “In a society that all too often confuses ‘slim’ with

‘beautiful’ or ‘good’, obesity can present formidable barriers to employment.” In the last two years,

the Equal Employment Opportunity Commission (EEOC) has claimed that obesity is a disability

in and of itself, filing suits in Louisiana, Texas, and New York on behalf of employees who claimed

they faced weight-based discrimination. A hospital in suburban Houston, Texas recently instituted

an explicit ban on the hiring of employees who were at least moderately obese. Pagan and Davila

(1997) find some evidence of occupational sorting on the basis of weight. They find that obese white

males incur wage penalties in some occupations. Further, they observe that the obese are found in

occupations without weight-related wage penalties in greater proportions than their healthy weight

counterparts. It was not determined if this difference in employment behavior between obese and

non-obese workers are attributable to weight-related wage penalties, barriers to employment, or

individual heterogeneity. Examining wages from a dynamic perspective increases the relative im-

portance of endogenous differences in occupational sorting on the basis of weight. Not only does

an individual’s choice of occupation affect his wages this period, but it affects his expected future

wages as well. Experience in blue-collar, white-collar, and service jobs are not equally rewarded

in subsequent periods. Most previous economic research on the relationship between weight and

income has focused on the effects of individuals’ weights on their wages, utilized static methods,

and abstracted from modeling occupational choice.3

2Regression output and tables of differences will be made available shortly in a web appendix of supplementary
supporting evidence from the data.

3Notable exceptions to the lack of dynamic modeling include Gilleskie, Norton, and Han (2011) and Tosini (2008),
but neither study models occupational choice.
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In the current paper, estimation of the parameters of an individual’s dynamic optimization

problem enables me to allocate shares of the observed weight-related differences in observed wages to

endogenous differences in experience and years of schooling, differences in productivity as defined

by job requirements, and to unobserved heterogeneity. I allow serially correlated (permanent)

unobserved heterogeneity to affect wage distributions, costs of employment alternatives, and weight

gain. Remaining differences in wages explained by variation in body weight are considered unbiased

weight-based wage penalties.

In addition to measuring the effect of weight on wages, this research seeks to quantify the

role of wages, worker preferences, and job requirements as explanations for observed differences in

employment behavior by weight status. As childhood and adolescent obesity continues to increase,

the generation currently entering the workforce is the heaviest yet. Understanding the complex

relationship between weight, productivity, wages and optimal employment behavior has become

increasingly important. If individuals with higher body weights are ill-equipped to perform cer-

tain occupations, then the motivation for interventions to combat adolescent and adult obesity

intensifies. Using the model and estimated parameters, I simulate the effects of changes in indi-

viduals’ initial weights on their employment profiles over their life cycle. However, if individuals

with higher body weight face obstacles to occupational attainment beyond those attributable to

the requirements of the occupation, then vigorous pursuit of anti-discrimination initiatives on the

basis of weight may have implications for social mobility, as adolescent obesity is a worse problem

in low income families and neighborhoods. Such a hypothetical policy can be simulated using the

estimated parameters of the model.

While data limitations prevent me from exploring the role of employer preferences as an expla-

nation of occupational sorting patterns by weight, the estimated partial equilibrium model provides

a lower bound of the impact of worker utility and employer preferences. For example, Hamermesh

and Biddle (1994) pose that the clientele of employers may have preferences for conducting business

with attractive people. Therefore, overweight individuals should face greater difficulty attaining

work in occupations with heavy social requirements. Further, by modeling the choice of hours

worked jointly with occupation, one can observe the optimal extensive and intensive margin of

labor supplied by individuals of different weights. In this manner, I can estimate a lower bound on

the differences in utility from each employment alternative attributable to body weight. Finally,

with those factors captured, I can estimate any additional frictions faced by individuals of higher

body weight in transitioning between occupations.

The associative relationship between occupational choice/employment behavior and weight

change does not adequately address selection effects and unobserved heterogeneity that may explain

why heavier individuals tend to sort into different jobs than their healthy weight counterparts. (King

et al., 2001; Lakdawalla and Philipson, 2002; Kelly et al., 2011; Courtemanche, 2009). As such, it is

difficult to quantify the role of hours worked and job characteristics on life-cycle weight transitions.

By modeling the decision of occupation and hours worked, I can recover unbiased indirect effects
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of these decisions on weight gain over time. I can re-assess whether longer hours worked or reduced

on-job physical activity causally influence weight gain without selection or simultaneity bias.

III Data

The data for estimating this model come from three sources. The data on individuals’ wages,

employment decisions, body mass, environments, and family states are from the National Lon-

gitudinal Survey of Youth, 1979 cohort (NLSY ’79). Data on job requirements comes from the

Dictionary of Occupational Titles (DOT) and its successor, the Occupational Information Network

(O*NET). Regional data on food prices come from the 4th quarter reports from ACCRA (formerly

the Inter-City Cost of Living Index).

The NLSY ’79, conducted by the Bureau of Labor Statistics, follows a nationally represen-

tative cohort of youths initially aged 14-22 annually from 1979 to 1994 and biennially to 2010.4

Respondents were asked questions regarding family background, schooling, occupation, hours of

work, wages, criminal activity, health, etc. Weight data are recorded for 1981, 1982, and in each

wave since 1985. For the purpose of this study, the main limitation of the data is that information

on food and exercise decisions was not collected until the last two waves. However, the NLSY ’79

is the longest running nationally representative panel which contains data on weight, wages, and

employment decisions. To construct the sample used in estimation, I drop all individuals lost to

attrition, those who miss an interview, and restrict the focus to white males. Table 1 explains

the sample construction. The final sample consists of 29,693 person-year observations. Descriptive

statistics for the full sample (12,686) persons and full demographic subsample (4,699) are available

in the appendix and demonstrate that the sample used for estimation (1291) and full sample are

similar along observables.

Table 1: Sample Construction

N Description

12686 National Longitudinal Survey of Youth, 1979 cohort, full sample
7560 Sample after dropping all individuals who attrit
4699 Sample after dropping those individuals missing an interview
1291 Sample after restricting demographics to white males

1291 unique individuals yields 29,693 person/year observations

Source: National Longitudinal Survey of Youth, 1979 cohort

Individuals’ reported occupations are classified according to their Census Occupation Code.

In order to construct and estimate a tractable discrete choice model, I aggregate those occupations

into the five major categories from the 1970 Census Occupational Classification System.5 Table 2

4http:\\www.nlsinfo.org
5As the NLSY progressed, the occupation classification system was updated for the 1980 census (in 1983) and the

2000 census (in 2002). Where necessary, I used BLS-provided crosswalks to convert more recent occupation codes to
the coarser 1970 SOC classification.
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lists the five occupation categories used in this research and displays how proportions of selected

occupations have changed over time in the sample.

Table 2: Observed Frequencies of Occupational Alternatives

Occupation 1984-1989 1990-1998 2000-2008

Not Employed, Not in School 10.47% 6.83% 11.59%
Professionals, Technicals, Managers 22.16% 33.71% 36.73%
Salesmen, Clerks, Administrators 13.89% 11.44% 9.07%
Craftsmen 18.76 % 19.79% 17.98%
Operators & Laborers 24.87 % 20.85% 16.76 %
Service Workers 10.01% 7.38 % 7.88%

N 9,960 11,620 6,640

Individuals in the sample range from ages 14 -22 in 1979

III.1 Preliminary Evidence on Weight, Wages, and Employment Behavior

Preliminary examination of the data yields evidence of differences in optimal employment

behavior and wages related to body mass. While this study treats body mass as a continuous vari-

able both theoretically and empirically, the following statistical analyses use an indicator function

for whether the individual is obese.6 Table 3 contains the results of fixed effects regressions of

wages on a dummy variable for whether the individual is obese, years of experience in each of the

five occupational categories, indicators for if the individual has graduated high school and college,

family state, and a time trend. The results indicate that obese individuals incur wage penalties

for their mass, but these penalties are statistically significant only in ‘white-collar’ occupations.

Additionally, returns to own and cross-occupational experience vary by occupation. Experience in

the five categories are not rewarded equally.

The data also show that individuals of different body mass likely have differences in expe-

rience from the five occupational categories. Figure 1 shows that obese individuals work in white

collar occupations in lesser proportions than the non-obese. This pattern is particularly strong

when individuals are young. Since these are the same occupations which exhibit wage penalties for

obesity in the regressions above, wage differences may to some extent induce the differences in ob-

served employment behavior. Another implication of the regressions and graphs is that experience

accrued in a given period may partially be determined by weight in earlier periods. Because expe-

rience affects future wages, understanding the relationship between body mass and wages requires

understanding how body mass influences optimal employment behavior. Note from the regression

and bar chart that obese appear to sort into the occupations in which experience garners lower

returns. Experience in the blue collar and service jobs is minimally valued in the white collar

occupations. The obese and non-obese also differ in their occupational transition pattens. Tables

9 and 10 in the appendix summarize these differences.

6The Centers for Disease Control define obesity as a Body Mass Index (kg/m2) of greater than 30.

8



Figure 1: Differences in occupational sorting between obese and non-obese workers by occupational
category, by age. NLSY ’79
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Table 3: Fixed Effect Regression of Wages on Experience, Obesity, and Family Variables
Occupation 1: Occupation 2: Occupation 3: Occupation 4: Occupation 5:
Professionals Administrative Craftsmen Operatives Service
Technicals Clerical (Skilled) and Workers
Managers and Sales Blue Laborers

Variable Coef. (S. E.) Coef. (S. E.) Coef. (S. E.) Coef. (S. E.) Coef. (S. E.)

Obese -113.22 (44.06) -124.68 (50.73) -14.87 (27.20) -34.07 (26.59) 25.46 (52.25)
H.S. -78.62 (122.93) 33.60 (38.68) 34.48 (48.42) 69.79 (24.36) -3.78 (28.44)
College 190.40 (55.06) 307.66 (60.01) 229.75 (80.94) 133.71 (49.01) 103.57 (63.11)
Experience (Occ. 1) 52.74 (11.26) 53.79 (14.01) 18.21 (20.38) 18.38 (8.39) 21.34 (11.30)
Experience (Occ. 2) 45.36 (16.14) 64.31 (14.26) 1.56 (18.44) 3.17 (8.31) 62.49 (21.94)
Experience (Occ. 3) -27.53 (14.00) 42.46 (21.72) 10.93 (8.70) 8.46 (6.34) 9.96 (17.83)
Experience (Occ. 4) -71.38 (16.61) -14.91 (16.00) -5.37 (10.15) 5.83 (4.09) 19.59 (12.25)
Experience (Occ. 5) -5.72 (20.85) 13.66 (27.82) 11.12 (20.26) -15.69 (9.75) 26.83 (8.14)
Married 66.72 (25.01) 96.75 (38.23) 73.38 (17.81) 56.58 (12.69) 52.77 (27.82)
No. of Kids 99.02 (22.41) 66.92 (26.50) 17.26 (12.45) 25.95 (10.41) 23.37 (18.28)
t 16.92 (10.27) -9.61 (9.43) 13.81 (7.92) 6.85 (3.41) 3.41 (5.46)
Constant 603.40 (120.10) 514.64 (33.40) 546.94 (45.50) 485.17 (19.19) 427.99 (31.32)

Figure 2 depicts the difference in average real wages between the obese and non-obese, for

each of the five occupational categories, as individuals age over the sample period. While the obese

earn less than the non-obese in all five categories, this difference in real wages for white collar

occupations quadruples over the sample period. Obese workers earn approximately one dollar per

hour less than their non-obese counterparts at age 25, but four dollars less at age 49.7 This growth

may be partially explained by the early-age differences in employment behavior, ever increasing

weight of the obese, dynamic sorting behavior, or perhaps changes in the requirements of these jobs

and what effect body mass has on an individual’s ability to fulfill those requirements.

III.2 Dictionary of Occupational Titles and Occupational Information Network

The data used for the construction of indices of job requirements, discussed in Section IV,

come from the DOT and O*NET. The DOT was created in 1938 by the U.S. Department of Labor

to assist job seekers and was periodically updated to capture new jobs or changes in required skills

in existing jobs. The data on job requirements are taken from the 1977 edition, 1982 updates, 1986

updates, and 1991 revision. The DOT contains very coarse categorical information on requirements

of over 12,000 tasks, but was primarily focused on blue-collar and industrial jobs. The DOT cat-

egorized the physical requirements of occupations based upon strength: Sedentary, Light Activity,

Moderate Activity, Heavy Activity, and Very Activity. The verbal and mathematical demands of

occupations were rated on a categorical scale from one to six. The ‘people’ aspect of an occupation

was determined on a nine-point hierarchical scale. The summary statistics of the DOT ratings are

in Table 3. More details are available in the appendix.

In the mid-1990’s, the DOT was deemed obsolete and replaced with the O*NET, the first

release of which was in 1998. In contrast to the DOT, the O*NET is aligned with Census system

7Real wages are calculated using 1983 as the base year.

10



Figure 2: Average differences in wages between obese and non-obese workers by occupational
category, by age. NLSY ’79
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Table 4: Summary Statistics of DOT Requirements for occupation categories - 1977
Variable Mean Std. Dev. Min. Max.

Physical Requirements
Prof/Tech/Mgr 0.694 0.366 0 3
Sales/Clerical 0.599 0.386 0 1.429
Craftsmen 1.779 0.53 0.857 3
Operatives/Labor 1.988 0.687 1 4
Service 1.501 0.446 0.833 3

Mathematical Requirements
Prof/Tech/Mgr 3.825 0.747 1.75 6
Sales/Clerical 2.609 0.446 1.333 4
Craftsmen 2.489 0.655 1 4
Operatives/Labor 1.734 0.699 1 5
Service 2.163 0.59 1 5

Literary Requirements
Prof/Tech/Mgr 4.445 0.639 2.333 6
Sales/Clerical 2.927 0.684 1.571 5
Craftsmen 2.621 0.627 1.231 4
Operatives/Labor 1.877 0.682 1 4
Service 2.676 0.825 1 5

Social Requirements
Prof/Tech/Mgr 5.040 0.363 0 8
Sales/Clerical 2.401 0.418 0 6
Craftsmen 2.083 0.344 0 5
Operatives/Labor 1.527 0.261 0 4
Service 2.595 0.492 0 6

of occupation classification, and provides information on between 850-1000 ‘job families’. The

O*NET focuses more in white-collar occupations, information and service jobs, contains much finer

numerical ratings (on level and importance) for far more requirements per occupation. Already on

its fourteenth revision, the O*NET is updated far more consistently and comprehensively than the

DOT. For the latter half of the sample, the data from the O*NET come from releases 1.0, 4.0, 5.0,

7.0, 9.0, 11.0, 12.0 and 13.1. The section on empirics details the process of converting the rich data

in the O*NET to be comparable with the DOT.

III.3 ACCRA data on food prices

To construct series on food price indices, I use data from ACCRA formerly the inter-city

cost of living index. The group publishes quarterly prices on costs of commonly purchased items as

reported by Chambers of Commerce in over 200 towns, cities, and Metropolitan Statistical Areas.

The items priced in the data include many food items, such as T-bone steaks, ground hamburger,

iceberg lettuce, tomatoes, canned green beans, 2-piece fried chicken meals, McDonalds quarter-

pounders, and Pizza Hut/Pizza Inn 12-inch pizzas. I utilize 4th quarter data from 1976 to present

for at least 200 cities or metropolitan statistical areas. I construct two food price ratios: fast-

food-to-produce and processed-foods-to-produce. These are linked to the Geocoded NLSY primary

data. These indices proxy for the costs of consuming healthy food relative to unhealthy food over
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the sample period. Utilizing ratios rather than levels will mitigate the confounding factors of both

regional variation in cost of living and food prices and changes in food price levels over time.

IV Dyamic Stochastic Discrete Choice Model

I specify a dynamic stochastic model of employment behavior in which weight and the require-

ments of the job affect both the distribution of wages and non-monetary costs of each alternative.

The empirical section then provides details of the solution and estimation. Subsection 1 defines the

set of alternatives. Subsections 2 and 3 define the components of contemporaneous utility from each

alternative. Subsections 4, 5, and 6 detail the distributions of stochastic variables and define how

current period decisions affect future utility. Subsection 7 assembles these components to formulate

the individual’s dynamic optimization problem in a value function framework.

IV.1 Set of Alternatives

In this model agents jointly decide whether to work, how much to work, in which occupation

to work, and whether to attend school. There are a total of 23 alternatives, hj ∈ HJ , available to

an individual in each discrete period. The employment alternatives, h, are:

h = 1 : work part time: weekly hours ∈ {15, 34}
h = 2 : work full time: weekly hours ∈ {35, 49}
h = 3 : work more-than-full-time: weekly hours ≥ 50
h = 4 : work part-time and attend school part-time
h = 5 : not work and attend school full time
h = 6 : not work and attend school part time
h = 7 : neither work nor attend school

(1)

The occupational alternatives available to an agent each period are denoted by j:

j = 0 : No occupation
j = 1 : Professionals,Technicals, Managers
j = 2 : Salesmen, Clerks, Administrative workers
j = 3 : Craftsmen
j = 4 : Operatives and Laborers
j = 5 : Service workers

(2)

If an agent chooses an employment alternative that includes work, (h ∈ {1, . . . , 4}), he also

chooses an occupation(j ∈ {1, . . . , 5}) jointly with that employment alternative. If an agent chooses

an employment/school alternative which does not include working, (h = {5, 6, 7}), then j = 0 by

definition. The combination of the four h alternatives that involve work times the 5 occupational

categories plus h = {5, 6, 7} comprises the set of 23 alternatives. Aggregating all occupations into
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these five categories implies that experience is perfectly transferable within these categories.8 The

discretized alternatives for hours worked (full-time, part-time, or overtime) corresponds to the U.S.

Department of Labor’s definitions for these terms. 9 The indicator dhjt equals one if employment

alternative h and occupation j are chosen in period t, and zero otherwise, and dt =
(
dhjt , (∀j ∈

{1, . . . , 5}|h ∈ {1, 2, 3, 4}), j = 0|h ∈ {5, 6, 7}
)
.

Agents make their first decision at age 17. Schooling decisions are modeled for two reasons.

First, educational attainment is a critical factor in determining employment behavior over the

life cycle. Second, there is a significant negative relationship between educational attainment and

weight. Education entering a period t is captured by accumulated years of school. Agents can

either go to school full time, part time, or attend school part time in conjunction with working part

time. I assume that any work experience gained while attending high school does not impact post

high school decisions. The model does not therefore differentiate between attending high school

while working and attending high school and not working.10 I allow for degree attainment based

on years of schooling only, rather than add of a degree completion decision to the model.11

The information state vector St contains the following variables: age, marriage/spousal

earnings, number of kids, years of schooling, Body mass, years of experience in each of the five

occupational categories, and the occupational alternative chosen in the previous period. Known to

the agent, but not the econometrician unobserved heterogeneity, which includes a time-invariant

component φ and alternative-specific, time-varying, idiosyncratic component εhjt , to be discussed in

more detail below. At the beginning of period t, the individual then observes his wage offers, which

8While this assumption is an oversimplification, it is reasonable that experience within each category would be
considered far more transferable than experience between categories. In the data set, agents with highly specialized
occupational experience, (e.g. chemical engineers, surgeons, welders) seldom switch occupations once some human
capital is accrued in that field. For these reasons, concerns about properties of transferability of experience are
minimized.

9Because the number of alternatives increases the complexity of solution, the model does not permit all possible
combinations of part-time/full-time work and part-time/full-time school. Full-time school and working are not con-
sidered options. When an individual is enrolled in school full time, the schooling supersedes his work. While rare, the
decisions of individuals who work full time while attending school part time are handled with a slight compromise.
In a total of 108,031 observations (discussed further in the data section), fewer than 400 agents chose to work a full
time occupation and attend school part time. In the less than 1,000 of these incidents, the hours worked was recoded
to the top end of the part-time range, 34 hours. Thus, income distortions are minimized without incurring the cost
of an additional five alternatives which have very small probabilities of being chosen. The total observed frequency
with which the 23 alternatives are chosen is available in appendix A.

10If an agent is observed to advance a grade during high school range, they are classified as attending full time
school. If an agent is observed going to college and working full time, they are recoded as working part time (albeit
at the top of the hours range) and attending school part time. The combination of full time work and full time school
is observed 685 times (total of 323 people) of a sample of 4699 individuals (approx 108,000 total observations).

11There has been much debate in the labor economics literature about whether degree attainment supersedes years
of schooling in terms of impact on wages. In this version of the model, I treat having twelve completed grades as
having a high school diploma and 16 completed grades as having a bachelor’s degree. In 1988, the first year that
“highest degree attained” was properly reported, 89.3% of the 912 individuals with 16 years of schooling had earned
their bachelor’s degree. Including those with 17+ “grades completed” only increased the proportion to 90.4%. Since
less than 1.5% of the total sample went to school for 16 years and did not earn a bachelor’s degree, I treat the two
conditions as equivalent. High school graduation rates conditioned on years of schooling are comparable. Of those
who have completed twelve grades exactly, over 93% have graduated high school. While advanced degrees are present
for a non-trivial portion of the sample (approximately 10%), advanced degreed individuals do not have drastically
different occupational sorting profiles nor wage profiles than those whose highest degree is a Bachelor’s.
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are assumed to occur with probability one for all alternatives. The period t alternative defines the

evolution of the state variables at the end of the period (defined here as a year). The individual’s

state variables entering the subsequent period reflect the accrued work experience or accumulated

schooling. Body mass, marital status, and number of kids updated based on stochastic realizations

and the period t decision.

IV.2 Per-period Utility and Constraints

The contemporaneous utility of an alternative, hj, is a function of consumption, leisure,

the annual fixed costs of participating in an occupation, variable costs by hours worked, and any

transitional costs of changing occupational categories between periods. In the function below,

ct represents consumption subject to the budget constraint, ht(dt) defines the number of hours

worked and/or spent in school for the set of alternatives, and Mj(·) and Ms(·) are the fixed costs of

occupation j and schooling alternative s, respectively. N(ht(·)) is the utility of working ht hours.

Information available to an individual at the start of period t, St, influences the utility of each

alternative. Per-period utility for each alternative, conditional on both observed and unobserved

information, is:

u(dt,St, εt|φ) =
c1−αt − 1

1− α
(3)

−

(∑
j

[
Mj(St|φ)

( 4∑
h=1

dhjt
)]

+Ms(St|φ)
( 6∑
h=4

dhjt
)

+N(ht(dt),St|φ)

)
+ εhjt

Consumption is constrained by income (which includes a coarse discretization of spousal income) as

savings and financial markets do not enter the model. Time is constrained by the time endowment

per week Ω and is allocated between labor supply, ht, and leisure, lt. Time spent on education

counts as “non-leisure” time in the model. An agent is assumed to spend 20 hours per week on

school if attending part time and 40 hours per week if attending full time. If an agent pursues a

part-time work, part-time school combination, his total non-leisure time is the sum of his hours

spent working plus the 20 hours per week for part-time schooling. Because home production time

is not identified in the data, I only separate time into hours working and hours not working. The

preference error terms in the utility function, εhjt are assumed to be i.i.d. Type 1 Extreme Value.

The budget and time constraints are specified as:

ct ≤ wt(dt,St)ht(dt) + I(St)
Ω = lt + ht(dt)

(4)

where wt and ht are hourly wages and hours that depend on the observed state vector and the

alternative chosen in period t. Similarly, the fixed and variable costs of employment or hours

in different occupations vary by observable (and unobservable) characteristics. The It denotes

15



unearned income (i.e., spousal income if married), and Ω represents the individual’s total amount

of time in a given period.

IV.3 Non-Monetary Costs of Alternatives: Fixed, Switching, and Variable

The model assumes that individuals receive wage offers from every occupational sector in

each period. However, individuals in the data do not always select into occupations with the

frequency one would expect if individuals solely maximized wealth and there were no labor demand

frictions. Realistically, the demand side of the labor market may impose constraints on employment

in particular occupations for some people depending on their state. On the supply side, there may

be non-pecuniary aspects of a particular occupation that are valuable to an agent every period

that he works in that occupation (i.e., preferences). Because a goal of this research is to discern

why there are weight-related differences in occupational sorting, the model includes three types

of costs for pursuing employment alternatives. First, the model includes per-period fixed costs of

participating in each occupation that depend on one’s human capital and body mass. While these

fixed costs may be the result of demand side frictions and/or employer preferences, they are not

specifically attributable to either. Second, the model includes marginal costs of working additional

hours. By allowing individuals to choose how much they work upon receiving a wage offer, the

model captures if the marginal costs of working more varies by weight and job requirement. Because

the decision to work more or fewer hours is made conditional on receiving an offer, these costs are

attributable to worker utility. Third, the model also includes costs of transitioning into occupation

j from another occupation, j′. These switching costs are allowed to vary by body mass. Unlike the

per-period fixed-costs, which may be due to demand or worker concerns, the switching costs are

attributed to labor-demand frictions such as search costs and employer preferences.

The state variables that define the fixed costs are age and education, where the vector Et

contains three elements: an indicator for having accrued at least 12 years of school up to period t,

an indicator for having accrued at least 16 years of school up to period t, and completed years of

schooling up to period t. The fixed costs of occupational participation also depend on the period t

job requirements Jjt = [Jpjt, J
m
jt , J

s
jt], which include the physical, mental, and social requirements of

occupation j at time t and φkj , an occupation specific match parameter.12 Body mass, Bt, captures

an individual’s distance from a “healthy weight”.13 The per-period fixed cost of participating in

an occupation j, inclusive of any switching costs, is expressed as:

Mj(St|φ) = αj0 + αj1at + αj2Et + αJjt + αj7Bt + αJjtBt

+
∑
j′ 6=j

αj10+j′1(dhj
′

t−1 = 1) +
∑
j′ 6=j

αj10+j′1(dhj
′

t−1 = 1)Bt + ρJj φ (5)

12Job requirement indices are discussed in greater detail in the data section.
13The Centers for Disease Control define “healthy weight” to be a body mass index that ranges from 18-25. There

are only six individuals in my sample who fall into the “below healthy range” category at any point during the sample
period.
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Because the levels of job requirements vary across occupations, the coefficients on the variables

for job requirements are fixed across occupations. These “fixed costs” by definition should be

thought of in wage equivalents. Body mass interacts with occupation as well as job characteristics.

While including the switching costs will separate some of the labor demand frictions, the fact

that employer preferences cannot be perfectly separated from flow utility should be kept in mind

when interpreting these parameters. However, as in the wage equations described below, including

the occupation-specific job requirements and the interactions with weight status permits a deeper

examination of the systematic differences in occupational choice frequencies between the obese and

non-obese. That is, they inform whether job requirements make it more costly for higher weight

individuals to work in a particular occupational category. The non-pecuniary costs of schooling

depend on age (at), level of schooling, whether the individual was out of school in the preceding

period, and the interaction of age and returning to school.

Ms(St|φ) = αs0Et + αs1
( 6∑
h=4

(dhjt−1 6= 1)
)

+ αs2at + αs3a
2
t + αs4at

( 6∑
h=4

(dhjt−1 6= 1)
)

+ ρSφ (6)

The individual also incurs variable costs of working more than the minimum threshold of 20 hours

(i.e., part-time). The expression for the variable costs of labor supply, N(ht(dt)) contains many

of the same arguments as the occupational non-pecuniary-benefits expression, adding interactions

with ht. In the model, hours pursuing education and work are treated the same, up to the differ-

ences in job requirements, as discussed in the data section. Because the model assumes that the

labor demand frictions are captured by the occupation-specific fixed costs of participation and the

switching costs, these variable costs of working hours beyond the minimum can thus be interpreted

solely as representing worker preferences for working more (or fewer) hours performing occupations

with specific requirements. I can therefore assess how utility from working a particular number of

hours at a job with particular requirements varies by weight.14

In this expression, mt is a variable for whether the individual is married, at is the individual’s

age at time t, and kt is the number of children the individual has at time t. The variable costs of

hours worked are:

N(ht(dt),St|φ) = ψ1ht + ψ2htmt + ψ3htkt + ψ4htBt + ψ5h
2
tBt

+ ψ6htJjt + ψ7htJjtBt + ψ8ht[at] + ψ9ht[a
2
t ] + ρNφht (7)

14It is also possible that labor demand frictions restrict the hours alternatives available to agents. There is some
evidence in the literature (and in the data) to alleviate that concern. Altonji and Paxson (1988) examine the labor
supply preferences of hours constrained workers and hours/wage trade-offs. They find that approximately 27% of
workers surveyed in the PSID in 1982-1983 report they wish they could work more hours. However, among those
who switched jobs in the ensuing period, only 6% remained feeling “under-employed” after the switch. The average
difference in hours worked for those who went from feeling “under-employed” to fully employed was 4.4 hours. These
results indicate that while labor demand frictions may interfere with workers getting their exact preference of hours,
those workers are a minority, and those hour restrictions are small in magnitude relative to the discrete hours worked
alternatives in this model. Further, if workers truly sought 55-60 hours per week, but could only get 40 at their
primary job, they could pick up a second job. While the model does not account for second jobs, only approximately
4-5% of the sample works a valid second job currently with their first job in most sample years.
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Although the variable for hours worked, ht, is treated as continuous, the set of alternatives related

to labor supply is polychotomous. If a specific value of hours is needed for calculation of the value

function, I use 25 hours for part-time work, 40 hours for full-time work, and 50 hours for over-time

work. For alternatives that are observed in the data, I use the observed value of ht to calculate

N(ht(dt),St).
15 16

IV.4 Distribution of Wages

The model assumes agents are forward looking. When an agent makes his employment

decision, he does so taking into consideration how his decision this period affects his expectations

of future wage offers. These expectations over future outcomes then affect the agent’s decision

today. When estimating the model, calculating the probability that an agent chooses an alternative

requires taking expectations over the wage distributions of unobserved wage offers. The distribution

of wages, not just the conditional mean, is meaningful in solution to the model and estimation of

parameters. To model the distribution of wages, it is often assumed that wages follow a continuous

distribution (e.g., Keane and Wolpin, 1997; Sullivan, 2010). Rather than impose a parametric

distribution on an error term and estimate a conditional mean, I estimate the density of wages

using Conditional Density Estimation (CDE). The density of wages is:

f(wjt|φ) = f(j,St, Bt,Jjt, φ) (8)

where wage is determined by the state vector (St), which includes work experience, education,

and body weight; and job characteristics. Unobserved occupation-specific “skill endowment”, φ,

also influences wages. The coefficients on the interaction between body mass and the vector of job

requirements determine how much of the observed wage differences between individuals of different

weights can be attributed to contemporaneous expected differences in productivity. The coefficients

on the occupational dummies interacted with body mass provides the upper bound for the wage

differences in each occupation attributable to employer preferences.

IV.4.1 Evolution of Human Capital State Variables

The goal of the model is to capture the dynamics of weight, wages, and employment behavior

over the life course. Human capital - or years of work experience and years of schooling, as well as

one’ employment/schooling state in the previous period - has dynamic implications for wages and

current period utility. This model allows work experience to accrue faster for agents who choose

to work more hours. If an individual that works longer hours (and accrues more human capital)

in a given occupation tends to gain weight faster than his less career-motivated peers, a failure to

15Some transformation of ht may be needed for proper identification of the parameters in N(·) from the parameters
in Mj(·). This is further discussed in the identification section.

16Most studies that examine occupational choice or labor supply decisions of males do not include marital state
nor number of children. While this initial version of the model is restricted to white males, I plan to extend the
model to include women. When including women in the sample, capturing the dynamic interaction between family,
employment behavior, and weight will be extremely important.
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keep track of differences in accrued human capital will lead to bias in the estimation of weight-

based wage penalties. Conversely, if being heavier means that it requires more energy to work

(i.e., creates greater disutility), then allowing accrual of experience to differ for part/full/over-time

alternatives is necessary to accurately capture the effects of weight on employment behavior over

the individual’s adult lifetime. The state variable xjt denotes “full-time-years of experience” in

occupation j entering time t. The evolution of work experience in each occupation is:

xjt+1 =



xjt if (
∑4

h=1 d
hj
t ) = 0 (no employment in occupation j)

xjt + 1
2 if d1jt = 1 or d4jt = 1 (part-time employment in occupation j)

xjt + 1 if d2jt = 1 (full-time employment in occupation j)

xjt + 3
2 if d3jt = 1 (over-time employment in occupation j)

(9)

Likewise, the model accounts for accumulated years of schooling entering period t, edt, and

is independent of occupation, but not work behavior in the previous period. Years of schooling

accrue as follows: 17 :

edt+1 =


edt if dhjt = 1, h = 1, 2, 3, 7 (no schooling)

edt + 1
2 if dhjt = 1, h = 4, 6 (part-time-schooling)

edt + 1 if dhjt = 1, h = 5 (full-time schooling)

(10)

IV.5 Additional State transitions - Marriage and Children

There are four possible values for marriage (Mt), delineated by spousal earnings.18 An agent

is single, married to a non/low earner, married to an average earner, or married to a high earner.

This earnings distinction is necessary for two reasons. First, differences in spousal earnings are

likely to create different incentives for labor force participation and labor supply. Ceteris paribus,

the spouses of high earners should respond differently to wage shocks than spouses of low earners. I

allow an individual’s weight to stochastically influence his marriage and spousal income, as in Tosini

(2008). As spousal earnings in turn subsequently affect the relative utility appeal of employment

17The accrual of education as an endogenous state variable brings the discussion back to the alternatives where
school and part time work are chosen. The pragmatic justification for forcing work and school to be part time is
that in reality, school and work are distractions from one another. Going to school at night provides some distraction
from work. Thus, though individuals may work the hours, they do not reap the benefit from a “full year” increase
in their experience. Those who work and go to school in a given year accrue a half year’s advancement in both work
and their in-school occupation. While this results in some slight discrepancies between the model and individual
reports of the highest grade completed, the key constructed cutoff points, high school degree and bachelor’s degree,
track extremely well with the observed degree reports.Approximately 1% of the observations in the data have degree
mismatches (i.e., an agent is modeled to have a degree when he does not in the data or vice versa)

18While I initially estimate the model using white males in the data set, I want to include women in future versions.
Previous research has indicated that weight-related wage penalties and weight-related occupational sorting behavior
of women display marked differences from those of men. So, while including the family states for the men may or may
not be important, including the contemporaneous family state and expectations over future family states is crucial
for modeling the forward-looking employment behavior of women. Since marriage only matters in this model insofar
as it affects employment behavior and weight status, I do not model marriage and children as a decision, but rather
as a stochastic, non-endogenous state variable using a conditional Markov process.
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alternatives, these differences are worth capturing. The marriage state transitions stochastically,

but exogenously. The marriage transition probabilities (in log odds) are specified as follows:

ln
P [Mt+1 = m′|Mt = m,St,dt]

P [Mt+1 = 0|Mt = m,St,dt]
= δMm′ ⊗ [1,Mt, Edt, Bt, Bt ∗Mt, at, Yt],m

′ = 1, 2, 3 (11)

Similarly, the probability transition for number of children,Kt, is specified (in log odds) as:

ln
P [Kt+1 = Kt + 1|St,dt]

P [Kt+1 = Kt|St,dt]
= δK ⊗ [1, at,Kt, Edt, [Mt > 0], ht] (12)

I assume that six or more children occurs with probability zero. Marriage status and children

themselves do not provide utility. Marriage is included as a stochastic state to capture variation

in employment decisions resulting from variation in unearned spousal income, which enters the

budget constraint. Due to the concavity of the utility function in consumption, this unearned

spousal income would decrease the optimal number of hours worked. Children influence stochastic

weight gain (explained below).

IV.6 Weight Transition

Having modeled how weight can affect wages and decisions regarding occupation and hours

worked, this section specifies how the model admits the possibility that employment decisions may

affect weight. Employment behavior can affect weight both directly and indirectly. Direct effects

come through on-job activity levels and number of hours worked at those levels. Food consumption

and exercise behavior held constant, lower on-job activity levels equate to lower caloric expenditure.

Principally due to limitations of the data, this model does not include an agent’s control over food

and exercise.19 Despite not being able to observe these inputs into the weight equation, by including

the endogenous determinants of the inputs, it is still possible to conduct inference on the indirect

effects of employment decisions on weight. This issue is further discussed in the section on emipirics.

In the model, body mass is conditioned on body mass in the preceding period, food prices, food

supply factors, environmental factors, wages, and family states, the requirements of the occupation

selected in that period, and hours worked. The state transition probabilities for body mass are

estimated (and future expectations subsequently taken) using CDE. Aswith wages, estimation of

the conditional density of body mass without imposing assumptions on the shape of the distribution

is advantageous in examining how covariates of interest affect body mass over the support of the

distribution. Conditional on body mass Bt in period t, the density of body mass in period t+ 1 is:

f(Bt+1|φ) = f(Bt,dt,St,Jjt, p
F , XG

t , φ) (13)

19Recent work suggests that the omitted variable of endogenous exercise is not that problematic. Coleman and
Dave (2011) use ATUS data and find that only 4% of total daily calorie expenditure is due to discretionary exercise,
thereby reemphasizing the importance of on-job activity. However, the lack of insight into individuals’ food choices
remains an issue, albeit one which is addressable in part.
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where the XG
t variables capture regional and time series variation in food prices, access to facilities,

crime rates, number of fast-food restaurants per capita, etc.

IV.7 Optimization Problem

The objective of the individual is to choose alternatives at time t to maximize expected

lifetime utility at time t. Lifetime utility at time t is represented by a value function using the

Bellman formulation. The value function is comprised of current period utility and discounted

expected future utility. The total current period utility is the sum of the deterministic utility from

equation 3 and an alternative-specific i.i.d. preference shock:

Uhj(d
hj
t = 1,St, φ, εt) = Uhj(d

hj
t = 1,St, φ) + εhjt (14)

In the empirical implementation, εhjt is an additive econometric error (Rust, 1997). In the theoretical

model, εhjt is interpreted as an unobserved state variable (Aguirregabiria and Mira, 2010). The

alternative specific lifetime value function in state St, conditional on unobserved heterogeneity φ,

is:

Vhj(St, ε
hj
t |φ) = Uhj(St, φ) + εhjt + β

∫
B
f(Bt,dt,St, φ)

1∑
k=0

3∑
m=0

P [Mt+1 = m|St,dt]P [Kt+1 = k|St,dt]E[V(St+1|φ)|dhjt = 1]dB (15)

where V(St+1|φ) is the maximal expected lifetime utility of being in state St+1. The value function

is conditional on the unobserved heterogeneity component φ. The expectation operator is taken

over the future wage and preference shocks. I use quadrature with the estimated conditional density

of wages to evaluate the expectation within solution to the model.20 Let V hj(·) = Vhj(·) − εhjt . If

we assume that εhjt follows a Type 1 Extreme Value distribution, then maximal expected lifetime

utility has the following closed form expression:

V(St+1|φ) = λ+ ln(
∑
hj

exp(V hj(St+1|φ)), ∀t (16)

where λ is Euler’s constant. Furthermore, because the error term εhjt is additively separable, the

conditional choice probabilities take the following form:

p(dhjt = 1|St, φ) =
exp(V hj(St|φ)∑
hj′ exp(V hj′(St|φ)

(17)

20This is discussed further in the next section.
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The likelihood function consists of these choice probabilities, augmented to take expectations over

unobserved wages as in Stinebrickner (2001) and Sullivan (2010), and transition probabilities for

marriage, body mass, and number of children.

V Empirical Implementation

Several features of the model are emphasized in the following discussion of the estimation

of the theoretical model. Having discussed these features in light of empirical implementation, I

conclude this section with a discussion of identification and construction of the likelihood function.

V.1 Conditional Density Estimation

Rather than assume normality of the (log) wage distribution and body mass distribution, I

impose no distributional form and estimate the conditional density of (level) wages and body mass

flexibly. Estimating the conditional density utilizes sequences of conditional probability functions to

construct a discrete approximation to the density function of the outcome of interest, conditional

on the explanatory variables listed above. As in Gilleskie and Mroz (2004), these conditional

probability functions used in the sequences are logit probabilities. This technique has several

beneficial features relative to the traditional approach of assuming a distribution and parameterizing

moments (e.g. the mean and variance for a normality assumption) of the imposed distribution.

First, CDE allows explanatory variables to have a different effect at different points of support of

the distribution of wages. Recent work using nonparametric methods (Kline and Tobias, 2008) and

quantile methods (Johar and Katayama, 2012) has shown that the effects of weight on wages varies

over the distribution of wages. This same feature permits an assessment of whether the distribution

of wages in a particular occupation magnifies or suppresses weight-related wage differences. Do

occupations with high concentrations of low wages not ostensibly exhibit wage penalties for obesity

because of lower skill requirements, or because wage penalties for obesity are far more pronounced at

the top end of the wage distribution? CDE has the additional benefit of not imposing multiplicative

separability of the variables in interpreting the levels of the logged variables. Gilleskie and Mroz

(2004) show that expected wages (i.e., the first moment) can be approximated using the estimated

density:

E[wt|St,Jjt, φ] =
K∑
k=1

wt(k|K)λW (k,St,Jjt, φ)
k−1∏
j=1

[1− λW (j,St,Jjt, φ)] (18)

where P [wk−1 ≤ wt < wk|St,Jjt, φ] = λW (k,St,Jjt, φ)
∏k−1
j=1 [1 − λW (j,St,Jjt, φ)], λ(k,X) is a

single logit hazard equation, and w(k|K) is the arithmetic mean of the wages observed in partition

k. In solution to the model,expectations can be taken using this discrete estimated approximation

rather than integrating over a continuously distributed error term. Similarly, the expectations and
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transition probabilities for body mass are:21

E[Bt+1|St,dt, φ] =

L∑
l=1

Bt+1(l|L)λ(l,St,dt, p
F
t , X

G
t , φ)

l−1∏
j=1

[1− λ(j,St,dt, p
F
t , X

G
t , φ)] (19)

where P [Bl−1 ≤ Bt+1 < Bl|St,dt, pFt , XG
t , φ] = λ(l,St,dt, p

F
t , X

G
t , φ)

∏l−1
j=1[1−λ(j,St,dt, p

F
t , X

G
t , φ)]

V.2 Indices of Job Requirements by Occupation

A primary contribution of this paper is the tracing of weight-based wage differentials and

sorting differences to the physical, mental, and social requirements for the occupations. The raw

data for requirements for jobs come from the Dictionary of Occupational Titles and its present day

counterpart, O*NET, the Occupational Information Network. The DOT contains information on

over 12,000 jobs, many of which could be better characterized as tasks than positions for which an

individual is solely hired. Aggregating these jobs up to five occupational classes is done in two steps.

First using a crosswalk from ICPSR and my own work, I linked as many jobs as could be cleanly

linked to a Census Occupation Code. An unweighted average of the requirements of these DOT

formed the COC-level values for job requirements. Second, CPS weights were used to aggregate

the SOC averages up to the Occupation-class-level values. Intrinsic variation in requirement values

come from changes in the both from changes in reported values in DOT and O*NET revisions

and from addition/subtraction of jobs between revisions. Extrinsic variation in requirement values

comes from the variation in CPS weights change over time, changing the relative import of the

SOC level values to the occupation class requirement values (e.g., computer systems analysts are

much more heavily weighted in 2006 than 1980).

One obstacle in creating these indices was mapping the fine O*NET data into the coarser

DOT. The DOT contained very coarsely scaled data on job requirements in less than 10 dimen-

sions. The O*NET, by contrast, contains highly detailed information on what it takes to do a

job, containing continuous scales of both level and importance (relative to the DOT’s discrete 0-5)

of over 50 elements. To overcome the difficulty in identifying changes in job requirements from

1991-1998 from changes to the DOT/O*NET rating system, I use a study by Felstead et al (2006)

that uses survey data to examine how various skill requirements and prevalence of computers have

changed in one-digit occupation classes from 1987 to 2006. If the authors report that physical

requirements of an occupational category has changed less than 3%, I treat that as no real change.

Using a regression with the subset of minimally changing jobs, I predict how O*NET values would

translate to DOT values.22 Conditional on this assumption, variation in predicted DOT ratings

21K and L are the number of quantiles into which the data for wages and weight are divided. Here, 25 was used
for both K and L.

22Regression results, and specific subsets of occupations used in this step will be made available shortly as a web
appendix.
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based on O*NET data can be interpreted as changes in job requirements. Graphs of the calculated

job indices by occupation from 1977-2006 are available in the appendix.23

V.3 Permanent Unobserved Heterogeneity

The estimated model allows unobserved (as well as observed) heterogeneity of the individual

to influence decisions and outcomes. This feature is important because correlation in unobserv-

ables across alternatives and outcomes could bias estimates of parameters if the correlation is not

modeled. I allow permanent unobserved heterogeneity to enter the model through the φ terms and

associated factor loadings (ρ). The factor loadings allow for a different effect of the unobserved φ

in each expression. Approximating the joint distribution of this unobserved heterogeneity with a

step function, estimating the factor loadings, mass points, and probability weights (π) removes the

necessity of imposing distributional assumptions on the error term (Heckman and Singer, 1984).

This discrete factor method has been shown to approximate well both normal and non-normal dis-

tributions (Mroz, 1999). Unobserved heterogeneity enters the fixed-costs of participation in each

occupation and schooling, and the utility from working ht hours. One factor loading is estimated

for each alternative, with the factor loading on the outside option normalized to zero. The factor

loading for scholing does not differ by employment status while in school.

V.4 Weight Inferences

The purpose of this dynamic model is not to explore why people gain weight. Rather the

model correctly includes stochastic weight transitions that might be directly and indirectly influ-

enced by schooling, employment, occupation, and hours decisions in order to capture the endogenous

evolution of weight over the life cycle. This section discusses data limitations that must be dealt

with in order that weight may be modeled appropriately as a dynamic component of a possibly

cyclical relationship (given that there are differences in occupational sorting patterns between the

healthy weight and the overweight). Additionally, as there is mounting associative evidence in the

literature of relationships between occupational choice and weight gain, ignoring the possibility of

this dynamic feedback mechanism (i.e. that occupations may affect body mass) would introduce

bias to the estimates of how weight affects employment behavior. The data limitation is that the

23In all five occupational categories, the social and mental requirements have increased over the sample period,
which is consistent with the notion of skill-biased technical change (Autor et al., 2003). The hypothesis is that as
computers have become more prevalent and more powerful, they have removed the burden of performing tasks which
are “routine”, thereby shifting the mental demands on workers to higher order thinking. Workers who 20 years
ago spent their time sawing/cutting, now operate complicated machinery to accomplish the same tasks. Knowledge
workers, who formerly spent time performing computationally intensive tasks, now spent more time on more strategic
work. The physical demands of blue collar jobs have decreased over the last 30 years, whereas the physical demands
of white collar work have risen slightly. These increases in demands are not drastic, but reflect a change from abject
stationarity to some light motion. While on average workers have certainly migrated into more sedentary work over
the sample period, not all occupations have become increasingly sedentary.
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NLSY does not provide information on caloric intake and caloric expenditure. As such, the struc-

tural production of body mass (as a function of these inputs) cannot be modeled. Instead, the joint

demands for caloric intake and expenditure are replaced by their theoretical arguments.

Thus, the parameters in the weight transition expression (equations (13) and (19)) are not

themselves structural parameters but functions of structural parameters and should be interpreted

as such. In other words, by controlling for environmental factors such as food prices, crime rates,

and availability of exercise facilities, it is possible to control for factors that may magnify or reduce

the unobservable indirect effects of employment behavior on weight via food choices. Specifically,

supplying additional labor provides more money for (un)healthy food but leaves less time available

for all forms of leisure, including exercise. Supplying additional labor may also encourage or

necessitate agents to substitute towards restaurant meals or fast food (forsaking grocery/meal

preparation time for leisure), both of which tend to be heavy in calories. During the sample period

there has been a dramatic increase in the supply of “convenience food”, habitual consumption of

which leads to weight gain. Variation in these environmental factors and weight gain patterns

informs us about how employment decisions probabilistically affect unobserved decisions regarding

food and exercise.24

V.5 Identification and specification considerations

For the identification of the model parameters, I first normalize to zero the contemporane-

ous utility of not working with no unearned spousal income. The vector of job requirements of

not working is set equal to zero. The identification of the parameters in the contemporaneous

utility function are all identified through choice frequencies, conditional on observed wages. The

identification of the parameters in the fixed-cost expression comes from the frequency with which

individuals at various points in the state space (and their observed wage offers) choose various

occupations relative to not working. The coefficients on the job characteristics Jjt are identified by

the variation in frequency of occupational choice as job requirements evolve. Note these require-

ments are time varying, not just occupation specific. The parameters for variable cost of working

additional hours are identified by the frequency that individuals choose alternatives with part, full,

or overtime hours, conditional on observed wage offers and job requirements. The exponent in the

utility function is identified through changes in the response of hours worked, ht, to variation in

wages as unearned income changes. The pursuit of education early in the model also aids in the

identification of the CRRA parameter as it will pick up inter-temporal elasticity of substitution

24Life in the United States has undergone significant change during the sample period. Fully capturing changing
cultural norms about weight, the extent to which technological advancement changed life in the workplace, the appeal
of sedentary leisure, changes in the supply of jobs in the varying occupations, and the amount of physical activity
required in home production is beyond the scope of the model. The parameters on the variables for body mass
and job requirements in the expressions for wages and fixed costs are most likely to be correlated with these factors
not included in the model and therefore most susceptible to omitted variable bias or problems resulting from non-
stationarity. To alleviate these sources of bias, I include the age of the agents in the specification for wages, fixed
costs, and the body mass equation to capture these trends. The coefficients on the age variables then, are not directly
interpretable as such.
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with regards to consumption. If the CRRA coefficient is close to zero, the value of an additional

years of education (and higher expected lifetime earnings) is greater than if the CRRA coefficient

is larger.

V.6 Initial Conditions

In the model, agents are assumed to make their first schooling/employment choice at age

17. At age 17, agents are assumed to have no accrued occupational experience.25 The endogenous

state variables of years of completed schooling and initial body mass require the modeling of initial

conditions. The initial condition for completed years of schooling is modeled using an ordered

probit regression with birth quarter and information about presence of newspapers, magazines,

and library cards as exclusion restrictions. Initial conditions for body mass are modeled using

regional dummies, information about parents’ health, and the same time-varying environmental

factors (linked with the geocoded data) from the weight equation. The NLSY began recording

weight in 1981. For the significant portion of the sample who was older than 17 by 1981, I use the

results of the 17 year olds whose weight I do observe in 1981 to estimate the conditional distribution

of the age-17 weights of the individuals who were 17 prior to 1981. Using the model, I can simulate

weights (probabilistically) for each period from age 17 until their weight is actually observed. Thus,

I use the model to generate probabilities of an individual’s weight when weights are first recorded

in 1981 (Khwaja, 2010).

V.7 Solution and the Likelihood Function

In a finite horizon maximization problem, at any given time t, I model an individual’s decision

making behavior as if he is maximizing his expected discounted utility over the balance of his

lifetime, conditional on the current state. Three aspects of the data must be addressed in estimation.

First, the lives of agents continue past the horizon of the data, and agents will continue to receive

utility beyond the observed periods. To capture this unobserved continuation payoff, this model

uses a closing function as in Mroz and Weir (2003) to approximate the unobserved future utility as

a linear function of state variables including experience, body mass, and indicators for occupation

in the final period. The parameters of this linear function g(·) are estimated jointly within the

model. The final period closing function is

V̂ (ST |φ) = g(ST |φ) (20)

With this approximation for the closing function, the value of a specific alternative in time T − 1,

as in equation (15) conditional on type and observed wage offer ωjT−1, is

V hj
T−1(ST−1|φ, ω

j
T−1) = Uhj(ST−1, ω

j
T−1, φ) + βEV̂ (ST |ST−1,dT−1, φ) (21)

25Approximately 2% of the white males in the full NLSY79 sample are married by age 17, and less than 2% of the
white males in the sample has a child by age 17. All individuals in the working subsample (discussed in the data
section) are single and childless at age 17.
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I proceed by backward recursion to solve for value functions in preceding periods.

Second, I must account for the fact that individuals’ wage offers in each occupation are not

observed when those occupations are not chosen. As in Stinebrickner (2001), I integrate over the

distribution of unobserved wages when calculating the conditional choice probability in equation

(17). Defining ω−j as the vector of unobserved wage offers, the choice probability conditional on

state St and wage offer ωj is:

p(dhjt = 1|St, ωjt , φ) =

∫
ω−j

exp(V hj(St|ωj , φ)∑
hj′ exp(V hj′(St|ωj′ , φ)

P [wk−1 ≤ ωjt < wk|St] dω−j (22)

which does not have a closed form solution. Integration is conducted by taking D draws from the

joint distribution of unobserved wages as estimated by CDE. Equation (22) can thus be rewritten

as:

P (dhjt = 1, ωjt |St, φ) =
1

D

D∑
d=1

exp(V hj(St|ωjt , φ))∑
hj′ exp(V hj′(St|ω

j′(d)
t , φ))

P [wk−1 ≤ ωjt < wk|St] (23)

Finally, the likelihood function accounts for the switching of the NLSY ’79 from an annual to a

biennial survey in 1994. While data on employment behavior, wages, and family status for the

missing years can be recovered from the retrospective questions, I integrate over body mass in

the odd numbered years. Because body mass as a state variable enters the conditional choice

probabilities and transition probabilities for marriage state and number of children, integration is

required when calculating these probabilities. For exposition, I define the variable yt as follows:

yt =


0 if year is during annual survey period (up to 1994)

1 if year is during biennial survey period and is a survey year

2 if year is during biennial survey period and is not a survey year

(24)

Let Gy=0
t |φ be the individual’s likelihood contribution in period t when yt = 0 and conditional on

unobserved heterogeneity term φ, suppressing notation for St,dt, and φ as (·), where

Gy=0
t |φ =

HJ∏
hj=1

[
P̃ (dhjt = 1, ωjt |·)∗

L∏
l=1

(PBt |·)1[Bt+1=Bl]∗
3∏

m′=0

(PMt |·)1[Mt+1=m′]∗
1∏

k=0

(P kt |·)1[Kt+1=Kt+k]
](dhjti )

(25)

The choice probability, conditional on observed wage, is defined as above, PBt is the CDE weight

transition probability, PMt and PKt the transition probabilities for marriage and children from

equations (11) and (12) respectively. In survey years during the biennial period, the individual’s
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contribution is similar except body mass transition probabilities are not calculated as body mass

will not be observed in the next period. Therefore when yt = 1:

Gy=1
t |φ =

HJ∏
hj=1

[
P̃ (dhjt = 1, ωjt |·) ∗

3∏
m′=0

(PMt |·)1[Mt+1=m′] ∗
1∏

k=0

(P kt |·)1[Kt+1=Kt+k]
](dhjti )

(26)

and when yt = 2, I use the parameters of the model to integrate over the missing body mass state

variable when calculating all four probabilities:

Gy=2
t |φ =

B∑
b=1

PBt−1

(
HJ∏
hj=1

[
P̃ (dhjt = 1, ωjt |·, Bt = b) ∗

L∏
l=1

(PBt |·, Bt = b)1[Bt+1=Bl]

∗
3∏

m′=0

(PMt |·, Bt = b)1[Mt+1=m′] ∗
1∏

k=0

(P kt |·, Bt = b)1[Kt+1=Kt+k]
](dhjti ))

(27)

where the cell means from the body mass CDE are used for the discrete missing values of Bt. To

complete the likelihood function I need initial conditions as discussed above. With initial condition

probabilities in place, an individual’s contribution to likelihood function to estimate the above,

conditional on φ is:

Li(Θ|φk) =

Ti∏
t=1

[ 2∏
y′=0

(
Gy
′

t |φ
)1[y=y′]]

(28)

The unconditional likelihood function for an individual can then be written as

Li(Θ) =
∑
k

πkLi(Θ|φk) (29)

The likelihood function is therefore:

Li(Θ) =

N∏
i=1

∑
k

πkLi(Θ|φk) (30)

VI Results

I estimate the model using a nested solution method. The inner algorithm solves the dynamic

model for a given vector of parameters and for all mass points of the distribution of unobserved

heterogeneity. With the resulting probabilities, the outer algorithm calculates L(Θ) and updates Θ

with a BHHH algorithm. Because the state space is very large 26, the expected value terms detailed

above are calculated using 3000 draws from the state space each period and interpolation over the

26There are over 20 billion possible values of the state vector in the final period
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state space as in Keane and Wolpin (1994). Expectations over unobserved wages are taken using

80 Halton draws from the joint distribution of wages per person per period.

All results in the current paper are preliminary point estimates; standard errors are not

included. Estimated asymptotic standard errors are only valid at the parameter values which

maximize the likelihood function. Because estimation is still ongoing, I do not have valid standard

errors to report at this time.

Table 5 contains the results from the conditional density estimation of wages. Recall that

CDE utilizes a logit hazard equation. A positive parameter value indicates that an increase in the

variable of interest increases the probability that wages will be observed in lower quantiles of the

support of wages. Conversely, a negative value indicates that an increase in the variable of interest

will not be observed in a given quantile of the support of wages. Negative parameter values therefore

indicate that increases in the variable of interest lead to higher expected wages. Each variable is

also interacted with γ, a term that enables the effect of the variable to differ over the support of

wages. Specifically, letting K equal the number of quantiles used for CDE, γ = (−1) ∗ ln(K − k)

for each cell k in constructing the logit hazard probabilities (Gilleskie and Mroz, 2004). Because

for a positive variable x, the interaction term x ∗ γ is negative, a positive parameter value on x ∗ γ
indicates a positive effect on expected wages, although that effect diminishes in the upper quantiles

of the support of wages. Parameter estimates for a variable x and its interaction with γ must be

interpreted jointly. For example, consider the effects of a bachelor’s degree on wages in Professional

occupations. The estimated parameter for a bachelor’s degree is 0.188, indicating that having a

bachelor’s degree increases the probability that the individual’s wages will fall in the lowest quantile

of wages (and in the second lowest quantile, should the individual’s wage not be observed in the

lowest quantile, and so on). However, the estimated parameter on “bachelor’s degree*γ” is 0.259.

Since in the lowest quantile, γ = (−1) ∗ ln(25 − 1) = −3.17, the combined sign on the effects

of a bachelor’s degree is negative (0.188 + 0.259*-3.17 = -.659) indicating that individuals with

a bachelor’s degree are less likely to be observed earning wages in the lowest quantile (and each

successive quantile until the top 3, if calculated).

Interpreting parameter results directly as marginal effects is infeasible, but marginal effects of

some variables are illustrated by simulation methods in the next subsection. Some results, however,

are worth summarizing here. First, per the right column in the occupation-invariant estimates in

table 5, higher body mass is linked to higher wages in physically-intensive occupations and lower

wages in socially-intensive jobs. The relationship between body mass and wages varies only slightly

with mental requirements. The former result seems counterintuitive, but is not inconsistent with

previous work. Since the physical requirements as such are principally determined by strength,

extra body mass may be an asset. Second, conditional on requirements, body mass is linked to

lower wages in Sales and Administrative Occupations, Labor/Operator Occupations, and Service

Occupations. Third, higher body mass is linked to lower returns to accrued ’white collar’ experience
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in all occupations.27 Fourth, higher body mass reduces the return to education in white collar

occupations.

Table 6 reports the estimates for the parameters in the utility function, including fixed costs

of participating in each occupation and schooling, switching costs, and variable costs. The results

suggest that heavier individuals face higher fixed costs of participating in occupations with greater

mental and social requirements, and lower fixed costs of participating in occupations that have

greater physical requirements. Because the estimates of interaction effects of body mass and job

requirements align between the wages and fixed costs, these results are consistent with the notion

that employers at least view body mass as a signal of productivity, and that the sign and magnitude

of that signal depends on what abilities the job requires. Conditional on the requirements of the job,

individuals with greater body mass are found to have lower fixed costs of working in the classes

including Professionals, Technicals, and Managers (PTM); Craftsmen and Laborers; and higher

fixed costs of working in Sales and Administrative occupations. Since nearly all customer facing

jobs are found in the Sales and Administrative category, this result is consistent with Hamermesh

and Biddle (1994).28 The results also suggest that greater body mass is linked to higher switching

costs when entering white collar jobs. The effects are twice as strong for the PTM jobs than

the Sales and Administrative jobs. Preliminary results suggest that body mass affects optimal

employment behavior, which in turn affects future experience and future wage distributions. This

relationship is revisited in the section on simulations.

The estimates for the body mass transition equation are reported in Table 7. Conditional on

body mass entering the period, higher wages are associated with lower body mass in the ensuing

period. The wages result is consistent with the notion that higher wages garner more resources

for investment in health capital (Grossman, 1972). However, the interaction effect of body mass

and wages is positive. The results imply that individuals of higher body mass in period t use

additional resources to further increase their body mass. The estimates for hours exhibit a similar

pattern. While an increase in hours worked leads to lower body mass in the ensuing period, the

interaction effect of body mass and hours is positive. The education dummies corresponding to

high school and college graduation are associated with lower body mass. The estimated effect

of marriage on body mass is positive; the effect of additional children on men’s body mass is

negative. Conditional on education, income, unobserved heterogeneity, and age; physically intensive

jobs are surprisingly shown to increase body mass, whereas mentally intensive work is shown to

decrease body mass. Interpreted as ’direct effects’ of employment on decisions on body mass, these

results are nonsensical. These results can only be explained via indirect effects, or the effects of

individuals employment decisions on unobserved optimal diet and exercise behavior. Physically

27“White Collar” occupations include Professional, Technical, and Managerial Occupations (category 1) and Sales
and Administrative Occupations (category 2).

28While food service workers are included in the “Service” category, the majority of individuals in the data in
“Service occupations” are not waiters/waitresses per se.
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Table 5: Estimates of Wage Density, λ(·)
Occupation-Invariant Estimates
Variable Estimate ASE Requirement Estimate ASE Body Mass * Estimate ASE

Requirement
Constant -0.4165 Physical -0.064 Physical -0.001
γ 0.3709 Physical*γ -0.007 Physical*γ 0.003
γ2 0.5141 Mental -0.150 Mental 0.001
γ3 0.1583 Mental*γ -0.056 Mental*γ 0.001
t -0.020 Social -0.432 Social 0.006
t*γ 0.011 Social*γ -0.068 Social*γ -0.003

Occupation Specific Variables
Occupation Professional Sales & Admin Craftsmen Laborers Service
Variable Estimate ASE Estimate ASE Estimate ASE Estimate ASE Estimate ASE

Constant 4.675 2.478 2.660 0.859 –
γ 1.681 0.943 1.053 0.461 –
t 0.120 0.066 0.039 0.022 –
t*γ 0.089 0.037 0.060 0.041 –
Education -0.134 -0.149 -0.009 0.188 0.036
Education*γ -0.007 0.009 0.052 0.105 0.019
Experience Occ.1 -0.102 -0.017 -0.082 -0.035 0.002
Experience Occ 1*γ -0.006 -0.007 -0.046 -0.017 -0.001
Experience Occ.2 -0.162 0.002 0.097 0.081 0.003
Experience Occ 2*γ -0.091 0.004 -0.035 -0.131 0.001
Experience Occ.3 -0.029 0.086 0.005 0.120 0.003
Experience Occ 3*γ 0.010 0.088 -0.033 0.022 0.003
Experience Occ.4 -0.065 0.003 0.048 0.041 0.003
Experience Occ 4*γ -0.051 0.002 0.014 -0.008 0.002
Experience Occ.5 -0.017 -0.068 -0.023 0.041 0.002
Experience Occ 5*γ -0.043 -0.057 -0.068 0.013 0.001
Bachelor’s Degree 0.188 0.298 0.290 -0.973 0.031
Bachelor’s *γ 0.259 0.146 0.088 -0.375 0.026
Body Mass 0.001 0.023 0.003 0.023 0.029
Body Mass*γ 0.010 0.007 0.002 0.006 0.006

Body Mass Interacted with Accrued State Variables
Occupation Professional Sales & Admin Craftsmen Laborers Service
Variable Estimate ASE Estimate ASE Estimate ASE Estimate ASE Estimate ASE

Education 0.003 0.006 -0.000 -0.010 -0.004
Education*γ -0.002 0.001 0.000 0.001 0.001
Experience Occ.1 0.005 0.009 0.006 0.013 0.019
Experience Occ 1*γ 0.001 0.004 0.001 0.002 0.004
Experience Occ.2 0.007 0.009 0.006 0.029 0.011
Experience Occ 2*γ 0.002 0.002 0.004 0.008 0.008
Experience Occ.3 -0.003 -0.002 0.010 0.007 -0.009
Experience Occ 3*γ -0.001 -0.002 0.003 0.002 -0.005
Experience Occ.4 -0.001 -0.002 0.001 0.008 0.009
Experience Occ 4*γ 0.001 -0.001 0.000 0.002 0.004
Experience Occ.5 -0.004 0.002 0.001 -0.001 0.009
Experience Occ 5*γ 0.001 0.001 0.003 -0.001 0.004
Bachelor’s Degree -0.105 -0.194 -0.074 0.477 -0.043
Bachelor’s *γ -0.072 -0.121 -0.054 0.178 -0.008

Unobserved Heterogeneity
Factor loadings -0.078 0.069 -0.049 0.046 0.047
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Table 6: Utility Function Parameters
Variable Estimate ASE

α 0.971

Occupation-Invariant Variable Costs Fixed Costs of Schooling
Variable Estimate ASE Variable Estimate ASE

Constant -2.000 Constant -2.253
Mt -0.093 (Ed ≥ 12) 2.992
Kt -0.067 (Ed ≥ 16) 0.955
Bt 0.026 t 0.366
hours*Bt 0.015 t2 -0.056
Physical 0.007 Working 2.501
Mental -0.051 Returning -0.226
Social -0.013
Physical*Bt -0.006
Mental*Bt 0.004
Social*Bt 0.009
t - 0.018
hours*t 0.022
hours 0.500

Unobserved Heterogeneity
Factor Loading 0.206 Factor Loading -0.056

Occupation-Invariant Estimates, Fixed Costs
Requirement Estimate ASE Requirement* Estimate ASE Requirement* Estimate ASE

t Body Mass

Physical -0.104 Physical 0.002 Physical -0.015
Mental -0.117 Mental -0.003 Mental 0.026
Social 0.056 Social -0.005 Social 0.021

Occupation Specific Fixed Costs
Occupation Professional Sales & Admin Craftsmen Laborers Service
Variable Estimate ASE Estimate ASE Estimate ASE Estimate ASE Estimate ASE

Constant 6.061 6.789 1.606 0.531 4.160
Years of School -0.053 -0.002 0.046 0.027 -0.210
(Ed ≥ 12) -1.099 -4.822 -1.137 -0.015 -0.148
(Ed ≥ 16) -3.909 -1.645 -0.239 0.607 0.399
Body Mass -0.107 0.060 -0.020 -0.030 0.008
t -0.014 -0.006 0.025 0.050 0.02

Occupation Specific Swiching Costs
Occupation Professional Sales & Admin Craftsmen Laborers Service
Variable Estimate ASE Estimate ASE Estimate ASE Estimate ASE Estimate ASE

1[jt−1 = 0] 0.121 0.341 1.946 0.480 0.229
1[jt−1 = 1] – 2.662 4.631 1.965 1.717
1[jt−1 = 2] 1.201 – 4.134 1.280 2.380
1[jt−1 = 3] 0.232 -0.211 – -1.796 0.513
1[jt−1 = 4] 2.270 1.670 3.017 – 1.656
1[jt−1 = 5] 2.029 2.860 5.609 1.778 –
1[jt−1 6= j] ∗ t 0.04 0.08 0.12 0.09 0.005
1[jt−1 6= j] ∗Bt 0.153 0.052 -0.001 -0.003 0.040

Unobserved Heterogeneity
Factor Loadings -0.265 0.342 -0.215 0.498 0.439
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intensive occupations are usually not aerobic. If physically intensive work leaves the individual

with less energy for more productive weight maintenance activities, the net effect of physical work

on weight may be positive. Similarly, higher body mass carries greater negative consequences in

white collar occupations than blue collar or service occupations. The fact that these occupations

are mentally intensive may provide incentives for individuals in these occupations to invest more in

maintaining a healthy weight. Future versions of this paper will include specification adjustments to

interact the requirements with body mass, and may model body mass maintenance as a continuous

choice. This is discussed further in the conclusion.

The estimated factor loadings on the mass points of unobserved heterogeneity have the same

directional effects in the wage distributions and estimates of fixed costs. Unobserved propensity to

not gain weight is positively correlated with wages and reduced fixed costs in PTM occupations

and Craftsmen. Unobserved propensity to not gain weight is negatively correlated with wages and

associated with higher fixed costs in Sales, Laborer, and Service occupations.

VI.1 Model Fit

To assess how well the model fits the observed data, I simulate the behavior using the model

and the estimated parameters for 10,000 individuals. Initial conditions are randomly drawn using

observed probabilities. An individual’s “type” is also drawn randomly using the estimated pro-

portions from the estimated unobserved heterogeneity distribution. Figure 3 shows the predicted

proportions of chosen occupations by age and the same proportions from the observed data. The

model fits the data reasonably well in terms of relative and absolute frequency, with two exceptions.

First, sales and administrative work are not always chosen more often than service occupations.

Second, the decrease in proportion of white males selecting work as a laborer over time is stronger

in the data than in the model.

Figure 4 plots the observed and predicted proportions of occupations chosen for the obese

and non-obese by specific age groups. The model predicts the relative differences between the obese

and non-obese well. In each age group in the data, obese workers are less likely to be found in

professional occupations than non-obese workers. When workers are under the age of 30, obese

workers are less likely to be found in sales and administrative occupations than non-obese workers.

The opposite is true in later yeas. The model predicts both the levels of and differences between

obese and non-obese workers sorting into craftsmen, laborer, and service occupations.

Two exceptions emerge, however, that motivate a possible specification change discussed

further in the conclusion. First, the model mis-predicts the dynamics of the PTM occupations with

respect to body mass. In the data, the difference in proportion of obese and non-obese individuals

in PTM jobs are greatest at earlier ages, converging as individuals age. Between ages 24 and

30, 24.5% of non-obese workers in the data are employed in professional occupations compared to

15.5% of obese workers, a difference of 9.3%. Between ages 38-45, 40.5% of non-obese workers in
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Table 7: Parameter Estimates for Body Mass Density

Variable Estimate ASE
Constant 10.207
γ -10.742
γ2 -0.026
γ3 0.586
t 0.093
t*γ 0.039
t2/100 -0.158
(t2/100)*γ -0.072
Body mass -0.464
Body mass*γ 0.293
(Ed ≥ 12) 0.322
(Ed ≥ 12)*γ 0.130
(Ed ≥ 16) 0.438
(Ed ≥ 16)*γ 0.122
Married 0.144
Married*γ 0.081
hours/10 0.796
(hours/10)*γ -0.313

hours2/100 -0.027

(hours2/100)*γ -0.013
Physical 0.209
Physical*γ 0.151
Mental 0.156
Mental*γ 0.052
Kt 0.044
Kt*γ -0.002
Spouse Inc. (1000’s) -0.019
Spouse Inc.*γ -0.008
(hours/10)*Bt 0.213
(hours/10)*Bt*γ 0.298
wage 0.495
wage*γ 0.040
wage*(hours/10) 0.001
wage*(hours/10)*γ -0.001
wage*Body mass -0.148
wage* Body mass*γ 0.009
FF Index -0.012
FF Index*γ -0.004
Crime Index -0.003
Crime Index*γ 0.002

Unobserved Heterogeneity
Factor Loading 0.206
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Table 8: Estimates for State Transitions - Marriage and No. of Children

Marriage State Transitions
Outcome Mt+1 = 1 Mt+1 = 2 Mt+1 = 3
Variable Estimate ASE Estimate ASE Estimate ASE

Constant -2.824 -3.393 -4.108
Kt 0.002 0.064 -0.161
Body Mass 0.004 0.021 -0.003
(Mt = 1) 5.653 3.859 2.835
(Mt = 1) ∗Bt -0.001 0.002 -0.012
(Mt = 2) 4.55 6.476 4.355
(Mt = 2) ∗Bt -0.005 -0.002 0.005
(Mt = 3) 4.049 4.734 6.737
(Mt = 3) ∗Bt 0.001 -0.001 0.002
Education 0.001 -0.023 0.001
Hours -0.003 0.000 0.000
Wage 0.001 0.000 0.000

Number of children
Variable Estimate ASE
Constant -1.032
Kt 0.054
Edt -0.001
hours -0.001
age -0.071
age2 0.000
(Mt = 1) 1.015
(Mt = 2) 0.948
(Mt = 3) 1.043
Bt -0.002

35



Figure 3: Proportions of occupations chosen by age, model v. data

the data are employed in professional occupations compared to 37.1% of obese workers, a difference

of 3.4%. The model predicts the opposite pattern, with respective values of 22.7% for non-obese

workers, 16.9% for obese workers and a difference of 5.8% over the ages of 24-30. The model predicts

48.6% of non-obese workers, 39.2% of non-obese workers, and a difference of 9.4% will be found in

professional occupations between the ages of 38-45.

The second key difference is that the model predicts that obese workers will consistently

choose Laborer occupations in greater proportion than non-obese workers. The data show that,

while this is the case in earlier ages, overall, a low proportion of obese workers relative to non-obese

workers are found in Laborer occupations. I return to the potential specification change to address

these mispredictions in the conclusion.

Figure 5 plots the actual and predicted wages for the obese and non-obese by age for each

occupational category. In the white collar occupations where growth in wage disparity on the basis

of weight is common, the model captures the growth in wages for both weight groups. In the

actual data from professional occupations, obese workers make $0.84 per hour (in 1983 dollars)

less than their non-obese counterparts at age 25, and $4.27 less than non-obese workers at age 50.

The model predicts these differences to be $0.94 and $4.61 at ages 25 and 50 respectively. The

model also predicts the growth in the difference in mean wages as individuals age for Sales, Clerical,

and Administrative Occupations. In the data, obese workers earn $1.42 per hour less than their

non-obese counterparts at age 25, and $3.71 less at age 50. The model predicts these differences to
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Figure 4: Predicted and observed proportions of occupations chosen, obese and non-obese, by
selected age groups
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be $1.33 and $3.41 respectively. As seen in Figure 5, the model not only predicts the end points

fairly well, but also predicts the trends in between.

The model also predicts wages by weight status for blue collar occupations. Note that the

scaling is smaller in the bottom three panels of Figure 5 as mean wages in these occupations were

lower in both initial values and growth rates over the sample period. For craftsmen, the model

predicts differences in wages between the obese and non-obese of $0.08 and $0.78 at ages 25 and

50 against respective differences of $0.03 and $0.50 in the data. For laborers, the model predicts

differences in wages between the obese and non-obese of $0.05 and $0.98 at ages 25 and 50 against

observed differences of $0.16 and $0.85 in the data. For service workers, the model captures the

midcareer differences in wages between the obese and non-obese ($1.01 predicted vs. $0.81 in the

data at age 35, and $1.25 vs. $1.17 age 40), but fails to capture neither the convergence of wages

between the obese and non-obese, nor the negative growth in real wages in service occupations at

the end of the sample period.

VI.2 Counterfactual Experiments

Having shown that the estimated model fits the observed data quite well in several dimensions,

I demonstrate how this model of individual forward-looking decision making about schooling and

employment (occupation and hours) as body mass evolves over time - can be used to evaluate

different policy alternatives. Specifically, the estimation of policy invariant structural parameters

of the individuals’ optimization problem allows for introduction of policies that may not exist in

the observed data. Evaluation may be based on welfare comparisons since the value of lifetime

utility at time t is calculated under each scenario.

In this section, I simulate individuals’ wages and employment behavior, using the specified

model and estimated parameters. I conduct counterfactual experiments to examine how an anti-

discrimination policy that reduced weight specific labor market frictions would affect the wage and

occupational profiles of obese workers. I also predict the effects of exogenous shocks to individuals

initial body masses, and predict the effects of mid-career shocks to weight on individuals subse-

quent employment and earning decisions. Finally, I conduct simulations to evaluate what shares

of the differences in wages on the basis of weight are attributable to differences in experience and

education, statistical discrimination, and the estimated lower bound of employer preferences. In

order to conduct these simulations, I first construct a simulated sample of 10,000 individuals that

reflects the distribution of unobserved heterogeneity and initial conditions for years of schooling

body mass. I then simulate wage offers, employment decisions and weight gain from age seventeen

until age forty six.

The first counterfactual experiment involves a hypothetical policy that would reduce the

weight specific labor demand frictions. Suppose, for example, that the Equal Employment Op-

portunity Commission begins levying fines against employers for discrimination against overweight

workers at such a rate that employees weight specific switching costs are halved. I simulated the

model under these conditions, and the results are displayed in Figure 6. Since the white collar
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Figure 5: Predicted and observed differences in wages between the obese and non-obese for each
occupational category, by age of individual
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occupations were the only ones estimated to have substantial entry frictions due to body mass,

these occupations are the focus of this simulation. Figure 6 shows that such a policy would reduce

the gap in attainment of Professional, Technical, and Managerial occupations by approximately

a third. The top left panel shows the predicted proportions for non-obese and obese workers as

predicted by the model and obese workers as predicted by the counterfactual. The panel below

converts those levels to a percentage difference. The model predicts that non-obese workers are 22%

more likely to take employment in professional occupations at age 30. Under the scenario where

switching costs are halved, the model predicts that figure will decrease to approximately 15%. As

switching costs create a temporary setback to attaining a particular occupation, we expect that

as individuals age, weight-related differences in occupational attainment will decrease. Both the

model and the counterfactual bear this out as the lines representing the percentage differences

decrease in tandem.

The upper two panels on the right side show the effects of the hypothetical policy on weight-

based differences in attaining work in sales, clerical, and administrative occupations. Recall from

the previous section that the model predicts (and the data show) that obese individuals are less

likely to be employed in sales and administrative work in their prior to age 30, and more likely

to be so employed past their mid 30’s. The model predicts that lowering the switching costs will

greatly reduce the percentage difference between obese and non-obese workers gaining employment

in these jobs in the earlier periods, and make obese workers over 10 percent more likely to work in

sales and administrative occupations between the ages of 35 and 40. These occupations are high

paying relative to laborer and service occupations, and for most of the sample period, have modest

mental and social requirements.

The third panel in Figure 6 shows the growth of the difference in mean real wages between

obese and non-obese workers over the sample period. The graph shows that a policy which halved

switching costs attributable to body weight would reduce the difference in mean wages between the

obese and non-obese by an average of 15%. This difference would be reduced by as much as 30%

in later periods.

The second experiment I conduct examines the expected effect of an exogenous one-time mid-

career shock to an individual’s weight. I simulated the model as before, but reduce the individual’s

Body Mass Index by one weight class (5 points) at age 35.29 The results are displayed below in

Figure 7. Simulating the model with this shock imposed, individuals are expected to earn a dollar

more in 1983 wages by age 45, which represents an eight percent increase. This increase is driven by

both a predicted increase in the proportion of workers attaining white collar worker after the shock

(see left upper panels in Figure 7), and increases in expected wages in those occupations (upper

right panels in Figure 7). The model predicts that such an exogenous shock would increase wages by

approximately $1.00 in professional occupations and $.92 in sales and administrative occupations.

The individual is six percent more likely to attain work in a professional occupation, and eight

29For a five foot eight inch male, this is the equivalent of losing 25 pounds. For a 6 foot tall Male, this equates to
losing 29 pounds.
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Figure 6: Counterfactual results from reducing body mass specific switching costs by half - levels
in top panels, percentage differences between obese and non-obese in middle panels
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Figure 7: Counterfactual results from exogenous 5-point loss of Body Mass at age 35 - percentage
change in occupational attainment in left panels, difference in real wages in right panels

percent more likely to be employed in a sales or administrative job. This shock is not predicted

to affect wage offers in either blue collar or service occupational category, although the individual

is less likely to be employed in these categories if this shock is imposed (see Figure 8). Note

that this experiment represents an exogenous shock to weight. This does not entail changing the

distribution of endogeneity which affects weight and wages. Additionally, this experiment assumes

the distribution of body masses in the population is held fixed. These results are valid for altering

an individual within the populace rather than the whole population.

I also simulate the effects of exogenous changes in individuals’ initial body mass on their

wages and employment over their life course. Figure 9 contains the results of 2 such simulations.

I decreased all individuals’ body masses by 10% in one simulation, and increased all individuals’

body masses by 20% in the other. The results are consistent with the predictions of the model

and the previous experiment. As seen the top panels of Figure 9, the effects of these changes in

initial body mass decrease over time as the distribution of body masses converge. Individuals with

the lowered body mass were 15% more likely to gain employment in professional occupations in

their mid 20’s than the original sample. Raising initial body mass had the opposite effect (7.5%

less likely to attain employment in professional occupations). Similarly, the top right panel reveals

that while individuals with the lower initial body mass earned approximately 3% higher wages

in professional occupations, the effects on individuals with higher initial body mass were more

42



Figure 8: Cont’d: Counterfactual results from 5-point loss of Body Mass at age 35 - percentage
change in occupational attainment in left panels, difference in real wages in right panels
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Figure 9: Counterfactual results from exogenous 10% Decrease and 20% Increase in Initial Body
Mass - Percentage change in occupational attainment in left panels, percentage chage in real wages
in right panels

pronounced. Simulating the model with 20% higher initial body mass yields a prediction of 8-10%

lower wages in professional occupations when individuals are in their mid 20’s. In both cases,

however, expected wages converge to the original prediction as individuals gain experience and

weight. Similar effects are shown for sales and administrative occupations. When simulating the

model with lowered initial body mass, individuals are more likely to gain employment and and earn

higher wages in sales and clerical occupations. The opposite effect is seen when simulating with

increased initial body mass. Because lower body weight is estimated to positively affect wages in

and mobility into white collar (higher paying) occupations, change in initial body weight led to a

4% annual increase in real wages after age 32. However, in the early periods of the sample, a higher

proportion of individuals who are not in school work in blue collar jobs where higher body mass

is estimated to be an asset. As such, higher initial body mass is shown to increase initial overall

wages (bottom panel) before the trend reverses.

VII Conclusion

This study formulates and estimates a dynamic stochastic model of employment behavior and

accrual of body mass. Body mass is found to lower returns to white-collar occupational experience,

slightly raise returns to blue collar occupational experience, and lower the returns to education
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in white collar occupations. Additionally, body mass is linked to lower productivity in jobs with

greater social requirements and greater productivity in jobs that require strength, and greater

friction in attaining white collar occupations. While the model fits the data fairly well, the results

indicate two directions for further work. First, body mass empirically enters the model as a positive

difference from healthy weight, implying that the cardinal value of body mass affects wages and

costs of employment alternatives. However, the distribution of body mass increases both in mean

and variance as the sample cohort ages. Whereas an individual with a body mass of over 30 below

the age of 25 is an outlier, an individual in the sample with a body mass index of over 30 is slightly

above average by age 50. Because the effects of body mass on the outcomes of interest are currently

attributed to cardinal (rather than ordinal) values of body mass, this specification implies that the

observed effects are more interpretable as productivity effects rather than signaling effects. As

the model does not accurately predict the dynamic differences in sorting between the obese and

non-obese, in the Professional and Labor occupations, it raises the question of whether absolute

or relative body mass should affect the costs of employment. I therefore plan to re-estimate the

model with relative body mass entering the optimization problem. Specifically, I plan to model the

impact of an individual’s body mass as the number of standard deviations above the time-specific

cohort mean.

Second, In future versions of this paper, I may model weight maintenance as a continuous

choice made jointly with the discrete employment choice. Modeling the utility of keeping one’s

weight under control will enable better estimates of welfare implications when conducting counter-

factuals and more accurately capture the way employment decisions indirectly affects one’s weight.

However, I am still determining how to implement this approach empirically. Interim versions of

the paper will at least include interactions of body mass with the job requirements to asses whether

changes in job requirements differently affect individuals of varying body mass.
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Table 9: Summary statistics- Full v. Working Sample of 1979 NLSY

Working Sample Full Sample
Variable Mean Std. Dev. Mean Std. Dev.

Age 17.368 2.25 17.898 2.306
Yrs. Ed.’79 10.412 2.825 10.333 2.712
Weight 144.496 29.692 145.5 29.697
Yrs. Ed ’98 13.521 5.567 13.021 4.988
Income 79 17818.878 13179.965 14777.898 12495.053
Income 98 27144.634 26835.683 25518.661 26527.117
# of Kids 0.339 0.713 0.376 0.738

Occupation class proportions, 1981
Variable Working Sample Full Sample
No Work .4552 .5104
Professionals .0566 .0531
Sales & Admin .1639 .1479
Craftsmen .0496 .0485
Laborers4 .1311 .1164
Service .1436 .1237
N 4699 12686

Table 10: Occ. Class Transitional Matrix - Healthy V. Overweight

Healthy Weight - Occ Class
No Work PTM Sales/Admin Craftsmen Ops/Labor Service Total

No Work 62.29 5.38 10.23 2.94 8.52 10.64 100.00
PTM 3.51 76.33 10.20 2.93 2.72 4.31 100.00
Sales Admin 8.18 14.69 64.80 1.54 5.30 5.49 100.00
Craftsmen 6.27 8.99 3.32 60.75 17.34 3.32 100.00
Ops/Labor 9.64 4.50 7.43 10.73 61.56 6.13 100.00
Service 11.77 9.38 9.91 2.25 7.66 59.04 100.00
Total 19.03 23.64 20.02 8.51 15.27 13.54 100.00

Overweight - Occ Class
No Work PTM Sales/Admin Craftsmen Ops/Labor Service Total

No Work 64.18 4.23 7.05 2.78 9.76 11.99 100.00
PTM 3.49 74.56 9.94 3.72 3.13 5.15 100.00
Sales Admin 7.49 13.58 64.90 2.50 5.83 5.70 100.00
Craftsmen 4.84 7.34 4.29 61.36 18.74 3.43 100.00
Ops/Labor 8.88 3.99 6.92 9.51 64.87 5.83 100.00
Service 10.32 8.25 6.81 2.43 6.00 66.19 100.00
Total 18.49 19.81 17.00 9.66 18.49 16.55 100.00

Source: NLSY ’79
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Table 11: Occ. Class Transitional Matrix - healthy weight in lagged period

Occ Class - Healthy Weight in Current Period
No Work PTM Sales/Admin Craftsmen Ops/Labor Service Total

No Work 62.14 5.41 10.27 2.94 8.54 10.70 100.00
PTM 3.51 76.36 10.25 2.91 2.69 4.30 100.00
Sales/Admin 8.20 14.75 64.76 1.52 5.31 5.47 100.00
Craftsmen 6.28 9.06 3.32 60.77 17.31 3.27 100.00
Ops/Labor 9.75 4.48 7.50 10.66 61.51 6.09 100.00
Service 11.83 9.40 10.01 2.23 7.61 58.92 100.00
Total 19.06 23.70 20.08 8.46 15.22 13.48 100.00

Occ Class - Over Weight in Current Period
No Work PTM Sales/Admin Craftsmen Ops/Labor Service Total

No Work 65.54 4.38 6.36 2.82 8.76 12.15 100.00
PTM 3.54 73.33 12.50 3.13 3.13 4.38 100.00
Sales/Admin 8.35 13.36 64.30 2.71 4.80 6.47 100.00
Craftsmen 6.58 6.58 4.94 60.49 18.52 2.88 100.00
Ops/Labor 12.28 2.88 5.95 9.98 63.15 5.76 100.00
Service 9.68 7.14 9.68 2.30 5.53 65.67 100.00
Total 22.44 17.77 17.38 8.97 17.38 16.06 100.00

Source: NLSY ’79
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