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1 Introduction

Recent empirical work on inequality emphasizes the value of approaching the data from
the perspective of occupations (see, e.g., Autor and Dorn (2013)). The natural theoretical
framework associated with this approach is the Roy (1951) model. In this paper we argue
that textbook versions of the Roy model fail to account for some key features of inequality
at the occupational level. In particular, whereas textbook versions of the Roy model do
not distinguish between wage and earnings inequality, we document large and systematic
differences between wage and earnings inequality across and within occupations driven by
systematic differences in the distribution of hours worked across occupations. We develop
a new variant of the Roy model that can account for the key quantitative patterns that we
document.

The starting point for our analysis is to document the systematic and substantial dif-
ferences in wage and earnings inequality both within and across occupations. Although
related, we emphasize that wage and earnings inequality are of independent interest: wage
inequality is more relevant when studying inequality of opportunity, but earnings inequality
is more relevant when studying inequality in wealth or consumption. We first document that
occupation differences in mean earnings are substantially larger than occupation differences
in mean wages, and that within occupation variances of log earnings are much greater than
within occupation variances of log wages. We next document that these gaps are systemati-
cally related to mean occupation wages: the gap between mean earnings and mean wages is
increasing in occupational mean wages, and the gap between the within occupation variance
of log earnings and log wages is decreasing in occupational mean wages.

Wages and earnings are intimately connected via hours worked. We next examine differ-
ences in the distribution of hours worked across occupations and show that these differences
reflect the differences in wage and earnings inequality.1 Specifically, we first show that there
is a strong positive correlation between mean hours worked in an occupation and the mean
wage in an occupation. And second, we document a strong negative correlation between
the variance of log hours in an occupation and mean wages in an occupation. Combining
these two facts yields a novel finding about labor supply and occupational choice: a strong
negative correlation between mean hours in an occupation and the variance of log hours in
an occupation.

Whereas textbook treatments of time allocation abstract from occupational choice, and
textbook versions of Roy models take the time allocated to market work as given, the facts
that we document suggest important interactions between time allocation and occupational
choice. The second part of our paper develops a model that integrates time allocation
decisions into an otherwise standard model of occupational choice. Our model features three
occupations, heterogeneous tastes for leisure, and lognormal distributions over idiosyncratic
taste and productivities. Building on the earlier work of Cogan (1981) and the more recent
work of French (2005) and Prescott, Rogerson and Wallenius (2009), we assume a non-
linearity in the mapping from individual hours worked to the supply of efficiency units of
labor. But following Goldin (2014) and Erosa et al. (2022), a key innovation is that the

1The relationship between wage and earnings inequality is also affected by the correlation between hours
and wages. We find that the cross-sectional correlation between wages and hours is modestly positive and
very similar across occupations.
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extent of this non-linearity differs across occupations.
We show theoretically that our model generates an intimate connection between occupa-

tional choice and time allocation: holding all else constant, an individual’s choice of hours is
affected by their occupational choice, and an increased taste for leisure by an individual will
influence their occupational choice. These implications are not present if one assumes that
earnings are linear in hours. Relative to a model with linear budget sets, our model implies
that heterogeneous tastes for leisure influence both the allocation of individuals across oc-
cupations and the distribution of wages and earnings. These effects feature prominently in
our quantitative analysis.

The third part of our paper carries out a quantitative analysis of our model. We calibrate
the model and show that it can match key facts about wage and hours inequality between and
within occupations. In particular, our model does a better job of accounting for these facts
than a linear Roy model that allows for correlations between tastes for leisure and occupation-
specific productivities. Our calibration procedure does not target the joint distribution
between wages and hours and so does not target properties of the earnings distribution. Our
model also does a much better job of matching the facts about earnings inequality between
and within occupations than a linear Roy model.

A distinguishing prediction of our theory is that the choice of occupation affects optimal
work hours. An implication of this effect is that workers with a low taste for leisure are more
likely to sort into occupations with higher non-linearities, thus amplifying mean earnings
differences between occupations. Although we find the choice of occupation has a sizeable
impact on hours worked, differences in the sorting of workers account for most of the dif-
ferences in mean occupational hours. The interaction between preference heterogeneity and
occupational differences in non-linearities plays a key role in allowing our model to jointly
account for the facts on earnings, hours, and wages.

Our paper is related to two classic literatures in labor economics: time allocation and
occupational choice. Each of these is too vast for us to attempt any meaningful survey. We
also relate to a literature that studies labor supply when earnings are a non-linear function
of hours. Rosen (1976) and Moffitt (1984) are early examples of empirical studies that
incorporate a non-linear hours-earnings function and emphasize its role for labor supply.2

Our specification of this non-linearity follows French (2005).3 The distinguishing feature
of our paper is to embed this feature into a model of occupational choice in which the
non-linearity varies across occupations.

Our paper is most closely related to Goldin (2014) and Erosa et al. (2022). Like Goldin
(2014), we study how occupational differences in the extent of non-linearities affect labor
supply choices. But whereas Goldin (2014) focused on how this might qualitatively affect
occupational choices of men and women, we calibrate our model and study the quantita-
tive effects on the overall distributions of wages, earnings and hours. Our analysis shares

2See Barzel (1973) and Rosen (1978) regarding the general notion of wages that depend on hours. There
is a large literature starting with Hausman (1985) on econometric estimation of models with nonlinear budget
sets.

3Hornstein and Prescott (1993) show that this specification is the competitive equilibrium outcome of
an economy with a production technology in which hours of work and number of workers are imperfect
substitutes.
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many features with that of Erosa et al. (2022), but pursues issues not addressed by them.4

First, while Erosa et al. (2022) documented the differences in mean hours worked across 3
digit occupations, it did not document the robust relationship between mean hours and the
dispersion in hours across occupations, and so did not address the systematic patterns in
wage and earnings inequality within and across occupations. Second, the theoretical analysis
in this paper identifies a channel through which differences in the non-linearity of earnings
across occupations will generate differences in the dispersion of hours across occupations.
Third, we calibrate the non-linearities in a three occupation model using cross-sectional mo-
ments, whereas Erosa et al. (2022) imposed values based on combining disparate pieces of
information from various external studies. Fourth, we quantify the relative magnitude of
occupation and selection effects in accounting for differences in hours distributions across
occupations.

An outline of the paper follows. Section 2 presents our key empirical findings on wages,
earnings and hours dispersion within and across occupations. Section 3 presents the simple
benchmark model and Section 4 highlights the novel implications of our non-linear Roy
model for occupational choice, hours and wages. Section 5 presents our calibration procedure
and results and illustrates the quantitative aspects of the model’s mechanisms. Section 6
examines the model’s ability to account for features of earnings inequality in addition to
wage inequality. Section 7 presents additional evidence relevant for a key prediction of our
model, and Section 8 concludes.

2 Empirical Facts

In this section we document systematic differences in the distribution of wages, earnings and
hours worked within and across three digit occupations.

2.1 Data

Our analysis is based on the IPUMS-CPS files from the 1976-2015 Current Population Survey
(CPS).5 The CPS provides information on number of weeks worked, usual hours per week,
and annual wage and salary income. We construct annual hours as the product of weeks
worked and usual weekly hours, and hourly wages are constructed by dividing wage and
salary income in a calendar year by annual hours worked in that year. Nominal wages are
converted to real wages using the CPI, with 1983 used as the benchmark year. We use
the occupational classification provided in Autor and Dorn (2013) to construct consistent
occupational codes for the 1976-2015 period.

We restrict our sample to individuals between the ages of 22 and 64. In order to match
individuals to specific occupations, we only use observations for individuals that report
having a single employer during the survey year. We drop observations with annual hours
less than 250 or greater than 4500, or with a real hourly wage in the top and bottom 0.1%

4Some of the material in the current paper was contained in Erosa et al. (2017), which is an early version
of Erosa et al. (2022), but does not appear in the published version.

5The data and a detailed description can be found at http://cps.ipums.org/cps/. See Flood, King,
Rodgers, Ruggles and Warren (2018).
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of the hourly wage distribution. Appendix A provides a detailed description of variables and
sample restrictions.

We pool data across all years and bin the observations on annual hours, wages, and
earnings by occupation, and compute six values for each occupation: log mean hours, the
variance of log hours, log mean wages, the variance of log wages, log mean earnings, and the
variance of log earnings.

2.2 Wage and Earnings Inequality Within and Across Occupations

We begin our empirical analysis by documenting substantial differences between wage and
earnings inequality between and within occupations.

Comparing across occupations, the variance of log mean wages is 0.14 and the variance
of log mean earnings is 0.22, implying that the variance of log mean earnings is about 55%
larger than the variance of log mean wages across occupations. This difference is not driven
by outliers in the tails; the interquartile range of the distribution of mean log earnings is
around 30% higher than that of the distribution of mean log wages (0.65 versus 0.51).

Comparing within occupations, we find that the average within-occupation variance of log
wages is 0.31 and the average within occupation variance of log earnings is 0.52, so that the
within occupation variance of log earnings is about 70% larger than the within occupation
variance of log wages.

Figure 1: Gaps in Earnings and Wages Across and Within Occupations, CPS 1976-2015: by
3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The left panel

plots the gap in log mean earnings and log mean wages as a function of log mean occupation wage.

The right panel plots the gap in the within occupation variance of log earnings and log wages as

a function of log mean occupation wages. The size of the circle indicates the relative size of the

occupation while the solid red lines are the fitted weighted regression lines.

Having documented large quantitative differences in inequality in wages and earnings
both across and within occupations, we next document a systematic pattern in the relation-
ship between these gaps and mean occupation wages. Figure 1 displays the results. In the
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left panel of Figure 1 we plot the gap between log mean earnings and log mean wages as
a function of log mean occupational wages. In the right panel of Figure 1 we plot the gap
between the within occupation variance of log earnings and the within occupation variance
of log wages as a function of log mean occupation wages. The left panel reveals a robust
positive relationship: occupations with high mean wages tend to exhibit a larger gap in mean
log earnings and mean log wages. The right panel reveals a robust negative relationship:
occupations with high mean wages tend to exhibit smaller gaps between the within occupa-
tion variance of log earnings and the within occupation variance of log wages.6 Both panels
include a linear regression line.7

Because hours generate gaps between wages and earnings, these patterns are suggestive
about the inequality in hours within and across occupations. We turn to this issue in the
next subsection.

2.3 Hours Inequality Within and Across Occupations

Motivated by the previous findings, in this subsection we investigate the variation in hours
worked within and across occupations. Differences in log mean hours across occupations
are large: log mean hours range from less than 7.4 to more than 7.7. This difference across
occupations is similar to the aggregate differences observed between the US and countries in
Western Europe. Differences in the within occupation variance of log hours are also large,
varying from less than 0.05 to more than 0.30.

Next we document a systematic component to the variation in these two values. First,
note that the left panel in Figure 1−a higher earnings-wage gap for occupations with higher
mean wages−implies that mean wages are highly positively correlated with mean hours in
an occupation. A more novel finding is that high mean wages are also associated with lower
variance of log hours: Figure 2 shows a robust negative relationship between the within
occupation variance of log hours and log mean wages.8

Not surprisingly given the two patterns documented above, one obtains a robust negative
relationship between log mean hours and the within occupation variance of log hours. Figure
3 illustrates this pattern.9 To the best of our knowledge this is a novel fact.10 For this reason
it is of interest to examine its robustness. Online Appendices D through F show that this
negative relationship holds when we split the sample by gender (men, women), education
(non-college, college), age (22-35, 36-49, and 50-64), time periods (ten-year period between
1976 and 2015), and full-time and part-time workers.11 Furthermore, Online Appendix G

6This downward sloping relationship is driven by a downward sloping relationship between the variance
in log earnings and log mean wages. There is no statistically significant relationship between the variance of
log wages and log mean wages.

7In panel (a) the coefficient on log mean wage is 0.17 with a standard error of 0.01. In panel (b) the
coefficient on log mean wage is -0.17 with a standard error of 0.02.

8The regression coefficient on log mean wages is -0.11 with a standard error of 0.01.
9The regression coefficient on the variance log hours is -1.07 with a standard error of 0.05.

10Online Appendix B shows that the main pattern remains unchanged if we were to use other measures
of dispersion in hours as the coefficient of variation in annual hours or the 95/5 ratio and the 90/10 ratio of
annual hours in an occupation. Online Appendix C shows that a similar pattern emerges when considering
usual hours per week or weeks worked.

11One might conjecture that the pattern documented above is entirely driven by different propensities for
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Figure 2: Mean Wages and Dispersion in Hours, CPS 1976-2015: by 3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The scatter plot

describes the relationship between the variance of log annual hours and log mean annual hours.

The size of the circle indicates the relative size of the occupation while the solid red lines are the

fitted weighted regression lines.

Figure 3: Log Mean Annual Hours vs. the Variance of Log Annual Hours, CPS 1976-2015:
by 3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The scatter plot

describes the relationship between log mean annual hours and the variance of log annual hours.

The straight solid red line represents a linear regression, weighted by the relative size of each

occupation, while the size of the circle indicates the relative size of the occupation.

part-time work across occupations; moving individuals from part-time to full-time would tend to mechanically
increase mean hours and decrease the dispersion in hours. While this is part of what is going on in the data
it is not everything. Online Appendix F shows that as occupation mean hours worked increases, there is
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shows that the position of an occupation in the mean-dispersion space is a relatively stable
characteristic of an occupation over time.

2.4 Aggregating the Data to Three Occupations

Our theoretical and quantitative analysis focuses on a three-occupation model to maximize
transparency and best highlight the forces at work. Connecting our model with the data
requires that we aggregate three digit occupations into three broad groups. Because we focus
on labor supply, we do this by ranking occupations by their mean hours and partitioning
them into three groups of equal size based on person-level weights. We compute the log of
mean hours, the variance of log hours, the log of mean wages, the variance of log wages,
the log of mean earnings, and the variance of log earnings in each of the three occupational
groups as a weighted average of the values for all occupations within each group.12,13

Table 1: Data Moments, CPS, 1976-2015.

Emp. share Log mean h Var log h Log mean w Var log w Log mean e Var log e

H 1/3 7.70 0.10 2.61 0.33 10.32 0.46

M 1/3 7.59 0.15 2.28 0.28 9.87 0.48

L 1/3 7.46 0.24 1.93 0.29 9.41 0.60

gap H-M 0 0.114 -0.047 0.334 0.053 0.450 -0.012

gap L-M 0 -0.134 0.093 -0.346 0.013 -0.47 0.122

Notes: We rank occupations by their mean hours and partition them into three groups of equal size based
on person-level weights. We denote the high, medium, and low mean hours occupations by H, M , and
L, respectively. We compute the log of mean hours, the variance of log hours, the log of mean wages,
the variance of log wages, the log of mean earnings, and the variance of log earnings in each of the three
occupational groups as a weighted average of the values for all occupations within each group.

The moments of interest for our three “representative occupations,” each accounting for
the same employment share, are reported in Table 1. We denote the high, medium, and low
mean hours occupations by H, M , and L, respectively. We briefly highlight the following
patterns, all consistent with the facts documented at the 3-digit occupational level. First,

both a large decline in the fraction working “short” hours (less than 1500) and a large increase in the fraction
working “long” hours (more than 2500).

12Appendix A provides more detail.
13Table H-1 in Online Appendix H provides an alternative way of computing the data moments. Instead

of reporting the data moments for a representative occupation in an occupational group, we compute the
data moments using all observations in that particular occupational group. By definition the reported means
in both cases are the same, but the variances of log hours, log wages, and log earnings are slightly higher
than those reported in Table 1.
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occupations differ substantially in mean wages, mean earnings, mean hours, and in the
within-occupation variances of log earnings, log wages, and log hours. Differences in within-
occupation variances of log earnings are much larger than differences in the variance of log
wages (0.14 versus 0.04). As a result, the gaps between the variance of log earnings and log
wages vary substantially across occupations, ranging from 0.13 in occupation H to 0.31 in
occupation L. Second, the gap between log mean earnings and log mean wages increases as
we move to higher log mean wage occupations; whereas the gap in log mean wages between
occupations H and L is 0.68, the gap in log mean earnings between these two occupations
is more than 20 log points higher, at 0.91. Third, the gap between the within-occupation
variance in log earnings and the within-occupation variance of log wages decreases as log
mean wages increase. Fourth, the within-occupation variance of log hours decreases as the
log mean wage increases falling from 0.24 in occupation L to only 0.10 in occupation H.

3 A Model of Occupational Choice and Time Alloca-

tion

In this section we present a generalized version of a three occupation Roy (1951) model.
Our model generalizes a standard textbook Roy model along three dimensions. First, we
incorporate an hours margin. This is essential in order to account for the distinction between
wage and earnings inequality. Second, we allow for heterogeneity in tastes for leisure. Het-
erogeneity in hours is central to our analysis. Observables account for a small share of the
cross-sectional variance in hours, so consistent with the literature, we rely on heterogeneity
in preferences as an important source of hours dispersion.14 And third, we allow for non-
linearities in the mapping from hours to efficiency units, with this non-linearity potentially
varying across occupations.

3.1 A Generalized Three Occupation Roy Model

There is a continuum of individuals of unit mass, indexed by i. Individual i has preferences
over consumption (ci) and leisure (T − hi) given by:

ln ci + φi

(T − hi)
1−γ

1− γ
, (1)

where T is the endowment of discretionary time, hi is hours of work for individual i, φi is
an individual specific preference parameter and γ > 0.

Two features of these preferences are worth noting. First, as is standard in the macro
literature, we assume offsetting income and substitution effects. Second, the marginal utility
of leisure approaches infinity at finite hours, i.e., as h tends to T . This serves to keep
individuals away from the corner solution of zero leisure even as φ becomes very small, and
seems a reasonable property to impose on preferences in a model that features preference

14See, for example the discussion in Bick, Blandin and Rogerson (2022).
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heterogeneity. More specifically, the elasticity of the marginal utility of leisure with respect
to hours of work is increasing in hours worked.15

There are three occupations, denoted by j ∈ {H,M,L}. Each occupation is a technology
to produce the single final good of the economy according to a linear technology in efficiency
units of labor:

Yj = Ej, (2)

where Yj is the output from occupation j, Ej is the aggregate input of efficiency units of
labor to occupation j, and we have implicitly chosen units so that TFP in each occupation is
normalized to unity. As in a standard Roy model, each individual is endowed with a triplet
of occupational specific productivities (aiH , aiM , aiL). Heterogeneity across individuals is
described by the four-tuple (aiH , aiM , aiL, φi), which we assume is drawn from a log-normal
distribution.

A novel feature of our framework is to allow for a non-linear mapping between hours and
efficiency units, with the extent of the non-linearity potentially varying across occupations.
In particular, if individual i supplies hij hours to occupation j, it will provide eij efficiency
units of labor to occupation j, with eij given by:

eij = aijh
1+θj
ij , (3)

where θj ≥ 0 for j ∈ {H,M,L}. Without loss of generality we will impose that θH ≥ θM ≥
θL.

In what follows we focus on two special cases of this model. The first special case imposes
that θH > θM > θL ≥ 0 and will be referred to as the non-linear Roy model. Importantly,
this specification imposes not only the presence of non-linearities in the earnings function
but also that there is heterogeneity in the non-linearities across occupations. For many of the
properties that we stress, the key issue is not whether the θj are positive, but rather whether
they are heterogeneous. The second special case imposes that θj = 0 for j ∈ {H,M,L}, and
will be referred to as the linear Roy model. The key message from our quantitative work is
that the non-linear Roy model is better able than the linear Roy model to account for the
patterns documented in the previous section.

3.2 Equilibrium

We study a competitive equilibrium for this economy. The economy features four markets:
one for the final good and one for efficiency units of labor in each of the three occupations.
If we normalize the price of the final good to unity, the linearity of production functions
with TFP normalized to one implies that the competitive equilibrium price of one efficiency
unit of labor will equal unity in all occupations. Solving for an equilibrium then amounts
to solving the individual’s optimization problem and aggregating the solution across the
distribution of individuals.

Given our normalizations, in equilibrium, an individual’s earnings will be identical to their
output, and their wage rate, defined as earnings divided by hours will be output divided by

15The elasticity of utility from leisure with respect to leisure is independent of the level of leisure, but as
hours of work increase, a given percentage increase in hours of work implies a larger percentage decrease in
hours of leisure.
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hours. A simple implication of our earnings functions is that holding occupation constant,
an individual’s wage rate is increasing in their hours, with elasticity equal to θj. Despite the
non-linear effect of hours on wages, it remains true in our model that for a given individual,
the log of earnings is equal to the sum of log wages and log hours.

The decision problem of an individual characterized by the vector {ai,H , ai,M , ai,L, φi} is:

max
ci,{hij}j=H,M,L











ln ci + φi

(

T −
∑

j=H,M,L hi,j

)1−γ

1− γ











subject to ci =
∑

j=H,M,L

aijh
1+θj
ij ,

3
∑

j=H,M,L

hij ≤ T, hij ≥ 0.

This problem can be reformulated as a two-stage problem. In the first stage, individuals
choose optimal hours conditional on an occupational choice, and in the second stage, they
choose the optimal occupation taking these hours choices as given. In what follows we
abstract from the set of measure zero of individuals who are indifferent between two or more
occupations.

4 Qualitative Properties

In this section we present analytic results to highlight the differing forces in the non-linear
and linear Roy models defined in the last section, in each case noting the significance of these
differences for hours inequality within and between occupations. In the following sections
we assess the quantitative importance of these differences.

We begin by analyzing the first stage decision for hours conditional on an occupational
choice. Substituting the budget equation into the objective function and rearranging the
first order condition for hij gives:

16

1 + θj
φi

= hij(T − hij)
−γ ≡ g(hij). (4)

The function g defined in equation (4) is strictly increasing and convex (i.e., g′, g′′ > 0), has

g(0) = 0 and satisfies limh→T g(T ) = ∞. Thus, given
1+θj
φi

there exist a unique value of hij

that satisfies the first order condition.
Three results follow immediately from equation (4). First, hij is independent of skills

ai,j. This reflects our assumption on preferences that income and substitution effects are
offsetting. Second, each of the hij are decreasing in the value of φi. Third, holding φi

constant, a higher value of θj implies a higher value for hij. We state this result as Property
1.

Property 1: In the non-linear Roy model, hours for a given individual depend on
occupational choice. In particular, hiH > hiM > hiL. In the linear Roy model, hours for a
given individual are independent of occupational choice, i.e., hiH = hiM = hiL.

17

16Our utility function implies that the solution for leisure will always be interior.
17As we will see throughout this section, heterogeneity in the θj is key to this result. If the θj are all

positive but equal then occupational choice has no impact on hours.
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Because hours affect both wages and earnings, this property identifies a force in the non-
linear model that leads to both wage differences across occupations and heterogeneity in the
gap between wages and earnings across occupations.

Next, we establish that the non-linear model has implications for the within occupation
hours distribution. In particular, we show that holding the distribution of φi constant
across occupations, the dispersion in log hours decreases with θj. To show this, differentiate
equation (4) to get:

−
dφi

φi

1 + θj
φi

= dhij (T − hij)
−γ + dhij hijγ(T − hij)

−γ−1

which gives a formula for the elasticity of optimal hij to φi. The elasticity, denoted by εhij ,φi
,

decreases with hours worked:

εhij ,φi
=

dhij

hij

/
dφi

φi

= −
1

1 + γ
hij

T−hij

. (5)

While the θj do not directly appear in expression (5), they influence the elasticity through
their effect on the optimal choice of hij. It follows that holding the distribution of φi constant
across occupations, θH > θM > θL implies that occupation H exhibits the highest mean
hours and lowest dispersion of log hours and occupation L has the lowest mean hours and
highest dispersion of log hours. Figure 4 illustrates graphically this result. In contrast, the
linear model predicts that if the distribution of φi is the same across occupations, then the
distribution of hours will be identical in all occupations.18 We summarize this as Property
2.

Figure 4: Choice of h, Conditional on Occupation.
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18It is again the case that this result also holds in a model with non-linear earnings if the non-linearity is
the same across occupations.
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Property 2: Holding the distribution of φi within an occupation constant, differences
in θj across occupations generate a negative relationship between the mean and variance of
log hours across occupations.

This property identifies a force in the non-linear model that will generate heterogeneity
across occupations in the gap between the variance of log earnings and log wages.

The first two properties have highlighted the direct effect of heterogeneity in the θj on
heterogeneity in hours. The next property will focus on indirect effects of heterogeneity
in the θj that operate via selection effects. To pursue this, we examine the second stage
decision in which an individual chooses an optimal occupation given the values of the hij.
For concreteness, here we focus on the decision of whether to choose occupationH. Individual
i compares the utilities of working in each occupation and decides to work in occupation H
if and only if the following inequalities hold:

ln
(

aiHh
1+θH
iH

)

+ φi

(T − hiH)
1−γ

1− γ
> ln

(

aijh
1+θj
ij

)

+ φi

(T − hij)
1−γ

1− γ
, for j = L,M (6)

where hij are the solutions to equation (4) for j = {H,M,L}. Recalling that hij depends
only on φi and not on aij, this expression can be re-arranged as:

ln

(

aiH
aij

)

> zj(φi), for j = L,M (7)

where

zj(φi) = −(1 + θH) ln(hiH) + (1 + θj) ln(hij) + φi

[

(T − hij)
1−γ

1− γ
−

(T − hiH)
1−γ

1− γ

]

.

Two results follow from these expressions. First, in the linear model both of the zj(φi)
are equal to zero, and we obtain the standard result from a Roy model without an hours
decision: an individual chooses occupation H if and only if they have comparative advantage
in occupation H.19 In the non-linear model, recalling that hiH > hiM > hiL and applying the
envelope theorem, it follows that z′j(φi) > 0 for both j = M,L. Holding all else constant, it
follows that a higher value of φi increases the comparative advantage threshold for choosing
occupation H, thereby making it less likely that the individual will choose this occupation.20

We summarize this as Property 3.

Property 3: In the linear model, occupational choice is completely determined by the
aij; in the non-linear model occupational choice is determined by both the aij and φi.

As noted earlier, φi is an important determinant of hours. Selection into occupations
based on φi will influence the distribution of hours across occupations, which will in turn
impact wage and earnings inequality within and across occupations.

19This result also holds as long as the θj are all equal, again highlighting the role of heterogeneity in the
θj .

20A similar line of argument implies that high φi individuals are more likely to choose occupation L.
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Property 3 shows that the distinct selection effects in the non-linear model have impli-
cations for how the distribution of φi might vary across occupations. It is thus of interest
to consider the effects of differences in the distribution of the φi across occupations. The
last property of the non-linear model that we highlight is that differences in the mean of φi

across occupations will generate differences in the within occupation dispersion in hours. To
see this, note that another implication of equation (5) is that a proportional decrease in φi

for all individuals in a given occupation (i.e., a leftward shift of the density for log φ ) will
lead to less dispersion in log hours. We summarize this as Property 4.

Property 4: In the non-linear model a proportional decrease in the distribution of φi

within an occupation leads to an increase in mean hours and a decrease in the variance of
log hours within the occupation.

This is significant for wage and earnings inequality for the same reasons as Property 2.

Selection effects may also affect the relative magnitude of the dispersion of log φi across
the three occupations. This effect will depend on the joint distribution of skills and tastes for
leisure, and we cannot say anything about it at a general level. In our quantitative work, we
find that selection serves to generate both a lower mean and variance for log φi in occupation
H than in occupations M and L, so that both effects play a role.

In closing this section we emphasize an implication that will influence the quantitative
work that follows. In the linear model occupational choice depends solely on the aij and
the choice of hours depends solely on φi. An immediate implication is that if φi is uncor-
related with the aij, then the hours distribution will be the same in all occupations. Put
somewhat differently, generating differences in hours distributions across occupations in the
linear model relies on the correlation structure between preferences and comparative advan-
tage. In contrast, the analysis of this section has argued that the heterogeneity in the θj in
the non-linear model can generate differences in hours distributions across occupations even
if φi is uncorrelated with the aij.

5 Model Calibration

In this section we describe our procedure for calibrating the linear and non-linear Roy models
and use the calibrated models to highlight the quantitative importance of the channels
emphasized in the previous section.

5.1 Calibration Strategy

To motivate our quantitative exercise it is useful to first recall the well-known result from
Heckman and Honoré (1990). They show that the standard Roy model cannot be rejected
non-parametrically using cross-section data on wages. This result is trivially extended to
the case in which we include data on hours. In particular, if we do not impose parametric
assumptions on the distribution of individual heterogeneity, our model can perfectly match
any given cross-sectional distribution of hours, wages, and occupational choice for any values
of T , γ and the θj. To see why, note that given values for T , γ and the θj, one can always
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find a value of φi and a value for aij in an individual’s observed occupation to match their
observations for hours and wages. One can then choose a value for the aij values in the
other two occupations (e.g., set them equal to zero) that makes the observed occupational
choice optimal. If hours and wages are perfectly matched then so are earnings. An important
implication is that one can impose θH = θM = θL = 0 and still match any pattern of hours
and wages within and across occupations. Put somewhat differently, absent parametric
restrictions, allowing for heterogeneous non-linearities across occupations does not improve
the model’s ability to account for the cross-sectional facts.

In this paper we follow a parametric approach, and have made the relatively standard as-
sumption that individual heterogeneity in (aiH , aiM , aiL, φi) is jointly lognormally distributed.
As a practical matter, imposing log-normality in a standard Roy model (i.e., one without an
hours margin) does not constrain its ability to do a good job of matching first and second
moments for the distribution of log wages within and across occupations. Our first exercise
will assess the extent to which this result generalizes when we also consider hours distribu-
tions. In particular, we ask whether our linear Roy model with lognormal distributions can
account for the cross-sectional properties of both the wage and hours distributions within
and across occupations.

As noted at the end of the previous section, if one imposes that tastes for leisure are
not correlated with occupational productivities, the linear Roy model implies that the hours
distribution will be identical across all occupations. That is, the sole channel through which
the linear model can match differences in hours distributions across occupations is via the
correlations between φi and the aij. Our second exercise seeks to assess the extent to which
our non-linear Roy model with lognormal distributions offers an alternative channel that can
account for the differences in hours distributions across occupations. To do this we impose
that φi is uncorrelated with all of the aij and assess the extent to which the non-linear model
can account for the cross-sectional distributions of wages and hours across occupations.

These two exercises are not nested; while the second exercise frees up three parameters
that are restricted in the first exercise (i.e., the θj), it also restricts three of the free parameters
in the first exercise (the correlations between φi and the aij). One question of interest will
be the extent to which one of the models is better able to match the targets.

A second question of interest concerns the ability of the two models to match untargeted
moments. In particular, in the introduction we stressed the different quantitative properties
of inequality in wages and earnings across and within occupations. Our exercise separately
targets the cross-sectional properties of hours and wage distributions across occupations, and
so does not explicitly target any joint moments of the hours-wage distributions. As a result,
we do not explicitly target any moments of the occupational earnings distributions. We will
be especially interested in how well each of the models can match the differences between
the moments for wages and earnings.

5.2 Calibration Details

With the parametric restriction to lognormality, the linear model has 16 parameters: the
value of γ, the value of T , and 14 distributional parameters (two for the distribution of
φi (mean and standard deviation), nine for the joint distribution of the aij (three means,
three standard deviations and three correlations corresponding to each of the possible pairs
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of abilities), and three for the correlation between the aij and φi. As noted above, our
restricted version of the non-linear model in which the correlations between the aij and φi

are set to zero eliminates 3 parameters, but also adds 3 new parameters (the three θj), so
also features 16 parameters.

Interpreting our model as predicting annual outcomes averaged over the life cycle we set
T = 5200. We set the value of γ = 4.21 This leaves 14 parameters for each model. For both
models we find the values of the 14 remaining parameters which best fit the 14 moments
listed in Table 2. Consistent with our earlier discussion, the list of targeted moments con-
sists of cross-sectional moments of the occupational hours and wage distributions (for each
occupation, the log of mean hours, the variance of log hours, the log of mean wages, and the
variance of log wages), as well as the occupational employment shares (only two of which
are independent). To find the best fit, we minimize a loss function that sums the square of
the residuals between moments in the data and model.

Our calibration procedure uses 14 moments to identify 14 parameters in each of the two
models. In some exercises of this nature one can point to particularly strong relationships
between individual moments and individual parameters. This is not the case in our context,
in the sense that changes in individual parameters tend to have substantial effects on several
moments. The importance of selection effects makes this result somewhat intuitive. For
example, increasing θH in the non-linear model tends to increase employment in occupation
H, creating an intuitive link between the employment in occupation H and the value of
θH . One might also expect that increasing θH would lead to an increase in average hours in
occupation H, but this is not necessarily the case. Increasing the employment in occupation
H affects the distribution of individual characteristics for workers in occupation H. These
composition effects can both produce a substantial increase in the variance of hours in H
and a substantial decrease in the mean wage in H.

This property of our model is perhaps not too surprising given the properties of standard
two-occupation Roy models without an hours choice. In that model it is well known that
occupational choices are affected by all the parameters characterizing the idiosyncratic pro-
ductivity distribution, and that changes in the occupational employment distribution will
typically affect all moments of the wage distribution.

For the reasons just discussed it is not possible to offer any simple intuition about which
moments are largely determining which parameters. To provide some information on the
mapping from parameters to moments, in Online Appendix I we present results from an
exercise in which we consider small perturbations of each of the 14 individual parameters
and evaluate the effect on each of the 14 moments used in our estimation exercise.

5.3 Calibration Results

In this section we assess the extent to which our two models are able to match the targeted
moments. Parameter values and calibration results are shown in the top and bottom panels
of Table 2, with the bottom row displaying the values of the loss function. The two models
generate quite similar properties for the productivity distributions. In both cases the three

21If, on average, leisure is 60% of total discretionary time and market work is the remaining 40%, the
corresponding intertemporal elasticity of substitution for work along the intensive margin evaluated at these
averages is roughly .4, in line with standard values assumed in the literature. See, e.g., Chetty (2012).
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productivities are all very highly correlated, and the variance is decreasing as we move from
H to M to L. The linear model requires a slightly larger value for the variance of tastes.

Table 2: Calibration of Non-linear and Linear Economies.

Description Parameter Non-linear Linear

non-linearity H θH 0.4490 0.0
non-linearity M θM 0.3576 0.0
non-linearity L θL 0.2673 0.0
corr (aH , φ) ρaH ,φ 0.0 -0.0970
corr (aM , φ) ρaM ,φ 0.0 -0.0009
corr (aL, φ) ρaL,φ 0.0 0.1563
corr (aH , aM ) ρaH ,aM

0.9863 0.9507
corr (aH , aL) ρaH ,aL

0.9392 0.8527
corr (aM , aL) ρaM ,aL

0.9779 0.9077
mean ab occ. H µaH

-1.3631 1.9280
mean ab occ. M µaM

-1.3190 1.9914
mean ab occ. L µaL

-0.6888 1.9218
var ab occ. H σ2

aH
0.4199 0.5077

var ab occ. M σ2

aM
0.3532 0.3759

var ab occ. L σ2

aL
0.2929 0.2631

mean taste for leisure µφ 25.0072 24.7033
var taste for leisure σ2

φ 1.6371 1.6970

Target Data Non-linear Linear

log mean hours occ. H 7.705 7.707 7.717
log mean hours occ. M 7.590 7.591 7.591
log mean hours occ. L 7.456 7.454 7.447
log mean wages occ. H 2.611 2.611 2.610
log mean wages occ. M 2.277 2.276 2.272
log mean wages occ. L 1.931 1.931 1.933
share of emp. occ. H 0.333 0.333 0.324
share of emp. occ. M 0.333 0.333 0.337
var log hours occ. L 0.239 0.238 0.223
var log wages occ. H 0.334 0.332 0.339
var log wages occ. M 0.281 0.287 0.291
var log wages occ. L 0.294 0.290 0.257
var log hours occ. H 0.099 0.100 0.114
var log hours occ. M 0.146 0.147 0.156

Loss Function× (10−5) − 6.47 246.7

Two messages emerge from this table. First, as is evident from both the detailed list of
values for the 14 moments and the values of the loss functions, both models do a very good
job overall of accounting for the cross-sectional wage and hours moments. But second, the
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non-linear model offers a closer fit to each of the moments, and in fact has a value of the
loss function that is lower by a factor of almost 40 (6.4× 10−5 relative to 246.7× 10−5).

It is useful to focus on how the two theories account for the gaps in outcomes across
occupations, presented in Table 3. In what follows we measure gaps relative to occupation
M . We begin with properties of the hours distribution. The gaps in mean hours in the
data for occupations H and L are 0.114 and −0.137 respectively. The non-linear model
matches those gaps almost exactly while the linear model slightly overpredicts both gaps.
The gaps in the variance of log hours in the data are −0.047 and 0.093 in occupations H
and L respectively. Again, the non-linear model matches those gaps almost exactly while
the linear model slightly underpredicts both.

Table 3: Occupational Differences.

Data Non-linear Linear

Log Mean Hours
Occ H - Occ M 0.114 0.116 0.126
Occ L - Occ M -0.134 -0.137 -0.144

Var Log Hours
Occ H - Occ M -0.047 -0.047 -0.042
Occ L - Occ M 0.093 0.091 0.067

Log Mean Wages
Occ H - Occ M 0.334 0.335 0.338
Occ L - Occ M -0.346 -0.345 -0.339

Var Log Wages
Occ H - Occ M 0.053 0.045 0.048
Occ L - Occ M 0.013 0.003 -0.034

Emp shares
Occ H 0.333 0.333 0.324
Occ M 0.333 0.333 0.337
Occ L 0.333 0.334 0.340

Notes: The table reports statistics on occupational differences in

the distribution of hours and wages in the data, non-linear model,

and linear model. The last panel reports employment shares for

each of the three occupations.

Next we turn to occupational gaps in properties of the wage distributions. The occu-
pational gaps in mean wages in the data are 0.344 and −0.346 in occupation H and L
respectively. Both models match the data quite well, with the non-linear model exhibiting
an almost perfect fit. The gaps in the variance of log wages in the data are 0.053 and −0.013
for occupations H and L respectively. These values are equal to 0.045 and 0.003 in the non-
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linear model and 0.048 and −0.034 in the linear model. Overall, even though both models
match the data fairly well, the mean absolute discrepancy of the non-linear model is smaller.

Lastly, while the non-linear model perfectly matches the targets for employment shares,
the linear model slightly understates the fraction of workers in occupation L (0.324 instead
of 0.333).

5.4 Mechanisms

Section 4 highlighted the differing mechanisms through which the two models generate dif-
ferences in hours distributions across occupations. In the linear model the key parameters
are the correlations between tastes and productivities (the ρaij ,φi

), while in the non-linear
model it is heterogeneity in the θj. Consistent with this intuition, Table 2 shows that in the
linear model the correlation between φi and aij is modestly negative for j = H, modestly
positive for j = L, and effectively zero for j = M . This pattern serves to increase mean
hours in occupation H and decrease mean hours in occupation L relative to the economy
wide average.

For the non-linear model, Table 2 shows that θj increases from 0.27 in occupation L to
0.45 in occupation H. The mean value of the θj is equal to 0.35. This mean value is close to
the value of 0.4 that was estimated by Aaronson and French (2004). To our knowledge our
paper is the first to use a structural model to infer occupational gaps in non-linearity. Our
estimated gap between θL and θH of 0.18 is only about half as large as the gap of 0.40 used
by Erosa et al. (2022) in their benchmark calibration of a two occupation model.22

In Section 4 we highlighted that heterogeneity in the θj affect hours through both direct
and indirect channels, with the indirect channel reflecting the effect on selection in φi. Using
our calibrated model we can shed some light on the relative importance of these effects. To
explore this we set σφ = 0 and re-solve the model. In this specification the only source of
hours heterogeneity is due to occupational choice. In the data, the gaps in the log of mean
hours between H and M and between M and L are 0.114 and 0.134 respectively, and our
calibrated model matches these very closely (0.116 and 0.137). But when we set σφ = 0,
these gaps are reduced to 0.018 and 0.020 respectively. We conclude that roughly 85 percent
of the differences in mean hours across occupations in the non-linear model are due to the
selection of individuals based on tastes. Consistent with this we find that selection has a
significant impact on the mean of φi across occupations. Specifically, the population mean
of φi is 0.575 while the profile for the mean value of φi across occupations H, M , and L is
(0.18, 0.58, 0.97)

Selection effects also have a substantial impact on the variance of log φi across occupa-
tions: the population variance for log φi is 1.63 while the equilibrium profile for the variance
of log φi across occupations H, M , and L is (1.38, 1.48, 1.70). In our qualitative analysis we
noted that the dispersion in hours within an occupation is influenced by both the mean and
dispersion of φi. Variation in the within occupation dispersion in log φi directly generates
variation in the within occupation dispersion in hours, whereas variation in the mean of
φi operates indirectly via its effect on the elasticity of hours with respect to φi, as seen in

22We note that our loss function is fairly flat with respect to increases in the value of this gap, so we do
not view our calibration results as ruling out larger values.
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equation (5). Both of these channels are quantitatively relevant. To establish this we hold
occupational choices fixed, and shift the distribution of φi for individuals in occupation H
proportionately so that mean hours of these workers is equal to mean hours of workers in
occupation M . In this counterfactual occupations H and M have the same mean hours but
differ in the value of the variance of log φi. We then compute the fraction of the original
difference in the variance of log hours between occupations H and M that is still accounted
for in this counterfactual. When comparing occupations H and M we find that dispersion
in log φi accounts for roughly 27% of the gap in the variance of log hours across occupations.
When we repeat the exercise comparing occupations H and L the answer is 42%.23 We con-
clude that more than half of the gaps in the variance of log hours are driven by differences in
mean hours, via the elasticity effect reflected in equation (5). Consistent with this, we find
large differences in the mean elasticity for individuals across occupations: the mean values
for occupations H, M , and L are −0.27, −0.31, and −0.36 respectively.

Property 3 in Section 4 noted that occupational choice in the non-linear model is in-
fluenced by both φi and the aij, whereas in the linear model it is only influenced by the
aij. To assess the role of preferences in shaping occupational choice we eliminate preference
heterogeneity in the non-linear model and re-solve the model. We find that almost fifteen
percent of workers will choose a different occupation.24

6 Implications for Earnings Inequality

A key objective of our model building exercise is to have a model of occupational choice
that can simultaneously account for the quantitative patterns of inequality in both wages
and earnings. In the previous section we showed that our estimated linear and non-linear
models both do a good job of accounting for the patterns of wage inequality within and
across occupations. In this section we compare how the two models fare with regard to the
facts about earnings inequality, and in particular the differences between wage and earnings
inequality. Our key finding is that the non-linear model does a good job of accounting for
these untargeted moments, and in particular, does much better than the linear model.

Results are reported in Table 4. The top two panels report results for the mean and
variance of log earnings across occupations. Both models match the values for mean earn-
ings from the data quite closely, though the non-linear model does a slightly better job of
matching the gaps across occupations. The non-linear model does a substantially better job
of matching the variances, as the linear model misses the values for occupation M by more
than twenty percent and occupation L by more than thirty percent.

Next we examine the extent to which the two models help us understand the differences
in the within occupation variance of wages and earnings. These values are presented in the
third panel of Table 4. Consistent with the results just reported for variances of log earnings,
we see that the non-linear model matches the data quite closely whereas the linear model

23Recall from an earlier calculation that the differences in mean hours are about 85% due to differences
in the φi distributions, with the remainder due to the direct effect of θj on hours.

24Specifically, the switching rates are roughly 10%, 18% and 15% for workers initially in occupations H,
M , and L respectively. The vast majority of switches out of H are to M , and the vast majority of switches
out of L are to M .
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Table 4: Non-targeted Dimensions.

Data Non-linear Linear

Mean Log Earnings
Occ H 10.322 10.339 10.313
Occ M 9.872 9.889 9.834
Occ L 9.407 9.420 9.336
Log Earn Gap H-M 0.449 0.450 0.479
Log Earn Gap L-M -0.466 -0.469 -0.497

Var Log Earnings
Occ H 0.464 0.480 0.413
Occ M 0.476 0.486 0.379
Occ L 0.598 0.621 0.381

Var log earn- Var log wages
Occ H 0.130 0.147 0.074
Occ M 0.195 0.199 0.088
Occ L 0.304 0.331 0.123

Corr of log hours and log wages
Occ H 0.075 0.130 -0.102
Occ M 0.115 0.127 -0.161
Occ L 0.120 0.177 -0.208

Notes: The table reports (non-targeted) statistics on mean log earnings, variance of

log earnings, gap between the variance of log earnings and the variance of log wages,

and the correlation of log hours and log wages. The columns correspond to the data,

the non-linear model, and the linear model.

misses substantially in all cases, and in particular by more than fifty percent for both the
M and L occupations.

The fourth panel of Table 4 helps us to understand the reason for the different results
across models. It reports the cross-sectional correlation of wages and hours in each of our
three occupations, in the data and the two calibrated models. In the data and the non-linear
model these correlations are modestly positive, whereas in the linear model they are mod-
estly negative. Non-linearities are key to this result: in the non-linear model the earnings
function generates a positive correlation between hours and wages holding individual pro-
ductivity fixed, whereas in the linear model wages are independent of hours worked holding
productivity constant. To show that this effect plays a key role we compute the within occu-
pation correlations between hours and productivity (i.e, the value of aij in the individual’s
observed occupation) in the non-linear model. In contrast to the modestly positive correla-
tions between wages and hours, we find modestly negative correlations between individual
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productivity and hours. The profile of correlations between productivity and hours is −0.12,
−0.13, and −0.07 for occupations H, M , and L respectively. The average of these values is
−0.11, which is quite similar to the average value of −0.15 for the linear model. We conclude
that non-linearities play a fundamental role in providing a better account of the data.

7 Suggestive Evidence for Occupation Effects on Hours

A key distinguishing feature of our non-linear model relative to the linear model is the
presence of a causal effect of occupation on hours of work. In this section we present some
suggestive evidence supportive of this effect.

It is intuitive that data on occupation switchers might be useful in assessing the signif-
icance of occupation effects on hours. In the current context this presents two challenges.
First, because our static model framed occupational choice as a career choice, it implicitly
assumed that there is no switching between occupations. Second, it is important that the
occupational change is not associated with a change in tastes for leisure. We propose that
examining young occupational switchers offers a plausible way to deal with both of these
challenges. In particular, consistent with models that feature learning, occupational switches
of young individuals could be viewed as part of a process in which they are learning about
their productivities in order to choose an optimal career. Jovanovic (1979) is an early model
that stresses learning about productivity as a source of worker turnover, while Papageorgiou
(2014) studies this in the context of a model of occupational choice. From this perspective,
occupational switches of young individuals are not driven by changes to tastes, and reflect
individuals choosing among careers, which is consistent with how we view our model. While
not definitive, we think this evidence is suggestive about the existence of occupation effects.

Table 5: Changes in Log Hours upon an Occupational Switch.

Data Non-linear Linear

H to M -0.034 -0.019 0.000
H to L -0.079 -0.046 0.000
M to H 0.042 0.019 0.000
M to L -0.026 -0.023 0.000
L to H 0.095 0.040 0.000
L to M 0.087 0.024 0.000

Notes: Data from the 1990 Survey of Income and Program Participation. Moments

are computed for young workers between the ages of 22 and 35.

We implement this exercise using data from the Survey of Income and Program Par-
ticipation (SIPP). We use this data rather than the CPS because it offers a longer panel
component with a still relatively large sample size. Details of the data sample and procedure
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are described in Appendix A. The first column of Table 5 reports the results from the data
for all six of the potential occupational switches. Interestingly, the signs of all six changes
are consistent with the prediction of our non-linear model.

To gauge the extent to which the magnitudes are in line with our model predictions
we carry out the following simple exercise. If individuals are acquiring information about
the relative benefits of different careers then it seems plausible that switchers may be those
who are closest to the boundary of indifference between occupations. With this in mind
we compute the implied change in hours in our calibrated model for all individuals whose
benefit measured in terms of consumption is less than 5% of equilibrium consumption. The
resulting values are reported in the second column of Table 5, and the values in the nonlinear
model are quantitatively similar to those observed in the data.

A more definitive analysis of this issue would require that we extend our model to a
dynamic setting and explicitly model the reasons for occupational mobility. We leave such
an exercise for future work. But we view the above evidence on signs and magnitudes to be
suggestive evidence in support of the presence of occupational effects on hours.

8 Conclusion

Recent work on inequality has found it useful to view the data from the perspective of oc-
cupations. In this paper we have argued that systematic differences in labor supply across
occupations have important effects for the measurement of inequality between and within
occupations. In particular, we document large and systematic differences in wage and earn-
ings inequality between and within occupations, and show that they are intimately related
to differences in the distribution of hours worked across occupations. In particular, high
mean wage occupations tend to have higher mean hours and lower variance of log hours.
These patterns amplify differences in mean earnings across occupations, and create greater
variance in log earnings in low mean wage occupations.

We develop a variant of standard Roy model that can account for these patterns. Building
on the work of Goldin (2014) and Erosa et al. (2022), the key feature of our model is that
individual earnings are a non-linear function of individual hours worked, and the extent
of this non-linearity varies across occupations. We show that this model is better able
to account for the patterns in the data than a model with linear earnings. A distinctive
implication of our model relative to a standard textbook Roy model is that occupational
choice is determined both by comparative advantage as well as tastes for leisure. This
interaction between preferences and occupation choice has important quantitative effects on
how individuals sort across occupations and the distribution of hours worked within and
across occupations.

Our model has viewed occupational choice as a career choice. An important direction for
future work in this area is to extend our analysis to include life cycle dynamics. This would
allow us to distinguish between static and dynamic source of non-linearities in earnings,
and provide a framework in which data on occupation switchers can be used to identify
occupation fixed effects.
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A Data Description

A.1 Current Population Survey, 1976-2015

Our analysis is based on the IPUMS-CPS files from the 1976-2015 Current Population Survey (CPS).25

Annual hours and hourly wages Total annual hours worked last year are constructed using
the variables (i) weeks worked last year (WKSWORK1) and (ii) usual hours worked per week last year
(UHRSWORK). Hourly wages last year are constructed using the variables (i) wage and salary income for
the previous calendar year (INCWAGE) and (ii) total hours worked last year constructed above. Real hourly
wages are obtained using the CPI index(=100 in 1982/84).

Consistent 1976-2015 occupational classification The occupational classification has changed
four times over the period 1976-2015.26 We use the occupational classification provided in Autor and Dorn
(2013) to construct consistent occupational codes for the 1976-2015 period.

Sample restrictions

• Age. 22-64.

• Time Period. Our benchmark results use the pooled data from 1976-2015. In some of the analysis we
also use four 10-year periods: (1) 1976-1985; (2) 1986-1995; (3) 1996-2005; (4) 2006-2015.

• Annual Hours. Drop observations with annual hours of less than 250 or more than 4500.

• Real Hourly Wages. Drop observations with a real hourly wage in the top and bottom 0.1% of the
hourly wage distribution.

• Number of Observations in an Occupation. Use observations from occupations with at least 30 obser-
vations.

• One Employer per Year. Some individuals might have worked in multiple occupations during the
survey year. To address this, for each survey year, we focus on individuals who report having had a
single employer (NUMEMPS variable).

Aggregate moments The aggregate moments are computed as follows. We compute (log) mean
hours, (log) mean wages, (log) mean earnings, the standard deviation of log hours, the standard deviation
of log wages, and the standard deviation of log earnings in each occupation, using person-level weights in
the analysis. Then, we report the averages of these moments across all occupations, using the relative share
of individuals in each occupation.

Moments for the three occupational sectors We compute mean hours in each occupation,
using person-level weights, rank all occupations by the level of mean hours, and separate them into three
groups that are equal in size, based on person-level weights. We then compute (log) mean hours, (log) mean
wages, (log) mean earnings, the standard deviation of log hours, the standard deviation of log wages, and
the standard deviation of log earnings in each occupation, using person-level weights in the analysis. Finally,
for each of the three sectors, we report the averages of these moments, using the relative share of individuals
in each occupation in that sector.

25The data and a detailed description can be found at http://cps.ipums.org/cps/.
26Specifically, the 1970 census classification scheme is used 1971-1982, the 1980 census classification

scheme is used for 1983-1991, the 1990 census classification scheme is used for 1992-2002, and the 2000
census classification scheme is used for 2003-2015.
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A.2 Survey of Income and Program Participation

We use the 1990 Survey of Income and Program Participation (SIPP) dataset, that runs from 1989 until
1992, to compute changes in hours worked for occupational switchers (and stayers). The SIPP data is
monthly; however, individuals are interviewed every four months when they provide information on each
of the months. Based on the analysis in the paper, and as described in Online Appendix A.1, individuals
belong to one of three occupational groups: Occupation H, M or L. We identify occupational switchers
at the monthly level between months t − 1 to t and look at the average change in hours worked between
months t + 1, t + 2, and t + 3 and months t − 2, t − 3, and t − 4, controlling for the fact that the only
occupational switch during this period is between months t − 1 and t. We restrict the analysis to young
workers between the ages of 22 and 35. We find that individuals that stay in their current occupation do
not experience on average any change in their hours worked. Occupational switchers, however, on average
experience significant changes in their hours worked.
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B Various Measures of Dispersion in Annual Hours

across Occupations: 1976-2015

We provide sensitivity of the main pattern observed in the data − of a negative relationship between mean
hours and the dispersion in hours in an occupation − with respect to various measures of dispersion in annual
hours. In the main text we used the variance in log hours as the preferred measure of dispersion. However,
the main pattern remains unchanged if we were to use the coefficient of variation in annual hours (Figure
B-1) or the 95/5 and 90/10 ratio of annual hours in an occupation (Figure B-2).

Figure B-1: Log Mean Annual Hours vs. the Coefficient of Variation of Annual Hours, CPS 1976-2015:
by 3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The straight solid

red line represents a linear regression, weighted by the relative size of each occupation, while the

size of the circle indicates the relative size of the occupation.

Figure B-2: Log Mean Annual Hours vs. 95/5 and 90/10 Ratio of Annual Hours, CPS 1976-2015: by
3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The straight solid

red line represents a linear regression, weighted by the relative size of each occupation, while the

size of the circle indicates the relative size of the occupation.
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C Intensive and Extensive Margin: 1976-2015

Figure C-1 shows the relationship between log mean weeks and the variance of log weeks in an occupation.
The variable used here is number of week worked last year. Similarly to what we observed for total annual
hours worked, there is a negative relationship between the mean number of weeks and the dispersion in
weeks worked in a given occupation.

Figure C-1: Log Mean Weeks vs. the Variance of Log Weeks, CPS, 1976-2015, by 3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The straight solid red line represents

a linear regression, weighted by the relative size of each occupation, while the size of the circle indicates the relative

size of the occupation.

Figure C-2: Log Mean Weekly Hours vs. the Variance of Log Weekly Hours (Usual Hours per Week Last
Year), CPS, 1976-2015, by 3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The straight solid red line represents

a linear regression, weighted by the relative size of each occupation, while the size of the circle indicates the relative

size of the occupation.
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Figure C-2 shows the relationship between log mean weekly hours and the variance of log weekly hours
in an occupation. The variable used here is usual hours per week last year. Similarly to what we observed for
total annual hours worked, there is a negative relationship between mean hours per week and the dispersion
in hours per week in a given occupation.

Finally, we analyze the correlation between weeks worked and weekly hours in occupational hours. Is it
the case that occupations that have a high mean and low dispersion in number of weeks worked also exhibit
a high mean and low dispersion in usual hours worked in a week? Figure C-3 shows that the correlation
between the dispersion in log weekly hours and the dispersion in log weeks in an occupation is positive. This
implies that, taking into account the facts described above, some occupations exhibit a high mean and low
dispersion in their hours both in terms of usual weekly hours and weeks worked while other occupations
exhibit a low mean and high dispersion in their hours both in terms of usual weekly hours and weeks worked.

Figure C-3: Variance of Log Weekly Hours vs. Variance of Log Weeks, CPS, 1976-2015, by 3-Digit
Occupations.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The straight solid red line represents

a linear regression, weighted by the relative size of each occupation, while the size of the circle indicates the relative

size of the occupation.
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D Age, Gender, and Education Groups: 1976-2015

Figure D-1 illustrates that the main pattern observed in the data−of a negative relationship between mean
hours and the dispersion in hours in an occupation−holds when we split the sample by gender (men, women),
education (non-college, college), and age (22-35, 36-49, and 50-64).

Figure D-1: Log Mean Annual Hours vs. the Variance of Log Annual Hours, CPS, 1976-2015,
3-Digit Occupations: by Gender, Education, and Age.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The straight solid

red line represents a linear regression, weighted by the relative size of each occupation, while the

size of the circle indicates the relative size of the occupation.
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E Time Periods: 1976-2015

Figure E-1 illustrates that the main pattern observed in the data−of a negative relationship between mean
hours and the dispersion in hours in an occupation−holds if we consider each successive ten year period
between 1976 and 2015.

Figure E-1: Log Mean Annual Hours vs. the Variance of Log Annual Hours, CPS, 1976-2015, 3-Digit

Occupations: by Different Time Periods.

Notes: Each point represents a 3-digit occupation in the given 10-year time period. The scatter

plot describes the relationship between the log of mean annual hours worked and the variance of

log annual hours in a given occupation. The straight solid red line represents a linear regression,

weighted by the relative size of each occupation, while the size of the circle indicates the relative

size of the occupation.
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F Part-Time vs. Full-Time Workers: 1976-2015

Figure F-1 illustrates that the main pattern observed in the data−of a negative relationship between mean
hours and the dispersion in hours in an occupation−holds if we consider part-time (less than or equal to 34
hours per week) and full-time (more the 34 hours per week) workers.

Figure F-1: Log Mean Annual Hours vs. the Variance of Log Annual Hours, CPS, 1976-2015, 3-Digit
Occupations: Part-Time vs. Full-Time.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The straight solid

red line represents a linear regression, weighted by the relative size of each occupation, while the

size of the circle indicates the relative size of the occupation.

Further, for each occupation over the 1976-2015 period, we compute the fraction of people working less
than 1500 annual hours (30 hours per week) and more than 2500 annual hours (50 hours per week).

Figure F-2: Fraction Working “Short” and “Long” Hours, CPS, 1976-2015: by 3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The size of the

circle indicates the relative size of the occupation.

Figure F-2 reports the results. The horizontal axis displays the mean annual hours worked in a particular
occupation. As we move along the x-axis from occupations with low mean hours towards the occupations
with high mean hours, the fraction working “short” hours (less than 1500 annual hours) declines while the
fraction working “long” hours (more than 2500 annual hours) increases. This indicates that as the level of
mean hours worked in an occupation increases, the entire distribution of hours worked shifts to the right.
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G Occupational Hours over Time: 1976-2015

There are no major changes over time in the mean and dispersion in hours in occupations, implying that the
position of an occupation in the mean-dispersion space is a somewhat fixed characteristic of an occupation.
Figure G-1 shows the log mean annual hours for each occupation in 1986-1995 and 2006-2015 relative to
the initial 1976-1985 time period. Although there are some changes, mostly towards higher mean hours,
30 years later most occupations still line up closely along the 45-degree line. A similar pattern emerges for
the changes in the variance of log annual hours, as reported in Figure G-2. The plots for the changes in
the variance over time exhibit more dispersion around the 45 degree line, but this is to be expected if the
estimate of the variance of hours within an occupation is noisier than the estimate of mean hours.

Figure G-1: Log of Mean Annual Hours, Over Time: by 3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in a given 10-year time period. The scatter plot

describes the change in log of mean annual hours in a given occupation over time, relative to the

1976-1985 period.

Figure G-2: Variance of Log Annual Hours, Over Time: by 3-Digit Occupations.

Notes: Each point represents a 3-digit occupation in a given 10-year time period. The scatter plot

describes the change in the variance of log annual hours in a given occupation over time, relative

to the 1976-1985 period.
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H Data Moments in an Occupational Sector, an Alter-

native Computation

We provide an alternative way of computing the data moments reported in Table 1. Instead of reporting the
data moments for a representative occupation in an occupational group, we compute the data moments using
all observations in that particular occupational group. By definition the reported means in both cases are
the same, but the variances of log hours, log wages, and log earnings are slightly higher than those reported
in Table 1.

Table H-1: Data Moments, CPS, 1976-2015.

Emp. share Log mean h Var log h Log mean w Var log w Log mean e Var log e

H 1/3 7.70 0.10 2.61 0.41 10.32 0.55

M 1/3 7.59 0.15 2.28 0.34 9.87 0.56

L 1/3 7.46 0.25 1.93 0.36 9.41 0.71

gap H-M 0 0.11 -0.05 0.33 0.07 0.45 -0.01

gap L-M 0 -0.13 0.10 -0.35 0.02 -0.46 0.15

Notes: We rank occupations by their mean hours and partition them into three groups of equal size based
on person-level weights. We denote the high, medium, and low mean hours occupations by H, M , and
L, respectively. We compute the log of mean hours, the variance of log hours, the log of mean wages,
the variance of log wages, the log of mean earnings, and the variance of log earnings in each of the three
occupational groups.
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I Elasticity of Targets to Parameter Changes

Tables I-1 and I-2 report the elasticity of the calibration targets to a 1% change in each of the parameters
in the linear and nonlinear models.

Table I-1: Elasticity to Parameter Changes: Non-linear Model.

Target µaH
µaM

µaL
µφ σ2

aH
σ2
aM

σ2
aL

σ2

φ
ρaH ,aM

ρaH ,aL
ρaM ,aL

θH θM θL

Emp H -11.55 10.41 0.38 -0.14 3.11 -3.08 -1.57 -0.04 -1.38 -4.02 7.05 29.68 -22.03 -1.24
Emp M 10.88 -20.34 5.26 -0.04 -1.11 5.72 -1.15 -0.05 -6.75 6.92 -5.42 -27.51 41.44 -14.98
Emp L 0.68 9.86 -5.61 0.18 -1.99 -2.63 2.70 0.09 8.09 -2.89 -1.64 -2.21 -19.28 16.14
Mean h H 0.06 -0.06 -0.01 -0.02 -0.12 -0.05 0.01 0.01 0.15 0.05 -0.06 -0.11 0.09 0.01
Mean h M 0.09 -0.01 -0.03 -0.02 0.09 0.00 -0.07 0.00 -0.12 0.00 0.11 -0.31 0.10 0.02
Mean h L 0.01 0.09 -0.06 -0.02 -0.03 0.07 0.13 -0.02 0.12 -0.05 -0.19 -0.06 -0.28 0.23
Var h H -3.25 2.02 0.22 0.21 6.45 2.94 -0.61 0.54 -7.04 -1.94 2.17 4.69 -3.26 -0.31
Var h M -0.79 -0.95 0.87 0.35 -1.80 1.81 3.26 1.21 1.38 0.14 -4.79 4.12 -0.61 -0.95
Var h L -0.15 -1.86 1.24 0.31 0.30 -0.57 -1.85 1.29 -1.76 0.57 2.44 0.53 4.85 -3.68
Mean w H 0.47 -0.92 -0.06 -0.02 -0.44 -0.28 0.19 0.01 0.89 0.65 -1.04 -0.96 2.02 0.19
Mean w M 0.38 -0.20 -0.39 0.00 0.95 1.33 -0.78 0.01 -1.68 -0.40 0.85 -1.24 0.67 1.18
Mean w L 0.04 0.74 -0.83 -0.03 -0.14 0.43 2.38 -0.04 0.79 -0.59 -2.24 -0.14 -1.56 2.28
Var w H -0.53 1.03 0.17 -0.07 2.13 0.82 -0.16 -0.02 -1.92 -2.48 3.02 1.27 -1.50 -0.77
Var w M 0.22 -1.96 0.32 0.12 1.76 4.44 2.77 0.14 -4.22 0.52 -3.05 -1.06 3.45 -1.02
Var w L -0.07 0.35 -0.18 -0.06 -0.21 0.63 4.21 -0.07 0.49 -1.20 -2.00 0.03 -0.88 0.52

Notes: The table reports the elasticity of each targeted moment to a 1% change around the calibrated parameter value.

Table I-2: Elasticity to Parameter Changes: Linear Model.

Target µaH
µaM

µaL
µφ σ2

aH
σ2
aM

σ2
aL

σ2

φ
ρaH ,aM

ρaH ,aL
ρaM ,aL

ρaH ,φ ρaM ,φ ρaL,φ

Emp H 8.38 -6.49 -2.19 0.00 1.43 -1.18 -0.51 0.00 -4.42 -1.27 2.25 0.000 0.000 0.000
Emp M -6.07 11.86 -5.18 0.00 -0.43 1.92 -0.21 0.00 -5.45 2.30 -1.56 0.000 0.000 0.000
Emp L -1.96 -5.57 7.21 0.00 -0.93 -0.77 0.69 0.00 9.61 -1.06 -0.59 0.000 0.000 0.000
Mean h H -0.07 0.05 0.03 -0.01 -0.07 0.00 0.00 0.00 0.28 0.04 -0.04 0.012 0.000 0.003
Mean h M -0.08 0.00 0.06 -0.01 0.04 0.01 -0.01 0.00 -0.12 0.00 0.03 -0.010 0.000 0.010
Mean h L -0.03 -0.05 0.08 -0.01 0.00 0.00 0.04 0.00 0.02 -0.05 -0.04 -0.004 0.000 -0.016
Var h H 1.90 -0.70 -0.47 0.18 2.51 0.37 0.06 1.34 6.37 -1.74 0.69 -0.411 0.002 -0.148
Var h M 1.12 0.42 -1.43 0.17 -0.13 0.15 0.32 1.34 7.27 -0.25 -1.02 0.058 -0.003 -0.325
Var h L 0.29 0.69 -1.29 0.17 0.08 -0.05 -0.11 1.30 -8.48 0.38 0.68 -0.004 0.001 0.071
Mean w H -0.06 0.56 0.35 0.00 0.05 -0.06 0.03 0.00 0.86 0.23 -0.38 0.000 0.000 0.000
Mean w M -0.31 0.49 0.59 0.00 0.18 0.66 -0.14 0.00 -1.88 -0.21 0.20 0.000 0.000 0.000
Mean w L -0.16 -0.07 1.25 0.00 0.01 0.09 0.76 0.00 0.87 -0.29 -0.53 0.000 0.000 0.000
Var w H 0.60 0.24 -1.08 0.00 1.11 0.51 0.35 0.00 0.09 -0.88 1.41 0.000 0.000 0.000
Var w M -0.20 0.58 -0.47 0.00 0.11 1.38 0.91 0.00 -2.77 0.00 -0.07 0.000 0.000 0.000
Var w L -0.09 0.37 -0.07 0.00 0.20 0.28 1.65 0.00 -12.22 -0.39 . -0.49 0.000 0.000 . 0.000

Notes: The table reports the elasticity of each targeted moment to a 1% change around the calibrated parameter value.
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