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Abstract

We document a robust negative relationship between mean annual hours in an occu-
pation and the dispersion of annual hours within that occupation. We study a unified
model of occupational choice and labor supply that features heterogeneity across occu-
pations in the return to working additional hours and show that it can match the key
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model is shaped both by selection on comparative advantage and selection on tastes for
leisure. Our quantitative work finds that the dominant source of differences in hours
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1 Introduction

Two classic topics in labor economics are labor supply and occupational choice. Interest-
ingly, textbook treatments of labor supply abstract from occupational choice, and textbook
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treatments of occupational choice typically take the time allocated to market work as given.
In this paper we argue that it is important to consider these two topics jointly. To this end
we make three contributions.

Our first contribution is to document a robust empirical relationship between the first
and second moments of the hours worked distribution and occupational choice. Using data
on annual hours of work at the 3-digit occupational level from the Current Population Survey
(CPS) over the period 1976-2015, we document a robust negative correlation between mean
hours worked in an occupation and the standard deviation of log hours worked within an
occupation. This result is robust to controlling for demographic characteristics such as age,
education and gender, and also holds across subperiods.

Goldin (2014) argues that an important difference across occupations is the extent of
non-linearity in the relationship between hours and earnings.! Our second contribution is
to demonstrate that heterogeneity across occupations along this dimension serves as the
basis for a parsimonious explanation for the distribution of both hours and wages across
occupations. We establish this result both analytically and quantitatively.

The core of our model is a standard two occupation Roy (1951) model that includes
a time allocation decision. We extend it along two dimensions: heterogeneous preferences
over leisure, and earnings that are convex in hours worked, with the extent of this convexity
varying across occupations. In our model, hours worked differ across occupations both
because of occupation effects and selection effects. The occupation effect reflects the fact that
a given individual chooses to work longer hours when choosing the occupation with the more
convex hours-earnings relationship. The selection effect captures the fact that differences in
the extent of convexity also lead individuals to sort based on tastes for leisure: holding all
else constant an individual with lower taste for leisure is more likely to choose the occupation
with the more pronounced convexity. Selection on preferences distinguishes our model from
a standard Roy model in which comparative advantage (i.e., relative productivity) is the sole
determinant of occupational choice. Selection on preferences reflects an interaction between
the heterogeneity in the convexity of the hours-earnings relationship across occupations and
heterogeneity in tastes for work across individuals. Preference heterogeneity alone does not
give rise to selection on preferences if the convexity is the same across occupations.

Our third contribution is to quantify the relative importance of occupation and selection
effects for the distribution of hours across occupations. We find that the selection effect
is dominant, and this result holds for the entire range of differences in convexity that we
consider. We also show that selection on preferences is quantitatively important in shaping
occupational choices.

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

1See the discussion in Erosa et al. (2022) for a summary of evidence on this point.



responses.? 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 Erosa et al. (2022). Both papers cover broadly
similar terrain but their analyses are largely complementary.* 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 that is the
focus of this paper. Second, the theoretical analysis in this paper identifies a channel through
which differences in the convexity of earnings across occupations will affect the dispersion in
hours. Third, we show that our model captures the key patterns in the data for a wide range
of differences in the extent of non-linearities across occupations. Fourth, we quantify the
relative magnitude of occupation and selection effects. Lastly, we also examine the model’s
implications for differences between wage and earnings inequality across occupations.

An outline of the paper follows. Section 2 presents our key empirical findings on oc-
cupational choice and hours of work. Section 3 presents the simple benchmark model and
illustrates its ability to qualitatively account for the salient facts about hours of work across
occupations. Section 4 presents our quantitative analysis, and Section 5 concludes.

2 Empirical Facts

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

2.1 Data

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

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.

4As noted earlier, some 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.

°The data and a detailed description can be found at http://cps.ipums.org/cps/. See Flood, King,
Rodgers, Ruggles and Warren (2018).



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% of
the hourly wage distribution. Online Appendix A provides a detailed description of variables
and sample restrictions.

We pool data across all years and bin the observations on annual hours and wages by oc-
cupation, and compute four values for each occupation: mean hours, the standard deviation
of log hours, mean wages, and the standard deviation of log wages.

2.2  Occupational Differences in the Distribution of Hours Worked

Figure 1: The Log of Mean Annual Hours vs. the Standard Deviation of Log Annual Hours,
CPS 1976-2015: by 3-Digit Occupations.
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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 standard deviation 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.

Figure 1 displays the key pattern for hours worked across occupations. The vertical axis
measures the log of mean annual hours worked in an occupation while the horizontal axis
measures the standard deviation of log annual hours in that same occupation. The straight
line represents a linear regression, weighted by the relative size of each occupation, with
the size of each circle indicating relative size. The figure illustrates a significant negative
relationship between the mean hours worked in an occupation and the standard deviation
of log hours worked in that occupation.®

Differences in mean hours worked across occupations are large; log mean hours range
from 7.7 in the top-left part of the figure to 7.5 in the middle of the figure. This difference
across occupations is similar to the large aggregate differences observed between the US and

50nline Appendix B shows that the main pattern remains unchanged if we were to use other measures
of dispersion in hours such as the coefficient of variation in annual hours or the 95/5 ratio and the 90/10
ratio of annual hours in an occupation.



several countries in Western Europe. Differences in the standard deviation in log hours are
also large, ranging from around 0.25 in the top left to around 0.45 in the middle of the figure.

Figure 1 pooled the data across all individuals and years. Importantly, this pattern holds
when we disaggregate along many dimensions of interest. Figure 2 presents results when we
split the sample by gender (men, women), education (non-college, college), and age (22-35,

36-49, and 50-64).7

Figure 2: The Log of Mean Annual Hours vs. the Standard Deviation of Log Annual Hours,
CPS, 1976-2015, 3-Digit Occupations: by Gender, Education, and Age.
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red line represents a linear regression, weighted by the relative size of each occupation, while the
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Figure 3 shows that the same pattern appears if we consider each successive ten year

period between 1976 and 2015. Furthermore, Online Appendix E shows that the position

"Online Appendix C shows that a similar pattern emerges if we separately consider usual hours per week

and weeks worked.



of an occupation in the mean-dispersion space is a relatively stable characteristic of an
occupation over time.

Figure 3: The Log of Mean Annual Hours vs. the Standard Deviation of Log Annual Hours, CPS, 1976-
2015, 3-Digit Occupations: by Different Time Periods.
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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 size of the circle indicates the relative size of the

occupation.

One might conjecture that the pattern documented above is entirely driven by different
propensities for 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 D shows that as occupation mean hours worked increases, there is 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).

2.3 Hours and Wages

Following Roy (1951), models of occupational choice often focus on differences in the level
and dispersion of wages across occupations. It is of interest to document the relationship
between these variables and hours worked across occupations. Figure 4 provides scatter plots
for each of the log of mean wages and the standard deviation of log wages against the log of



mean hours, along with a linear regression line. Two patterns emerge. First, hourly wages
tend to be higher in occupations with higher mean hours. Second, while there is a positive
relationship between wage dispersion and mean hours, the variation in wage dispersion is
much smaller than the variation in hours dispersion.

Figure 4: Occupational Hours and the Mean and Dispersion in Occupational Hourly Wages,
CPS 1976-2015: by 3-Digit Occupations.
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Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The scatter plot
in the left panel describes the relationship between log mean annual hours and log mean hourly
wages. The scatter plot in the right panel describes the relationship between log mean annual
hours and the standard deviation of log hourly wages. The size of the circle indicates the relative

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

2.4 Aggregating the Data to Two Occupations

Our theoretical and quantitative analysis focuses on a two occupation model to maximize
transparency and best highlight the key forces at work. For this reason it is of interest to
aggregate the data to two occupation groupings. To do this we rank occupations by the level
of mean hours, and separate them into two groups that are equal in size based on person-level
weights. Having sorted individual observations into two occupation bins, we compute the log
of mean hours, the standard deviation of log hours, the log of mean wages, and the standard
deviation of log wages in each of the two occupations as a weighted average of values for
occupations within each group.®

The moments of interest for the two aggregated occupations are reported in the first
column of Table 1. We denote the high and low mean hours occupations by H and L respec-
tively. By construction, each occupation accounts for 50 percent of total employment. The
patterns reflected in this table mirror those found at the 3-digit level: there are large differ-
ences in mean hours, the standard deviation of log hours and mean wages; mean hours are
negatively related to the standard deviation of log hours and positively related to wages; and
there is only a small difference in the standard deviation of wages across the two occupations.

80nline Appendix A provides more detail.



3 A Model of Occupational Choice and Time Alloca-
tion

We study a simplified version of the model in Erosa et al. (2022). We highlight the presence of
both occupation and selection effects for the distribution of hours worked across occupations
and show that the model contains channels that can generate the pattern in Figure 1.

3.1 Model

A continuum of individuals, indexed by 4, have preferences over consumption (¢;) and leisure

(T — h;) given by:

(T — hy)' ™

= (1
v

where T is the endowment of discretionary time, h; is hours of work for individual 7, ¢; is an
individual specific preference parameter and v > 0. As is standard in the macro literature,
we assume offsetting income and substitution effects. Another important property of this
utility function is that the marginal disutility of work 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 as ¢ becomes very small, and seems a reasonable property to impose on preferences
in a model that features preference heterogeneity. More specifically, the elasticity of the
marginal disutility of work with respect to hours of work is increasing in hours worked.”

There are two occupations, denoted by j € {H, L}, and each individual is endowed with
a pair of occupational specific productivities (a;x, a;;). The mapping from hours worked to
efficiency units in occupation j for individual ¢ depends both on the idiosyncratic productivity
of the individual and an occupation specific non-linearity:

Inc; + ¢;

1+6;
€ij = aijhij_ ' (2)

If 6, = 0 for j € {H, L} the supply of efficiency units is linear in hours worked, and our
model is the Roy model extended to include heterogeneity in leisure and an endogenous
hours choice. We allow for the 6; to be positive, and most importantly, to differ across
occupations. In what follows we assume that 8y > 0. Without loss of generality, the wage
rate per efficiency unit is normalized to unity for both occupations.

In the quantitative exercise later in the paper we will interpret our static model to reflect
outcomes for an individual averaged over their working life conditional on an occupational
choice.!® With this interpretation, the non-linear effect of hours on efficiency units reflects
both static and dynamic effects. A part-time wage penalty would be an example of a static
effect, while learning by doing that depends on hours would be an example of a dynamic
effect.

9The elasticity of utility 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 imply a larger percentage decrease in hours of leisure.

10With this interpretation we are implicitly abstracting from occupational changes. Occupational mobility
necessarily decreases as one considers a coarser partition of occupations. Aggregating 3-digit occupations
into two groups serves to minimize the role of switching.



3.2 Properties

We solve the individual labor supply problem in two stages. The first stage solves for optimal
hours conditional on occupational choice, denoted by h;;, and the second stage solves for the
optimal occupational choice.

The FOC for an interior solution for the first stage choice of h;; is'!

1+40; _
&; == hig(T = hij) ™" = g(hij) (3)
for j € {H, L}. The function g defined in equation (3) is strictly increasing and convex (i.e.,

g/7 g// > 0)

Three properties follow from this first order condition. First, our assumption of offsetting
income and substitution effects implies that h;; is independent of occupational productivity
a;j. Second, and intuitively, since higher values of ¢; indicate a higher preference for leisure,
each h;; is decreasing in ¢;. Third, for a given individual ¢, 8y > 0, implies that h;z > hir.
This third property says that a given individual works more if they choose occupation H
rather than occupation L and reflects an occupation effect on hours of work.

Next we consider the second stage choice of occupation. Individual ¢ chooses to work in
occupation H if the following inequality holds

hig )t T — h;)' ™7
In (aith‘l}Ii_gH> + ¢z(1—H) > In (athHaL) + (bi(l—L>7 (4)
- -7
where h;y and h;;, are the solutions to equation (3). Recalling that h;; depends only on ¢;
and not on a;;, this expression can be re-arranged as:
(T —hi)'™ (T = hig)' ™
1—vy -y ’

In (ai_H) > z(¢i) = —(1+0p) In(hig) + (1 +6) In(hir) + { ’
aiL

where 2'(¢;) > 0 follows directly from the Envelope Theorem and h;y > h;z. Thus, individual
1 chooses to work in occupation H if the log of their skill ratio ““Z’ is higher than z(¢;).

An important implication is that occupational choice is determined both by comparative
advantage and tastes for leisure; holding a;y and a;;, constant an individual is less likely to
choose occupation H as ¢; increases. This result requires #5 > 6r; in a standard Roy model
extended to include a leisure choice (i.e., our model with 6y = 6, = 0), occupational choice
is solely determined by comparative advantage even if tastes for leisure are heterogeneous.'?

Next we establish that holding the distribution of ¢ constant across occupations, the dis-
persion in log hours is less in occupation H than in occupation L. To show this, differentiate
equation (3) to get:

dp; 1+ 0;
- 5 ;; = dhij (T — hig) ™ + dhyj higy(T — hiy) !
which gives a formula for the elasticity of optimal h;; to ¢;, which we denote by e, 4,
hij ,doi 1
Ehijdi — d T (6>
¢z 1 + WTfljzm

1 Qur utility function implies that the solution for leisure will always be interior.
12This remains true if earnings are non-linear but 0y = 6.



While the 6; do not directly appear in expression (6), they influence the elasticity through
their effect on the optimal choice of h;;. It follows that holding the distribution of ¢ constant
across occupations, fg > 6 implies higher mean hours and lower dispersion of log hours in
occupation H. Another implication of equation (6) is that a proportional decrease in ¢ for
all individuals in a given occupation (i.e., a leftward shift of the density for log ¢) will lead
to less dispersion in log hours.

As noted earlier, the distribution of ¢ across occupations will be determined by how
individuals select across occupations. We previously showed that holding all else constant,
individuals with lower values of ¢ are more likely to choose occupation H. This will tend to
increase mean hours in occupation H and reduce the dispersion of log hours. Selection may
also affect the relative magnitude of dispersion of log ¢ across the two occupations. This
effect will depend on many details of the distribution of heterogeneity and we cannot say
anything at a general level about it. In our quantitative work we find that selection serves to
generate less dispersion in log ¢ in occupation H than in occupation L, but that this channel
plays a small role relative to differences in the mean value of log ¢.

3.3 Summary

We highlight three key properties of the model. First, the model generates an interaction
between desired labor supply and occupational choice. Second, the heterogeneity in 6;
across occupations generates differences in mean hours worked across occupations via two
effects: an occupation effect and a selection effect. Third, the model has forces that can
generate a negative correlation between the mean and standard deviation of log hours across
occupations.

4 Quantitative Assessment

This section assesses the extent to which the forces captured in our model can quantitatively
account for the empirical patterns documented earlier, specifically those displayed in the first
column of Table 1.13

4.1 Quantitative Exercise

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. 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 v and
the ;. To see why, note that given values for v and the ¢;, and observations on hours,

13We noted earlier that we will interpret our model as reflecting annual outcomes averaged over a worker’s
lifetime. The cross-sectional statistics in the first column of Table 1 need not reflect cross-sectional differences
in average lifetime outcomes across workers if individuals experience significant transitory shocks to hours
and wages over their lifetime. We address this issue in our sensitivity analysis.

10



wages and occupational choice for a given individual, one can always find a value of ¢; and
a value for a;; in their observed occupation to match the observations for hours and wages.
One can then choose a value for productivity in the other occupation (e.g., set it equal to
zero) that makes the observed occupation choice optimal. An important implication is that
one can impose 6y = 0 and still match any pattern of hours and wages within and across
occupations.

This non-parametric procedure places no restrictions on the distribution of individual
heterogeneity, and in particular places no restrictions on the correlation between tastes for
leisure and occupational specific productivities. Conversely, if one imposes that tastes for
leisure are not correlated with occupational productivities, then with 65 = 6, the hours
distribution will be the same across occupations and the model cannot match the differences
in hours distributions found in the data.

In what follows we adopt a parametric approach in which we make the relatively standard
assumption that individual heterogeneity in (a;g, a;r, ¢;) is joint lognormally distributed. In
order to highlight the potential of heterogeneity in the 6, to account for the patterns in
the hours data, our exercise imposes a zero correlation between ¢; and the a;;. Given this
restriction, our model has 11 parameters: the two values of the §;, the value of v, the value
of T, and 7 distributional parameters (two for the distribution of ¢; (mean and standard
deviation), and five for the joint distribution of the a;; (two means, two standard deviations
and the correlation).)

Interpreting our model as predicting annual outcomes averaged over the life cycle we set
T = 5200. We set the value of v = 4. Definitive estimates of the 6; do not exist; the
summary of evidence in Erosa et al. (2022) suggests that a reasonable range for 6y, is [0, 0.4]
and that the gap between 0y and 6y is probably no larger than 0.5. In view of this, and
because many of our findings are not contingent on specific values for the 6;, we present
results for a range of combination of values for the ¢;. In particular, in what follows we will
fix the value for 6, and consider a range of values for 0.

For each combination of values for the two ¢;, we find the values of the 7 distributional
parameters that best fit the 9 moments in the first column of Table 1 (the employment
share of occupation H, the log of mean hours in each occupation, the standard deviation of
log hours in each occupation, the log of mean wages in each occupation and the standard
deviation of log wages in each occupation) by minimizing a loss function that is the sum of
squared residuals. Because the number of targets exceeds the number of parameters being
chosen, there is no presumption that the model can provide a good fit.

4.2 Results

Our main finding is robust to varying 67 between 0 and 0.4, so in the interests of space we
only report results here for a single value of 87, which following Erosa et al. (2022) we set to
0.2.1° Table 1 shows the fit for each of the moments.'® For each moment we also report the

14Tf 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).

15Results for other values of @y, are provided in Online Appendix G.

16Values for the underlying parameter estimates are contained in Online Appendix G.
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difference between the two occupations in order to highlight the model’s ability to account
for the differences across occupations.

Table 1: Benchmark Results.

Log Mean Hours

Occ H 7.68 7.58 7.68 7.69 7.69 7.70
Occ L 7.49 7.58 7.49 7.48 7.48 7.47
Occ H—Occ L 0.19 0.00 0.20 0.20 0.21 0.23

Std Log Hours

Occ H 0.33 0.39 0.33 0.33 0.33 0.32
Occ L 0.46 0.39 0.46 0.46 0.46 0.46
Occ H—Occ L —0.14 0.00 —0.13 —0.13 —0.13 —0.14

Log Mean Wages

Occ H 2.54 2.54 2.54 2.54 2.54 2.54
Occ L 2.02 2.02 2.02 2.02 2.02 2.03
Occ H—Occ L 0.53 0.53 0.53 0.52 0.52 0.51

Std Log Wages

Occ H 0.56 0.56 0.56 0.57 0.59 0.60

Occ L 0.54 0.54 0.54 0.53 0.52 0.52

Occ H—Occ L 0.02 0.02 0.02 0.04 0.07 0.08
Emp Occ H 0.50 0.50 0.50 0.50 0.50 0.50
Loss Functionx (107°)  — 2696 8.2 46.0 144.7 2933

We start with the results in the second column, corresponding to 8y = 6. By as-
sumption, this specification cannot generate differences in the hours distribution across oc-
cupations. The table shows that it can match the employment shares and the differences
in wage distributions across occupations, which is essentially a confirmation in our context
that the Roy model is capable of accounting for the first and second moment properties of
occupational wage distributions even if we restrict attention to log normal distributions.'”
Consistent with the failure to match the properties of the hours distributions, the loss func-
tion attains a very high value in this case.

The key message from the other columns in Table 1 is that allowing for even a relatively
small difference between the 0, allows the model to capture the properties of both the wage
and hours distributions. While the loss function is minimized at 8y = 0.3, the broader

1"We note that because the two 0; are not equal to zero, our model is not truly identical to the standard
Roy model.
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message is that the loss function is relatively flat over the entire range of values of Ay that
are greater than or equal to 0.3 and decreases by more than an order of magnitude when
moving from 0y = 0.2 to any of the other values in [0.3,0.5].18

4.3 Occupation vs Selection Effects

Section 3 highlighted two distinct channels through which our model generates differences
in hours across occupations: an occupation effect and a selection effect. Our estimation
procedure targeted the occupational gap in mean hours and the results in Table 1 show that
all of the economies with 0y € [0.3,0.6] do a good job of accounting for this gap. In this
subsection we assess the relative magnitude of the occupation and selection effects in our
model. We also present evidence that speaks to the magnitude of the occupation effect in
the data.

The empirical evidence that we present on the magnitude of the occupation effect uses
data from the Survey of Income and Program Participation (SIPP) to document how hours
of work change for individuals who move across our two aggregated occupation bins.'* We
find that average annual hours for individuals that move from Occupation H to Occupation
L decline by 7.4 percent, while they increase by 6.0 percent for individuals that move from
Occupation L to Occupation H.

Equation (3) implies that the difference between h;g and h;, depends on ¢;. To compare
the magnitudes from the SIPP with our model we make the assumption that switchers are
most likely those individuals who are close to the boundary in terms of their occupational
choice decision.? We then compute the average change in hours that would result if these
individuals were forced to switch occupations.?!

We define close to the boundary to be the 5 percent of individuals in each occupation that
have the smallest utility differences associated with their occupational choice.?? When 0y =
0.3 the model implied change in mean hours is —2.4% for individuals moving from Occupation
H to Occupation L, and +2.5% for individuals moving from Occupation L to Occupation H.
When 0y = 0.5 the values are —6.7% and +7.0%. Given that our loss function was relatively
flat over the interval of 8y values in [0.3,0.5], we interpret this evidence to imply that our
model can match the key features of the wage and hours distributions with an empirically
reasonable magnitude for the occupation effect.?

Recalling that the gap in log mean hours across occupations is 0.19, the preceding cal-
culation implies that selection effects are the dominant source of differences in hours across
occupations in our model. To further illustrate this, for each of the estimated economies in
Table 1 we eliminate the heterogeneity in tastes for leisure (i.e., we set o, = 0) and solve

18When we considered a finer grid (distance 0.01 between gridpoints) we found that the minimum still
occurred at Oy = 0.30.

9Details are provided in Online Appendix A.

20More formally, this would be true if we thought that occupation switching was the result of idiosycratic
shocks to individual productivies or to occupation specific productivity shocks.

21As a practical matter, it turns out that the change in hours for switchers does not vary that much
across the population, so that restricting attention to the group close to the boundary is not of particular
significance.

22Changing this threshold has little effect on the magnitudes we report.

230ne could view this moment as a useful way to provide additional discipline on the value of 8.
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for optimal decisions holding all other parameters fixed. When we do this for the 85 = 0.3
economy, the gap in log mean hours across occupations shrinks from 0.20 to 0.02.2* While
the selection effect is the dominant effect, it is important to remember that the selection
effect is only operative if there is an occupation effect; if 85 = 61 then occupational choice
is independent of tastes for work.?

Eliminating heterogeneity in preferences also allows us to gauge the importance of selec-
tion on preferences for occupational choice. When we do this for the 5 = 0.3 economy, the
net change in the size of the H occupation is roughly 2 percent, but about 8% and 13% of
workers in occupations H and L would choose a different occupation.

Next we consider the forces that shape the differences in the dispersion of hours across
occupations. In our theoretical analysis we argued that an increase in mean hours due to
either a higher value of 6 or to a leftward shift in the distribution of log ¢ would lead to
lower dispersion in log hours. But we also noted that selection effects could give rise to
differences in the dispersion in log ¢ across occupations. Figure G-1 in Online Appendix
G shows the densities for the distribution of log ¢ in each of the two occupations as well
as for the aggregate.? Both occupation specific distributions closely resemble log normal
distributions, with the distribution for occupation H featuring both a lower mean and a
lower standard deviation. Here we carry out a simple exercise to show that the dominant
force behind the differences in the standard deviation in log hours reported in Table 1 is the
difference in mean hours.

To do this, for each economy we hold fixed the set of individuals in occupation H and then
scale the distribution of ¢ proportionately so as to make mean hours in occupation H the
same as in occupation L. Importantly, this leaves the standard deviation of log ¢ unchanged.
We then compute the increase in the standard deviation of log hours in occupation H as
a result of this scaling. This increase accounts for roughly 70 percent of the log difference
between the standard deviation of hours across occupations when 8y = 0.3, and 73% when
Oy = 0.5. We conclude that the mean hours channel highlighted by our theoretical analysis
is the dominant factor behind the difference in the dispersion of hours across occupations.

4.4 Wage and Earnings Inequality Across Occupations

In the data, occupational gaps in earnings are substantially larger than occupational gaps
in wages. For example, the gap in log median earnings is more than one third larger than
the gap in log median wages (0.66 versus 0.49). A standard Roy model without a labor
supply decision can match differences in wages or differences in earnings but cannot do
both simultaneously. Whereas wage inequality may be of primary interest in some contexts,
earnings inequality may be more relevant in others. For example, wage differences may be

24For the f = 0.5 economy the gap in log mean hours across occupations decreases from 0.21 to 0.04.

25The presence of an occupation effect is also relevant for comparing our model against alternatives. In
particular, we previously pointed out that one could set 8y = 61 and match the data on hours, wages and
occupation if the distribution of productivity and preference parameters are estimated non-parametrically.
But this specification implies that hours of work for a given individual are independent of occupational choice,
and switching occupations in response to changes in productivity or skill prices would have no implications
for changes in hours.

260nline Appendix G also shows the densities for comparative advantage.
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more relevant when studying inequality of opportunity, but earnings inequality may be more
relevant when studying wealth inequality or consumption. More generally, understanding
the role of labor supply is likely to be relevant for thinking about the welfare implications of
inequality.

Our model makes predictions for both wages and earnings, and does a good job of cap-
turing the gaps in both wage and earnings distributions across occupations. In particular,
when 6y = 0.3 the occupational gaps in median log earnings and median log wages are 0.72
and 0.51. Our model also does a good job of accounting for the levels of both wage and
earnings inequality in the overall economy.

Because the dominant source of the occupational gap in hours is selection on tastes for
leisure, it follows that heterogeneity in tastes for leisure is an important element for a theory
of earnings differences across occupations. Put differently, if we eliminate heterogeneity in
tastes for leisure in our calibrated models, our model predicts that occupational gaps in
wages and earnings differ by very little relative to the data.

4.5 Sensitivity

We previously mentioned that our findings are robust to alternative choices for the value
of 0. Here we briefly mention two additional sensitivity exercises that are summarized
in the online appendix. The first exercise assumes that the relationship between earnings
and hours becomes linear beyond some level of hours h. In particular, Online Appendix
G contains results for the case in which A = 2100. The second exercise adjusts the two
dispersion moments in Table 1 to control for the fact that some cross-sectional dispersion
reflects transitory fluctuations that average out over time for a given individual. In both
cases our main messages are unaffected.

5 Conclusion

We document a novel fact about hours of work across three digit occupations in the US: a
robust negative correlation between mean individual hours of work and the standard devia-
tion of log individual hours. We show that an extended version of the standard Roy model
offers a parsimonious explanation for differences in both hours and wage distributions across
occupations. The success of the model relies on the interaction of two features: heterogene-
ity in preferences across individuals and heterogeneity in the convexity of the hours-earnings
profile across occupations. In a standard Roy model, occupational choice is driven solely
by selection on comparative advantage. Our analysis also attributes an important role to
a novel channel that reflects selection based on preferences. The connection between hours
and occupational choice that we document could also prove important for understanding
labor supply and earnings inequality in many contexts that feature changes or differences in
the occupational distribution of employment.
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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).2”

Annual hours and hourly wages. Total annual hours worked last year are constructed using
the variables (i) weeks worked last year (WKSWORKI1) 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 1976-2015.28 We use the occupational classification provided in Autor and Dorn
(2013) to construct consistent occupational codes for the 1976-2015 period.

Sample restrictions.
e Age. 22-64.

e 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.

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

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

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

e 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, the standard deviation of log hours, and the standard deviation of log wages 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 linear and nonlinear 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 two
groups that are equal in size, based on person-level weights. We then compute (log) mean hours, (log) mean
wages, the standard deviation of log hours, and the standard deviation of log wages in each occupation,
using person-level weights in the analysis. Finally, for each of the two sectors, we report the averages of
these moments, using the relative share of individuals in each occupation in that sector.

2"The data and a detailed description can be found at http://cps.ipums.org/cps/.

28Gpecifically, 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 two occupational groups: Occupation H or occupation L. We identify occupational switchers, from
occupation H to occupation L or vice versa, at the monthly level between months ¢ — 1 to ¢ and look at the
average change in hours worked between months ¢t + 1, ¢t + 2, and ¢ + 3 and months ¢t — 2, ¢t — 3, and ¢ — 4,
controlling for the fact that the only occupational switch during this period is between months ¢ — 1 and .

We find that individuals that stay in their current occupation do not experience on average any change
in their hours worked. In particular, those that remain in occupation H and L experience a 0% and -0.2%
change, respectively. Occupational switchers, however, on average experience significant changes in their
hours worked. Workers that switch from occupation H to L see their hours worked decrease by 7.4% while
those that switch from occupation L to H experience an increase of 6%.
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B Sensitivity with Respect to Various Measures of Dis-
persion 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 standard deviation 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
(B-1) or the 95/5 and 90/10 ratio of annual hours in an occupation (B-2).

Figure B-1: The Log of Mean Annual Hours vs. the Coefficient of Variation of Annual Hours, CPS
1976-2015: by 3-Digit Occupations.
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Figure B-2: The Log of Mean Annual Hours vs. 95/5 and 90/10 Ratio of Annual Hours, CPS 1976-2015:
by 3-Digit Occupations.
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C Intensive and Extensive Margin: 1976-2015

Figure C-1 shows the relationship between log mean weeks and the standard deviation 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: The Log of Mean Weeks vs. the Standard Deviation of Log Weeks, CPS, 1976-2015, by 3-Digit
Occupations.

Weeks Worked, 1976-2015

-
@ |
@
w
=
]
@
z
c
G |
Em
G
il
o "
o
L] T T T T
(V] .25 5 75

Standard deviation of log wéeks

Notes: Each point represents a 3-digit occupation in the 1976-2015 time period. The size of the circle indicates the
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Figure C-2 shows the relationship between log mean weekly hours and the standard deviation 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 the 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.
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Figure C-2: The Log of Mean Weekly Hours vs. the Standard Deviation of Log Weekly Hours (Usual
Hours per Week Last Year), CPS, 1976-2015, by 3-Digit Occupations.
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Figure C-3: The Standard Deviation of Log Weekly Hours vs. the Standard Deviation of Log Weeks, CPS,
1976-2015, by 3-Digit Occupations.
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D The Distribution of Hours Worked across Occupa-
tions: 1976-2015

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 D-1: Fraction Working “Short” and “Long” Hours, CPS, 1976-2015: by 3-Digit Occupations.
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Figure D-1 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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E Occupational Hours over Time: 1976-2015

Figure 3 in the paper illustrates that the pattern observed over the 1976-2015 time period is also observed
in each of the 10-year periods from 1976 until 2015. Furthermore, 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 E-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 standard deviation
of log annual hours, as reported in Figure E-2. The plots for the changes in standard deviation over time
exhibit more dispersion around the 45 degree line, but this is to be expected if the estimate of the standard

deviation of hours within an occupation is noisier than the estimate of mean hours.

Figure E-1: Log of Mean Annual Hours, Over Time: by 3-Digit Occupations.
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Figure E-2: Standard Deviation of Log Annual Hours, Over Time: by 3-Digit Occupations.

0

1986-1995 vs. 1976-1985
8
g
g2 " =
3 Y i
S
E i . P $ o
- X TR
3 o o
g .. ] o §
o .
L L .
s
g
@

2 4 ] 8
Standard deviation of log annual hours, 1976-1985
45-degree line

1

Standard deviation of log annual hours, 2006-2015

8

&

A

2

0

2006-2015 vs. 1976-1985

od

2 4 8 8
Standard deviation of log annual hours, 1976-1985
45-degree lina

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

describes the change in the standard deviation of log annual hours in a given occupation over time,

relative to the 1976-1985 period.

24



F  Occupational Distribution of Workers: 1976-2015

We study the distribution of workers across occupations, based either on the occupational mean hours or
on the dispersion in occupational hours. A useful approach is to construct the complementary cumulative
distribution function in period ¢, F,, (), defined as the probability that X — either log mean hours or the
standard deviation of log hours — will take a value greater than x. Figure F-1 plots the two distributions.

Figure F-1: Complementary Cumulative Distributions, 1976-2015: by 3-Digit Occupations.
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Calibration Results

Figure G-1: Distributions of log ¢.

Distributions of Log Phi

Notes: The figure plots the distributions of log ¢ for the whole economy, occupation H, and
occupation L.

Figure G-2: Distributions of log (‘;—’Z)
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Notes: The figure plots the distributions of the log ability ratio, log (2—’;’), for the whole economy,
occupation H, and occupation L.
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Table G-1: Calibration of Economies Differing on 6.

Parameters 05y =02 05 =03 60g=04 05=05 6yg=0.6

Hay 0.5649 -0.1764 -0.9863 -1.8022 -2.6138
tay, 0.5660 -0.1833 -0.9998 -1.8216 -2.6384
e 0.5014 0.5131 0.5488 0.5775 0.6095
JEH 0.4120 0.3943 0.4267 0.4650 0.4936
crgL 0.3191 0.3247 0.2904 0.2657 0.2581
03) 1.4807 1.6334 1.6038 1.5881 1.5570
Pau,ar 0.9785 0.9861 0.9324 0.8244 0.6807

Notes: The table shows the calibration results for economies that vary in 6y. All
economies featured in the table have 6, = 0.2. The calibration searches for 7 parame-
ters that minimize the sum of the square deviations between 9 statistics in the model
and in the data.
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Table G-2: Calibration of Economies Differing on 6.

Targets 0g =02 60g=03 0g=04 6g=05 6 =06 Data

ENL 0.50 0.50 0.50 0.50 050  0.50
Inhy 7.58 7.68 7.69 7.69 770 7.68
Inhy 7.58 7.49 7.48 7.48 TAT 749
Inwig 2.54 2.54 2.54 2.54 254 254
Inwg 2.02 2.02 2.02 2.02 203  2.02
sd(nhg)  0.39 0.33 0.33 0.33 032  0.33
sd(Inhy) 0.39 0.46 0.46 0.46 046 0.6
sd(nwg)  0.56 0.56 0.57 0.59 0.60  0.56
sd(lnwy) 054 0.54 0.53 0.52 051  0.54

Notes: All economies featured in the table have 6 = 0.2. The table shows the
calibration results for economies that vary in fg. The calibration searches for 7
parameters that minimize the sum of the square deviations between 9 statistics in the

model and in the data.
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Table G-3: Calibration of Economies Differing on (0y,6r).

Parameters 05 =03 60y =04 65 =05 O0g =04 60g=05 60g=0.6
0p =03 6,=03 6;,=0.3 0p =04 60;,=04 6;,=04

Hay -0.1820 -0.9278 -1.7363 -0.9498 -1.6784 -2.4881
tay -0.1810 -0.9347 -1.7499 -0.9491 -1.6854 -2.5017
e 0.5711 0.5903 0.6235 0.6443 0.6621 0.6927
agH 0.3995 0.3832 0.4118 0.4045 0.3685 0.3953
JgL 0.3126 0.3164 0.2829 0.2905 0.3053 0.2703
O'(Qb 1.4939 1.6317 1.6076 1.4988 1.6323 1.6130
Paw,ar 0.9805 0.9853 0.9298 0.9659 0.9847 0.9236

Notes: The table shows the calibration results for economies that vary in 8g. The
first three economies feature #; = 0.3 and the last three economies #; = 0.4. The

calibration searches for 7 parameters that minimize the sum of the square deviations
between 9 statistics in the model and in the data.
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Table G-4: Calibration of Economies Differing on (0y,6r).

Targets 0g =03 0g =04 6y =0.5 0gp =04 0g=05 60y=0.06 Data
0, =03 6,=03 6;,=0.3 0, =04 6,=04 6,=04

ENL 0.50 0.50 0.50 0.50 0.50 0.50 0.50
Inhy 7.58 7.68 7.68 7.58 7.68 7.68 7.68
Inhy 7.58 7.49 7.48 7.59 7.49 7.49 7.49
Inwg 2.54 2.54 2.54 2.55 2.54 2.54 2.54
Inwg 2.02 2.02 2.02 2.02 2.02 2.02 2.02
sd(Inhg) 0.39 0.33 0.33 0.39 0.33 0.33 0.33
sd(Inhr) 0.40 0.46 0.46 0.40 0.46 0.46 0.46
sd(Inwg) 0.56 0.56 0.57 0.57 0.56 0.57 0.56
sd(Inwy) 0.54 0.54 0.53 0.53 0.54 0.53 0.54

Notes: The table shows the calibration results for economies that vary in 8g. The
first three economies feature #; = 0.3 and the last three economies 6; = 0.4. The
calibration searches for 7 parameters that minimize the sum of the square deviations

between 9 statistics in the model and in the data.
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Table G-5: Calibration of Economies with & < 5200 and (0, 6;) = (0.3,0.2)

Parameters Baseline h = 2500 5h=2300 & = 2100

Lay -0.1764  -0.1656  -0.1576  -0.1426
Las, -0.1833  -0.1750  -0.1696  -0.1578
Lo 0.5131 0.4748 0.4582 0.4328
o2, 0.3943 0.3943 0.3946 0.3929
o 0.3247  0.3275 0.3296 0.3339
o} 1.6334 1.7117 1.7391 1.7787
Pas.ax 0.9861 0.9876 0.9884 0.9908

Notes: The table shows the calibration results for economies with h < 5200. All
economies in the table feature (6, 61) = (0.3,0.2). The first economy corresponds to
the baseline economy with 2 = 5200. In the other economies h = {2100, 2300, 2500}
in both occupations. The calibration searches for 7 parameters that minimize the

sum of the square deviations between 9 statistics in the model and in the data.
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Table G-6: Calibration of Economies with h < 5200.

Parameters Baseline 2500 2300 2100 Data

ENL 050 050 050 050 0.50
Inhy 768 767 T7.66 7.66 7.68
Inhy 749 750 750 7.50 7.49
Inwg 254 254 254 254 254
Inwg 202 202 202 202 202
sd(Inhg) 033 032 031 031 033
sd(Inhy) 046 047 047 048 0.46
sd(Inwg) 056 056 0.56 0.56 0.56
sd(Inwy) 054 054 054 054 054

Notes: The table shows the calibration results for economies with h < 5200. All
economies in the table feature (0, 61) = (0.3,0.2). The first economy corresponds to
the baseline economy with 2 = 5200. In the other economies h = {2100, 2300, 2500}
in both occupations. The calibration searches for 7 parameters that minimize the

sum of the square deviations between 9 statistics in the model and in the data.

32



Table G-7: Calibration of Economies with Lower Dispersion in Hours.

Parameters 05 =02 05 =03 60g=04 605=05 6y =0.6

Hay 0.5560 -0.1647 -0.9535 -1.7486 -2.5477
tay 0.5571 -0.1687 -0.9613 -1.7593 -2.5617
e 0.4965 0.5172 0.5542 0.5858 0.6178
agH 0.4165 0.3842 0.4017 0.4220 0.4447
o2, 0.3185 0.3452 0.3205 0.2981 0.2797
ai 0.7390 0.8526 0.8270 0.8068 0.7896
Pau,ar 0.9755 0.9964 0.9812 0.9468 0.8874

Notes: The table shows the calibration results for economies that vary in 8. The
calibration targets 2/3 of the standard deviation of hours in the cross sectional data.
All economies feature 87, = 0.2 and h = 5200. The calibration searches for 7 parame-
ters that minimize the sum of the square deviations between 9 statistics in the model
and in the data.
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Table G-8: Calibration of Economies with Lower Dispersion in Hours.

Targets 0g =02 60g=03 0g=04 6g=05 6g=06 Data

ENL 0.50 0.50 0.50 0.50 050  0.50
Inhy 7.58 7.68 7.68 7.68 769  7.68
Inhz 7.58 7.49 7.49 7.49 748 7.49
Inwi 2.54 2.54 2.54 2.54 254 254
Inwg 2.02 2.02 2.02 2.02 202 2.02
sd(Inhy)  0.26 0.23 0.23 0.22 022  0.22
sd(Inhy) 0.26 0.31 0.30 0.30 0.30  0.31
sd(nwy) 056 0.55 0.56 0.57 0.58  0.56
sd(lnwy) 054 0.55 0.54 0.53 052 054

Notes: The table shows the calibration results for economies that vary in 8g. The
calibration targets 2/3 of the standard deviation of hours in the cross sectional data.
All economies feature 8; = 0.2 and h = 5200. The calibration searches for 7 parame-
ters that minimize the sum of the square deviations between 9 statistics in the model
and in the data.
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