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Abstract

Using the Survey of Income and Program Participation (SIPP) we document

a significant and positive association between earnings risk (both permanent and

transitory) and average log-earnings across 21 industries. To understand the na-

ture of that correlation we construct an environment where (i) risk-averse individ-

uals choose an industry in which to supply labor (ii) labor earnings are subject

to industry-specific risk estimated from SIPP, but opportunities to insure against

that risk are limited, and (iii) individuals have different comparative advantages

that affect their industry choice. We use this model to decompose how much of

the empirical correlation between risk and mean earnings represents a compen-

sating differential and how much of it is due to selection. We find the positive

association between permanent risk and earnings to be mostly compensation for

risk. But selection is responsible for the observed relationship between temporary

risk and mean earnings.
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1 Introduction

At any given point in time the distribution of earnings across individuals reflects,

among other factors, compensation for undesirable job characteristics.Workers sort

themselves into different careers which are often times attached to a sector or industry.

If workers are risk-averse and sectors differ in the degree of earnings risk workers face,

the distribution of labor earnings will reflect differences across industries. Imagine

a risk-averse economist with a given set of skills entering the labor market for the

first time. Suppose those skills can be applied equally well in two industries: finance

and higher education. Of the two, finance features larger high-frequency variation

in earnings. If this is the only difference between the two sectors, our risk-averse

economist will demand a premium for working in the riskier industry. In general,

the magnitude of this premium will depend on several factors such as the degree of

risk-aversion of workers, the ability of individuals to insure against earnings risk, or

the portability of skills should the worker decide to move to an alternative industry

if shocks to earnings are persistent. The first goal of this paper is to estimate the

relationship between temporary and permanent shocks to earnings, and the mean

levels of earnings across industries.

The paper has two parts. The first part employs the Survey of Income and Program

Participation (SIPP) to estimate quarterly labor earnings risk across 21 industries of

the US economy. Our definition of earnings risk is broad, encompassing unemploy-

ment spells, unexpected drops in hours, and drops in wages. Both the definition

of risk and the estimation methodology follow a large literature modeling earnings

dynamics using panel data. We find substantial differences in the degree of labor

earnings risk across industries. Workers in the financial or transportation industries

experience large permanent shocks to earnings while those working in social ser-

vices are insulated from earnings variability. Working for the government entails low

permanent risk but high transitory risk. Moreover, the evidence favors a positive cor-
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relation between mean earnings and earnings risk, once we control for other industry

characteristics that affect the average level of earnings. The estimated coefficients im-

ply that when considering the permanent shocks to earnings the difference in average

earnings between the riskiest and safest industries is around 10%. When shocks are

transitory, moving from the safest to the riskiest industry implies an increase in mean

earnings of 8%.

It is tempting to interpret the estimated correlation as a differential that compen-

sates risk-averse workers for bearing risk. But the correlation may well reflect that

the distributions of workers’ abilities increase average earnings in risky sectors. From

reduced-form estimates it is not possible to disentangle the two; fixed-effects esti-

mates from individuals’ earnings regressions are a convolution of the two channels.

To understand the nature of the estimated correlation, the second part presents an

overlapping-generations model in which risk-averse individuals, besides a standard

consumption versus savings choice, choose an industry in which to supply labor ser-

vices. Some industries are riskier than others and, everything else equal, they are

less attractive. Individuals are ex-ante heterogeneous since each of them has a sector-

specific skill or comparative advantage. In the spirit of Roy’s original model, an indi-

vidual can be very productive in the Finance sector but not so much in Agriculture.

Absent these fundamental differences in the distribution of abilities, when facing a

high volatility of earnings in some industries, individuals seek safer alternatives, sup-

plying more labor in low-risk sectors and hence depressing wages. In equilibrium, the

nature of the earnings distributions across industries is shaped by the two different

channels: On the one hand, the aversion of workers to supply labor to risky industries

and on the other hand the distribution of abilities that determine their comparative

advantage.

In our empirical application, we discipline the relative level of risk across indus-

tries by using the variances of persistent and transitory shocks estimated in the first

part of the paper. In addition, our calibrated economy matches the labor’s share
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across different sectors of the US economy. We also parameterize the distribution of

abilities so that the model delivers the mean and standard deviations of the cross-

sectional distributions of earnings observed in the data. As a result of the sorting of

workers, a natural distribution of mean earnings and industry-risk arises. Interest-

ingly, the model predicts a distribution of workers into sectors that closely resembles

the one observed in the US data.

Viewed through the lens of the model, the positive relationship between the vari-

ance of both the permanent and transitory shocks to earnings and the average level of

earnings are a convolution of two forces: the compensation for risk and the compen-

sation for sector specific skills. Therefore, in order to decompose the effect of these

two forces into the observed differences in mean earnings we proceed to perform a

counterfactual exercise in which we shut down all the action coming from the indi-

viduals pre-labor market skills or comparative advantages, in other words, we make

individuals living in our model economy to be ex-ante homogeneous. In this coun-

terfactual world only the differences in the volatility of earnings across sectors shape

the individuals’ sectoral choice.

With reasonable levels of risk aversion, the model over predicts the positive corre-

lation between mean earnings and permanent risk, i.e. a risk premium that is higher

than in the data. On the contrary, it predicts a temporary risk premium that is vir-

tually zero. Therefore, the almost equally strong association between the variance

of transitory shocks and mean earnings observed in the data which, in light of the

reduced form model can be interpreted as a pure risk premium, is entirely coming

from selection. A large fraction of individuals possesses skills which increase pro-

ductivity in industries with relatively large transitory shocks. So even though they

are risk-averse, based on their comparative advantage they work in high (temporary)

risk industries. Finally, in this counterfactual economy, as expected the distribution

of workers into sectors is at odds with the data.

The question at hand has ramifications across several areas in economics. Under-
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standing sources of inequality should be central in the analysis of a wide range of

policies considered in macroeconomics, public finance and labor economics. Whether

a large fraction of inequality observed early in life arises solely from career choices

will influence the benefits of policies targeting income redistribution. Providing a

quantitative answer to that question is at the core of this paper.

Our work contributes to a growing literature that develop theoretical models of

labor markets occupational choice and income dynamics that are taken to data. Re-

garding our empirical analysis, to our knowledge, the first attempt to empirically

analyze the link between the variability of income and mean earnings goes back to

the seminal work of Kuznets and Friedman (1939) in their classic study of income of

professionals. Using data on just a few professions, they find that professions with

high mean income where those with high variability of earnings over time. In the

same line, Feinberg (1981) examines whether or not the labor market compensates

workers for increased earnings-risk. Using only six years of PSID data the author

performs a regression analysis and concludes that a significant part of average hourly

earnings reflects compensation for earnings-risk. Moreover, the magnitude of the risk

premium is significantly lower for women, laborers, and industry-changers than for

others. The analysis was enriched both theoretically and empirically with the work of

Leigh (1983) who modeled job choice across industries in a partial equilibrium frame-

work under idiosyncratic earning risk. In his econometric analysis, the author focuses

on two main categories of jobs across industries: white collar and blue collar. He

found that white collar workers are compensated for taking jobs with high earning

uncertainty but the blue collar workers are not.

Although answering a different research question, related to our focus on earnings

variability across industries of the US economy, an influential work is Carroll and

Samwick (1997) who analyze the relationship between income uncertainty and wealth.

As in our case, they estimate permanent and transitory earning risk by industry,

occupations and educational groups by proposing a novel econometric approach and
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using PSID data. They provide evidence that wealth is higher for workers that face

higher income uncertainty. More recently, a work contemporaneous to ours, Dillon

(2012) estimates the parameters of a life cycle model of occupation, labor supply, and

consumption choices using data from the Panel Study of Income Dynamics. Even

though this model does not incorporate the occupational choice, it is rich enough

to include multiple sources of occupation-specific earnings uncertainty. The main

finding is that the relationship between the expected value and variance of lifetime

earnings shows that compensation for earnings risk is a key explanation of variation

in expected lifetime earnings across careers. We see this finding as complementary

evidence of the empirical fact we document which motivates the development or our

theoretical model.

Provided that an important contribution of our paper is to measure idiosyncratic

labor market risk and its macroeconomic implications in a general equilibrium frame-

work, our work is closely related to Storesletten, Telmer, and Yaron (2004a) Storeslet-

ten, Telmer, and Yaron (2004b), Heathcote, Storesletten, and Violante (2008), Heath-

cote, Storesletten, and Violante (2009) ; Low, Meghir, and Pistaferri (2010) and Guve-

nen (2009). We see our study as contribution to this strand of the literature since we

not only estimate earning risk for the whole economy but also its differences across

sectors and its interaction with worker allocations. Moreover, these sectoral differ-

ences could be of potential interest for future research regarding the estimation of

the persistence of earning shocks for which the literature is far from a consensus (see

Guvenen (2007)).

Finally, our work is closely related to Roy’s seminal work (Roy (1951)) which was

the first to study the effect of self-selection into the observed differences in mean

earnings of workers performing different occupations. Roy’s ideas are also adapted in

modern dynamic discrete choice models to analyze the sources of income inequality,

firstly in an important paper, Keane and Wolpin (1997) and, recently in Hoffmann

(2010). However, we see our work as being the first that integrates Roy’s ideas into
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the analysis of the risk that workers face by using a dynamic general equilibrium

framework. We see this as our main technical innovation and it is crucial in helping

us in our quantitative application since it allows us to obtain the true compensation

for risk in the US labor market. Nevertheless, the framework proposed here could

be used for future work interested in incorporating workers comparative advantages

into the analysis of earnings dynamics or in the analysis of various sources of wage

inequality.

2 Labor Market Risk and Mean Earnings: The Evidence

In this section, after briefly describing our data set, we document that risk and return

in earnings are positively correlated across industries. We do this in two steps. First,

we estimate the labor earning processes and properties of the shocks that workers

of different sectors face in their work lives. Second, we characterize and estimate the

empirical relation between mean earnings and the dispersion of earning shocks across

sectors.

Our definition of labor earnings is rather broad (but consistent with previous stud-

ies). Besides the obvious variability in wage rates, we also consider changes in earn-

ings due to changes in the amount of hours worked or changes in the employment

status.1 As we make clear below, those changes which may be predicted based on

information about individuals are not included in our measure of risk. For instance,

if on average women who are between 25 and 30 years old begin working part-time

after having been full-time employees, this decrease the amount of hours worked, and

the resulting earnings drop, is not considered risk by our methodology.

We focus on individuals who never change industries, as this is most consistent

with the quantitative framework we use below. In reality, individuals can switch in-

dustries anytime they want, but given the small numbers of inter-industry switches

1We do not consider individuals that move in and out of the labor force, but we do consider em-
ployment to unemployment transitions and vice versa.
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we observe in the SIPP, it seems that the cost of changing industries is high. Perhaps

the low volume is caused by the close association between an industry and an occu-

pation. After all, there are not many truck drivers in finance or medical doctors in

agriculture, and there is a lot of human capital specific to an occupation that cannot

be transferred easily to alternative occupations. On the other hand, not observing

many industry changes could be due to the short length of the SIPP panel. Individu-

als’ labor market histories usually span decades and industry switches could occur at

lower frequencies than those represented by three- or four-year intervals observed in

our data set. In any case, if industry switching is not used as an income-smoothing

device in the face of the high-frequency shocks that are the focus of our research, its

omission is probably inconsequential.

2.1 The SIPP

To explore whether the level of average earnings and the degree of unforeseen vari-

ability in those earnings are positively related, we turn to data. Ideally, to get an

accurate answer to that question one would hope for a long high-frequency large

panel of individual labor earnings with characteristics describing both the employee

and the employer. The richer that data set, the easier would be to separate risk from

other features that could affect average earnings. For the United States, the Survey

of Income and Program Participation (SIPP) is the best approximation to that ideal

data set. It is constructed by the U.S. Census Bureau and it takes the form a series of

continuous panels which follow a national sample of households. The first panel be-

gan in 1983 but these earlier panels had a short duration. Starting in 1996 the Census

Bureau began constructing longer panels with a larger number of households (more

than 30,000 although the actual size varies) and those panels are the ones on which

we focus on.

The SIPP conducts quarterly interviews which ask interviewees (individuals) to

provide information at the monthly frequency on variables such as labor earnings,
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demographic characteristics, occupation, etc. . . . These variables are collected for at

most two jobs, but the survey also asks which of those is the primary job for the

individual.2

Relative to other longitudinal panels such as the Panel Study of Income Dynam-

ics (PSID) and the National Longitudinal Survey of Youth (NLSY97 and NLSY79),

advantages of the SIPP are mainly two. The first is the number of respondents. It

is considerably larger than the PSID, which surveys about 10,000 households, or the

NLSYs, which interview between 9,000 and 13,000. The second advantage is the fre-

quency of interviewing. The SIPP provides a wealth of information at the monthly

frequency; the PSID interviews annually and the NLSY97 is now interviewing bienni-

ally. It is fortunate that for many individuals in the United States being unemployed

or suffering a drop in income is a short-lived experience (usually weeks or months).

But given those are the risks on which this study focuses, that fact underscores the

importance of having information at higher frequencies. The main disadvantage of

the SIPP is the short duration of its panels (at most four years) which prevents us

from having entire life-cycle profiles of earnings.

2.2 Labor Income Shocks

The first step in our analysis computes earnings variability at the individual level

using a regression approach used extensively in the literature. For example, in Carroll

and Samwick (1997). We proceed by estimating a fixed effect model for each industry

j in our sample. Given a panel of N individuals for whom we measure earnings (and

other variables) over a period of time T, we assume that (log) earnings for individual

i in industry j at time t, yijt, can be modeled as,

yijt = αij + β jX ijt + uijt (1)

2An Appendix to the paper contains a step-by-step description of how we choose the sample of
individuals to perform the analysis described in this section.
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The vector X comprises several variables that help predict changes in the level

of log-earnings. Specifically, we include age, sex, ethnicity, years of schooling, an

occupational dummy, and a seasonal dummy.3 We first assume that the error term

uijt is distributed i.i.d. N(0, σ2
j,u).

We estimate equation (1) by ordinary least squares for all individuals in a given

industry. Repeating this procedure for all industries yields estimates {α̂j, β̂ j}
21
j=1 and

σ̂2
j,u.

We present the estimates of the variances of the innovations for each industry in

Table 1.

The median of the estimated variances is 0.066 which corresponds those workers

who work in the Education sector. The workers who face the least amount of uncer-

tainty are, in order, those who work in Armed Forces, Agriculture and Forestry, Social

Services, Mining and Utilities.4 Workers in Finance, Medical Services, Other Services,

Transportation and Hospitals are the industries with the highest levels of income un-

certainty. Note that, according to this notion of risk, the Finance sector is more than

twice as risky as Agriculture and Forestry. Finally, we test the hypothesis that all the

estimated variances are equal and we reject it with a p-value of 5.95× 10−10 .

2.3 Permanent and Transitory Shocks

We now enrich our empirical analysis by allowing the error term to be decomposed

into a permanent component and a transitory component. The reason for distin-

guishing between the two types of shocks is that they affect the welfare of workers

differently. Transitory shocks (e.g. the loss of an important customer for a consultant)

are seldom a cause for concern; small levels of savings are usually enough for work-

ers to weather that type of shock successfully. Permanent shocks are, by definition,

3An alternative interpretation of the seasonal dummy is a periodic change over time in the coeffi-
cient αij.

4Regarding Armed Forces, even though it is a low earnings risk sector, could be considered risky
using alternative metrics (e.g. injuries and death while in service).
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longer-lasting and can be associated with, for instance, depreciation of job-specific

human capital or permanent changes in the way an industry operates. Smoothing out

the latter type of shocks through a buffer stock of savings is more difficult and perma-

nent changes in consumption are often times required. As the impact on the welfare

of individuals is different for the two types of risk, one would expect the premium

that workers demand for bearing them differs as well.

We follow Carroll and Samwick (1997) and Low, Meghir, and Pistaferri (2010),

among others, by assuming that

uijt = ηijt + ωijt, (2)

where ηijt,the transitory component, is distributed i.i.d. N(0, σ2
j,η), and ωijt, the

permanent component, is a random walk, i.e.

ωijt = ωij,t−1 + ǫijt (3)

with i.i.d. innovations ǫijt that are distributed N(0, σ2
j,ǫ).

By estimating equation (1) we obtain {{ûijt}
Nj

i=1}
T
t=1.

We estimate the variances of the permanent and transitory components by follow-

ing the identification procedure proposed in Low, Meghir, and Pistaferri (2010).

Taking first-differences in equation (1) and given the process specified in (2), we

have that,

∆yijt = ∆β jX ijt + ∆ηijt + ǫijt. (4)

Now define,

gijt = ∆(yijt − βjX ijt) = ∆ηijt + ǫijt. (5)

To identify the parameters of interest, we compute,
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E(g2ijt) = σ2
ǫij

+ 2σ2
ηij
, (6)

and

E(gijtgijt−1) = −σ2
ηij

(7)

To estimate the variances of the two innovations, we proceed as follows. For an

individual i in a given industry j, we estimate Ê(g2ijt) and ̂E(gijtgijt−1) by taking the

sample moments. By solving the system we then obtain σ̂2
ǫj
and σ̂2

ηj
by taking averages

across individuals of the obtained estimated variances for each individual.

Table 2 shows the estimated variances.

The median of the estimated variances across industries are 0.0141 and 0.0037 for

the permanent (column 2, Construction) and transitory shocks (column 4, Medical

Services), respectively.

Regarding the variance of the permanent shock the group of relatively safe indus-

tries is composed by Armed Forces, Social Services, Utilities, Communication and

Government. The most uncertain sectors are Finance, Transportation, Retail Trade,

Education and Business Services.

The risky sectors according to the variability of the temporary component are Min-

ing, Agriculture and Forestry, Finance, Government and Other Services. On the other

hand, the sectors with the lowest variance of transitory income shocks are Recreation

and Entertainment, Armed Forces, Business Services, Personal Services and Construc-

tion.

Without exception, the variance of the permanent component is higher than that

of the transitory component by a factor of three, roughly.
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2.4 Industry Risk and Risk Premia

Having estimated measures of risk for our group of industries, we are now ready

to test the hypothesis that, across industries, the level of risk and the average level

of earnings are positively correlated. Our claim, however, should be understood to

be a ceteris paribus claim. That is, everything else constant, a higher level of risk

should be associated with a higher level of earnings. Of course, not everything else is

constant across industries. Industries differ along many dimensions that may affect

average earnings independently of their level of risk. The facts that, for instance,

better educated workers earn more or that larger firms pay higher wages, are well-

established. This should lead one to suspect that the mix of workers or firms in a

given industry are important determinants of its average level of earnings. From the

econometric point of view, to account for this industry heterogeneity, we proceed in

two ways. We first compute industry averages (that is, averages across individuals

who work in a given industry) of variables we deem relevant in determining average

earnings. More specifically, we establish the (conditional) sign of the relationship

between average earnings and industry risk by estimating the following regression

equation:

y = γ + θZ + ν (8)

where y is a vector whose jth element is the average (log) earnings for individuals

in industry j, and Z is a matrix of regressors. The jth row of Z has six elements. the

average age, the average age squared, and the average level of education of all indi-

viduals working in industry j, the fraction of females in industry j, and the industry j

variance of income shocks estimated above (see Table 1). Since the number of indus-

tries in our sample is 21, y is a column vector of dimension 21, and Z is of dimension

21× 6.5 Finally, γ is a vector of intercepts and ν a vector of residuals. We assume that

5We also estimate the equation 8 when the matrix Z includes the variances of the temporary and
permanent component of income shocks. In that case, the matrix Z has 7 columns because we do not

13



the error term νj is distributed i.i.d. N(0, σ2
ν ).

Column 2 of Table 3 shows the results of estimating equation 8. It presents the

estimated values for the coefficients and their probabilities of being less than zero

computed by bootstrap. All the coefficients are significant and have the expected

signs. Workers’ age and education levels are positively related to mean earnings

and females labor earnings are on average lower than males. Our focus is on the

sign and magnitude of the coefficient associated with risk, σ2
ǫ . The table shows that

this coefficient points to a strong and positive association between uncertainty and

earnings. More importantly, the probability that this coefficient is less than zero is

0.0002. Note that the value of the coefficient associated with uncertainty implies that

increasing the variance from 4.9% to 9% (we go from Agriculture and Forestry to

Finance), increases the mean level of earnings by 28%. According to this econometric

model, this result would consistent with the existence of a risk premium in the labor

market.

Alternatively, in order to document the relationship between our measure of in-

dustry risk and mean earnings we also estimate individual’s earnings net of its main

observed characteristics: age, the square of age, education and gender. We proceed by

estimating a pooled regression by OLS that allows us to obtain estimates for the net

log earnings of each individual in our sample. Specifically, we estimate the following

regression

yijt = γ0 + γX ijt + λijt (9)

where the vector of coefficients γ represents the effect of the observed characteris-

tics (age, education, square of age, and gender). These coefficients are common in the

cross-section and across time. When then obtain, for each individual and at a point

in time, log earnings net of observed characteristics by computing ỹijt = yijt − γ̂X ijt.

By averaging across time and across individuals in each industry we obtain the mean

include the vector of overall variances.
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of the net earnings by industry. Specifically, for a given industry j, we compute

ỹj =
1

Nj

Nj

∑
i=1

ỹij, (10)

where

ỹij =
1

T

T

∑
t=1

ỹijt. (11)

We now use this estimated values of net earnings to estimate the following regres-

sion equation:

ỹj = α0 + α1σ2
j + νỹ,j (12)

Again, since the number of industries in our sample is 21, each variable of the

regression has 21 observations. α0 is an intercept, α1 is the coefficient that represents

the effect of our measure of risk into the mean of net earnings and νỹ is the residual

which is assumed to be i.i.d. N(0, σ2
νỹ).

Column 3 of Table 3 shows the estimated values for the coefficients and the prob-

abilities of that they are less than zero computed by bootstrap. Note that, somehow

confirming the existence of a risk premium, the coefficient associated with risk, α1, is

positive which a probability of being less than zero equal to 0.0104. Note, however,

that according to this approach, the value of the coefficient associated with uncer-

tainty implies that increasing the variance from 4.9% to 9% (we go from Agriculture

and Forestry to Finance), increases the mean level of earnings by 7%.

As mentioned above, the decisions of workers could greatly differ upon the nature

of the shock, so it is important to consider the decomposition of the process into a

temporary and a permanent component.

For these reasons, we estimate equation (8) using as regressors the variances of the

two components, permanent and transitory, instead of just one variance that reflects
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overall uncertainty. The second column of Table 4 presents the results.

All the coefficients are significant and have expected signs. Excepting the coef-

ficients associated with the variances, their magnitudes are close to the ones found

before. Turning now to the coefficients associated with uncertainty, we first observe

that they are strongly positive and with probabilities of being less than zero of 18%

and 16% for the permanent and transitory shocks, respectively. The estimated value

for coefficient associated with the variance of the permanent shock to earnings is 9.3.

Therefore, according to this result, going from the Social Service industry (the second

safest) to Finance (the riskiest industry) implies an increase in mean earnings of 7%.

Regarding the transitory shock, the value estimated for its associated coefficient is

20.3 and so, according to this result, moving from Recreation and Entertainment (the

safest sector) to Mining (the riskiest sector) implies an increase of in mean earnings of

10%. As in the case with the total variance of earnings, we present the results by using

our alternative specification to document the relationship between mean earnings and

uncertainty. It is depicted in column 3 of Table 4. The estimation results point to a

strong and positive relationship between mean earnings and the estimated variances,

being the values of estimated coefficients for the permanent and transitory shocks to

earnings are 6.9 and 16.6, respectively, with very low probabilities of being less than

zero: 1.5% and 7.7%, respectively. According to these results, considering the perma-

nent shock to earnings, moving from Social Services to Finance imply a an increases

in mean earnings of 5%. If we look at the transitory shock to earnings, moving from

Recreation and Entertainment to Mining implies a compensation in mean earnings of

8%.

The data and approach we use to link labor earnings and their uncertainty, yield

estimates which appear to be consistent with a compensating differential for risk in

the labor market. But one ought to be cautious. The distribution of average earnings

across individuals in an industry is an endogenous outcome resulting from individ-

uals’ decisions of where to supply their labor services. The level of earnings risk is
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certainly something individuals consider when making that choice. But their compar-

ative advantage, in other words, their relatively higher productivity in a certain sector,

consequence of a set of individual characteristics, plays a role as well. Some of that

comparative advantage originates from being, for instance, a female or a college-grad,

characteristics which we have accounted for to some degree. Much of the advantage,

however, originates from unobserved characteristics which are, obviously, difficult to

control for. To help us decompose how much of the estimated earnings risk premium

is due to a compensating differential and how much to self-selection, the next section

describes a quantitative framework in which comparative advantage and individuals’

industry choice are explicitly taken into account.

3 The Model

Our artificial economy is populated by a mass of risk-averse individuals of total mea-

sure equal to one. Time is discrete and individuals live for S periods which corre-

spond to their working lives. In other words, they are born into a labor market and

never retire. Each individual is endowed with one unit of time each period that is

supplied inelastically in the labor market. When an individual reaches time S + 1

and dies, another age 0 individual replaces her, so the total population is constant.

At the beginning of their lifetimes, individuals choose to work in one of J mutually

exclusive job opportunities indexed by j, which we interpret as sectors or industries.

At birth, prior to the industry choice, each individual draws a value for sector-specific

skill or ability from a given distribution specified below. These skills enter directly the

productivity and hence earnings of an individual and therefore determine an individ-

ual’s comparative advantage for, say, working in Finance and not in Agriculture. As

these skills are random draws, we are silent about their origin but they could loosely

be interpreted as innate abilities or human capital acquired before entering the labor

market. Finally, the values for the sector-specific skills do neither grow nor decrease
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over an individual’s lifetime.

In addition, once working for an industry (from which they cannot move), indi-

viduals are subject to idiosyncratic shocks to their labor income.The process driving

those shocks differs from industry to industry. In particular, workers in some indus-

tries experience a higher variability of earnings relative to workers in other industries.

If workers are risk-averse, riskier industries look less attractive than safer industries.

When an individual is born in period 0 (i.e. when he enters the labor market), his

problem is to choose one of the J mutually exclusive career alternatives in order to

maximize the expected discounted value of her life-time utility:

E0

{[
S

∑
s=1

βs−1 ∑
j

1ju(cs,j),

]∣∣∣∣∣Ωi,0

}
,

where 1j is an indicator function with value 1j = 1 if the individual chooses to

work in industry j and 0 otherwise. The function u(cs,j) denotes the individual’s per-

period utility derived from choosing j ∈ J and consuming cs,j; we assume uc > 0 and

ucc < 0. The only source of uncertainty are shocks to labor earnings and we describe

those in detail below. For now it suffices to say that expectations in (3) are taken with

respect to the distribution of those shocks. The vector Ωi,0 represents the information

set of an individual i at time 0 and it is formally the vector

Ωi,0 =
{

θi,1, . . . , θi,J
}

where the logarithm of each value θi,j is drawn from an industry-specific distribution

N(µθj , σ
2
θj
). Each period, by inelastically supplying one unit of time to sector j, each

individual receives labor earnings, wjθi,je
νi,j , comprised of a sector specific competi-

tive wage rate (wj), individual-specific sectoral pre-labor-market skills (θi,j) and, an

individual-specific but time-varying labor productivity shock (νi,j). Once the individ-

ual makes her sectoral choice, only the θ corresponding to the chosen industry affects

her lifetime labor earnings.
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For an individual of age s, the time-varying component of earnings is the addition

of two orthogonal stochastic components,

νs,j = ηs,j + ωs,j, (13)

where ηj is an i.i.d. transitory shock to log earnings distributed as N(− 1
2

1
σ2
j,η

, σ2
j,η)

and ωs+1,j is the permanent component that follows a random walk: ωs+1,j = ωs,j +

ǫs,j with ǫj being N(− 1
2

1
σ2
j,ǫ

, σ2
j,ǫ) i.i.d innovations.6 By subscripting the variance by j,

we make clear that the nature of the shock process is industry-specific. Despite the

inability of consumers to change industry in midlife, we allow them to partially insure

against labor income shocks by saving in a one period risk-free non-contingent bond

with an exogenous interest rate equal to r.

Individual’s Decision Problem Suppose an individual has chosen an industry in

which to supply labor and begun his working life. Every period, optimization for

this individual entails choosing how much to consume and the amount of savings or

quantity of one-period bonds to purchase.7 The variables relevant to these decisions

are the level of wealth, the age of the individual, and the following components of

income: the time-varying component, the ability level for the chosen industry. Let

the vector of individual state variables be denoted as x = (b,ω, η, s, θj), where j is the

chosen industry. Denote by Ψj(x) the industry j workers’ distribution across assets,

age, income, and abilities.8 It is an aggregate state variable since it determines the

wage rate in industry j. Only the marginal distribution of age is identical across all

6In the quantitative application we approximate the random walk by a highly persistent process. It
is close to a unit root but stationary nevertheless.

7Our model is set apart from others in the literature in the optimal choice of an industry and its
general-equilibrium implications. Once the individual has chosen an industry, the optimization prob-
lem of the consumer is essentially identical to many examples in a literature analyzing heterogeneous
agents economies. The only departure is that we allow two different shocks with different statisti-
cal properties. This departure allows us to analyze the impact of transitory and permanent risk on
industry choice.

8The distribution is subscripted by j because workers, facing different income shocks and self-
selecting into industries based on different abilities levels, will choose different levels of assets.
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industries. For convenience denote by S = SB ×SEη × SEω ×Sθ
⋃
{1, . . . , S} the state

space of the vector of state variables x.9 It is convenient to write the problem recur-

sively, and we denote the remaining lifetime utility for an age-s̄ individual working

in industry j by the Vj(x|s = s̄). It is defined by,

Vj(x|s = s̄,Ψj) = max
c,b′

{
u(c) + βEVj(x

′|s = s̄ + 1,Ψ′
j)

}
if 1 ≤ s ≤ S and 0 otherwise,

subject to,

c + b′ = wj(Ψj)θje
ηeω + b(1 + r) (14)

and,

b ≥ b, b0 = 0, bS+1 ≥ 0 (15)

We follow relatively standard notation when we denote by x′ the values of x one

period ahead. Equation (14) is a standard flow budget constraint that equates con-

sumption plus savings to total earnings from capital holdings b(1 + r), and earnings

from supplied labor wj(Ψj)θje
ν. In addition to this budget constraint, individuals face

a borrowing constraint that restricts the lower bound on asset holdings. Also, indi-

viduals are born with zero wealth (b0 = 0) and they face a non-negativity constraint

in their savings at the time of death (bS+1 ≥ 0).

At birth, the individual chooses from a set of J industries the one that yields the

highest utility.

j∗ = argmax
{
W1, . . . ,WJ

}
(16)

where Wj∗ for an individual i is defined as

9In general, the joint state space should have a subscript j. In our particular model, the borrowing
constraint and longevity are identical across industries. Income innovations and abilities are all real
numbers. Hence we can omit the subscript j.
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Wj∗ = E0

{
Vj∗(x|s = 1)|Ωi,0

}
. (17)

When choosing an industry, Ωi,0 - the vector of abilities drawn at birth - is in a

person’s information set, thus appearing to the right of the conditioning sign. The

individual knows as well the statistical properties of shocks that he will experience

in each industry. As a result, and although not explicitly written, it should be un-

derstood that the expectation is taken with respect to a different distribution if the

worker computes Wj for j 6= j∗. The choice in (16) induces an endogenous distribu-

tion of workers across industries. Let µj denote the mass of workers in industry j;

∑
J
k=1 µk = 1.

Firms One can picture our model economy as a small open economy containing a

set of islands with each of the islands representing an industry. In each industry, a

consumption good is produced according to the following industry-level technology:

Yj = N
αj

j , (18)

where Yj is the output of sector j, Nj represents the labor input of that sector

measured in efficiency units,10 and α is the share of labor in output (with α < 1).

Firms are owned by foreigners who operate it, pay wages, and enjoy profits. We do

not consider any kind of inter-industry trade in goods, so the reader can assume that

goods produced across islands are identical. 11.

Equilibrium We can now define a stationary competitive equilibrium which con-

sists of a set of industry wages
{
wj

}J

j=1
, industry populations (or masses)

{
µj

}J

j=1
,

10The measure of efficiency takes into account both the time-varying productivity component and
the industry-specific abilities.

11Alternatively, one can picture J different goods and assume that an individual working in industry
j obtains utility from consuming the good produced in that industry only, and not those from other
islands
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industry-specific distributions
{

Ψj(x)
} J

j=1
, industry-level efficiency-weighted employ-

ment levels
{
Nj

}J

j=1
, and industry-specific decision rules

{
b′j(x), cj(x)

} J

j=1
and asso-

ciated value functions
{
Vj(x)

} J

j=1
, which satisfy the following conditions:

1. Given wages, the industry-specific decision rules
{
b′j(x), cj(x)

} J

j=1
solve the op-

timization problem (3) yielding value functions
{
Vj(x)

} J

j=1
.

2. The set of industry-specific populations
{

µj

}J

j=1
and the distributions of abilities

across industries are consistent with the optimal industry choice (16). For any

given industry j, its population satisfies µj = Prob(Wj > W−j) where we define

the vector W−j to be equal to
{
W1, . . . ,Wj−1,Wj+1, . . . ,WJ

}
. The cumulative

distribution of θj in a given industry j is defined by,

Gj(θ0,j) =

∫
Θ−j

∫
{θj∈Θj:θj<θ0,j}

χ{θj:Wj>W−j|θ−j}
dF(θj)dF(θ−j)

∫
Θ−j

∫
Θj

χ{θj :Wj>W−j|θ−j}
dF(θj)dF(θ−j)

=
∫

S
χ{θj≤θ0,j}

dΨj(x)

where Θj is the support of θj and Θ−j is the support of θ−j and χ{θj :Wj>W−j}
is

and indicator function that takes the value 1 when an individual with ability θj

chooses industry j. Finally, F(θj) is the c.d.f of θj before sorting of agents.

3. Wages in industry j are equal to the marginal product of a marginal unit of

average efficiency in that industry:

wj = αjN
αj−1

j ,

where the industry-level measures of employment are defined as

Nj = µj

∫
S θje

ηeωdΨj(x).

4. For an individual in an industry j, the decision rules b′j(x) and cj(x) solve the

individuals’ dynamic problem (3), and Vj(x) is the associated value function.
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5. In a given industry j, Ψj(x) is the stationary distribution associated with the

transition function implied by the optimal decision rule b′j(x) and the law of

motion for the exogenous shocks.

6. At the industry level, the following resource constraint is satisfied:

wjNj =
∫

S
{cj(x) + b′j(x) − bj(x)(1 + r)}dΨj(x)

4 Quantitative Analysis

This section presents the quantitative analysis. For this purpose, we use the theoret-

ical model developed in the previous section which is computed and calibrated to

mimic the US economy. Besides the standard complexities associated with comput-

ing standard life cycle economies there is another layer of difficulty in this particular

model that has to do with the existence of the pre-labor market skills or abilities

distributions. The main reason has to do with computing values functions for each

possible combination of the abilities draws for each simulated individual that lives

in our model economy. Even though the presence of these variables dramatically en-

rich our analysis it restrict the number of industries for which it is computationally

feasible to solve the model. We therefore, we restrict our quantitative analysis to 4

industries of the US economy: Agriculture, Manufacturing, Services and Public Sec-

tor, which are the result of aggregating the 21 industries detailed above. In Table 5

we present mean of net earnings the variance of the permanent and transitory shocks

for these 4 aggregate sectors. Note also that even though we have aggregated the 21

industries, the strong and positive relation between mean earnings and the variances

of the permanent and transitory shock is preserved as it is reflected in the correlation

coefficient which is 0.88 and 0.69 for the permanent and transitory shock, respectively.

In addition, if we regress the mean net earnings on a constant and both variances we

get that the coefficient associated with the variance of the permanent shock is 8.5 and
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with the variance of the transitory shock is 8.4. This implies that, considering the

permanent shock to earnings, moving from the Public Sector (the safest) to Manu-

facturing (the riskiest) implies an increase in net earnings of 3.5%. If we consider the

transitory shock to earnings, moving from the Public Sector (which is again the safest)

to Agriculture (the riskiest) implies an increase in mean earnings of 2%. We now turn

to parameterize the model economy.

4.1 Parameter Values

We start by setting the model period equal to a quarter, and the total lifetime for an

individual to be 120 periods. These two values correspond to 30-year employment

histories. We exogenously set the interest rate to be 5% and β to be 0.96. We restrict

preferences to be of the constant relative risk aversion class with coefficient or risk

aversion equal to 2. In our benchmark case we start by setting b ≥ 0 In addition, by

using data of the Compensation of Employees and GDP at the industry level from the

National Income and Product Accounts for the period 1990 through 2009 we set the

labor share os Agriculture equal to 0.30, the Manufacturing labor Share equal to 0.63,

Services equal to 0.51 and the Public Sector equal to 0.85.

One of the driving forces of a non-degenerate wage distribution across industries

is an industry-specific level of risk. As a measure of this risk, we use the estimates for

the variances of the two components of income we estimate from SIPP in Section 2

and we aggregate to the 4 industries we we focus in this section. Hence, we set J, the

total number of industries, to be 4 and we feed the model with the estimated values

of the variances of both the permanent and transitory shocks depicted in the fourth

and fifth column of Table 5.

Finally, it still remains to parameterize the distributions of pre-labor market skills

or abilities, i.e. to find values for 8 parameters: {µj,θ , σ
2
j,θ}

j=J
j=1. For this purpose we

pick values for these parameters so that the model delivers the mean and standard

deviation of the net earnings for each of the 4 industries (column 2 and 3 of Table
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5). The use of net earnings or, in other words, earnings net of observables such us

education or age, is justified by the fact that we in our model economy all individuals

are equal in terms of sex and education , and there is no age-specific productivity (i.e.

all the observables we control for in equation 9). The resulting parameter values are

shown in Table 6.

4.2 Results

The experiment consists of solving the model for the set of parameter values just de-

scribed. Since the parameter of the distributions of the pre-market labor skills are

picked so that the model exactly replicates the mean of net earnings of each of the 4

industries, it will also replicates the relationship between the mean earnings and the

variances of the transitory and permanent shocks to earnings. Therefore, this empir-

ical relationship cannot be used as an independent test for the model. Interestingly,

the model has testable implications with regard to the sorting of workers into the 4

sectors of the economy. Specifically, the model predicts the mass of individual that

work in each of the sectors in equilibrium. Table 7 shows the model predictions and

it data counterpart. The correlation between the share of individuals in each sector

in the model and in the data is 0.98 being particularly good the model predictions

regarding the mass of workers that work in Manufacturing and the Public Sector.

As it was highlighted above, the documented strong and positive relationship be-

tween mean earnings and their variances, can be interpreted as evidence in favor of

a existence of a pure risk premium in the US labor market. However, the presence of

individual specific pre-labor market skills or individual comparative advantages af-

fect the sorting of individuals into the sectors of the economy. This this is unobserved

for the econometrician and so it can greatly change the interpretation of the results

since we could be mistakenly assigning all of the observed differences in mean earn-

ings to compensation for risk while in fact they are compensation for the skills of the

individuals. Fortunately, our theory is rich enough so that we can proceed to perform
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a counterfactual experiment in which we shut down all the differences across indi-

viduals and across sectors in the pre-labor market skills. This counterfactual exercise

allows us to decompose the observed relationship between mean earnings and the

variance of shocks into pure compensation for risk and compensation for unobserved

skills. Specifically, we solve the model again but instead of picking the parameters

of the skills distributions to match the moments of the net earnings distributions, we

just endow all individuals with the same skill level for each of the 4 industries that

compose our economy.

By doing this our model economy dramatically changes its properties since the

individual sectoral choice is mainly affected by the cross-sectoral differences in the

volatility of earnings. The individuals are now ex-ante homogenous but still subject

to idiosyncratic shocks to their labor income; hence they are ex-post heterogeneous.

It is still the case that workers in some industries experience a higher variability of

earnings relative to workers in other industries. If workers are risk-averse, riskier

industries look less attractive than safer industries. Everything else equal, all workers

would concentrate in the safest industry, with all but one industry having no workers

and hence no output. In our environment, this can not be an equilibrium because we

assume technology, at the industry level, displays decreasing returns to scale. As a

result, the more workers populate an industry, the lower the wages, and vice-versa.

The resulting equilibrium features relatively safe industries with low wages and a

large mass of workers. Riskier industries display the opposite characteristics.

In Table 8 we present the mean net earnings and share of workers predicted by the

model in this counterfactual exercise. Note that the share of workers in each industry

is at odds with the data (correlation of −0.22). Regarding the mean of net earnings the

model prediction is highly correlated with data and also highly correlated with the

variance of the permanent shock (correlation coefficient of 0.97). However, it is less

correlated with the variance of the transitory shock when compared with the bench-

mark model (correlation coefficient of 0.39 versus 0.58). Moreover, when we regress
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the predicted mean of net earnings with respect to the variance of the permanent and

transitory shocks we find that the coefficient associated with the permanent shock is

15.1 which points to a strong and positive association between mean earnings and

the permanent shock to earnings. Moreover, according to this result imply that the

increase in mean net earnings from moving from the Public Sector to Manufacturing

would be around 6.2% while in the data it is actually 3.5%.

However, the results regarding the transitory shock are totally different since co-

efficient corresponding to the transitory shock reduces to only 0.9. Recall that in the

case of the benchmark model, this coefficient was 8.4 which means that what appears

to be compensation for the risk associated with transitory shocks is actually compen-

sation for unobserved comparative advantages of individuals that have endogenously

sorted into the different sectors of the economy.

5 Concluding Remarks

Using data from the Survey of Income and Program Participation (SIPP) one finds that

the level of risk and the mean level of (log) earnings are positively related. Irrespective

of whether risk is of a transitory or permanent nature, the positive association is clear.

The question we ask in this paper is whether that estimated correlation is a pure

compensating differential or masks other factors, for instance self-selection due to

comparative advantage. A standard Roy model places a lot of weight when choosing

an industry in a worker’s comparative advantage. However, if the latter is driven by

unobserved characteristics, it is not possible to tell how much of the observed equilib-

rium relation between risk and earnings is due to comparative advantage moving into

particular industries and how much to a compensating differential (individuals mov-

ing away from risky industries). The model we construct assigns a zero compensating

differential component to the relationship between the variance of transitory shocks

and (log) earnings. On the other hand, the higher earnings observed in industries
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with higher permanent risk reflect a pure compensating differential.
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Appendix A: Data

We use three Surveys from the Survey of Income and Program Participation (SIPP):

1996, 2001 and 2004. Cleaning of the data until we reach the final sample is iden-

tical across the three surveys. We use the public data files from SIPP available at

http://www.ceprDATA.org, maintained by the CEPR (Center for Economic and Pol-

icy Research) in Washington, D.C. For each Survey, we perform the following steps:

1. Eliminate individuals who simultaneously report missing earnings but positive

hours worked.

2. Eliminate individuals who report working in two different industries or those

who do not report their industry (self-employed).

3. Eliminate individuals who report being out of the labor force.

4. Eliminate secondary jobs (i.e. we focus on the primary job of the individual).

5. Restrict analysis to individuals older than 22 but younger than 66.

6. Restrict analysis to individuals who are married.

7. Eliminate individuals who do not report complete samples.

We redefine earnings to be unemployment insurance if an individual reports zero

hours worked and reports being unemployed. For those individuals who are not

unemployed we also eliminated those with very low earnings (less than 600 1996

dollars per month). [To be completed: Report number of observations lost in each

step for all three surveys.]
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Appendix B: Model Computation

This appendix describes the solution algorithm employed to solve the model de-

scribed in Section 3.

1. The first step is to discretize the distributions for the selection parameters (i.e.

the industry-specific skills or productivities). Recall from the model description

that we assume normality for the selection parameters: θj ∼ N(µθj , σ
2
θj
). We

construct an equi-spaced grid of length NR for the support of each distribution

G
j
R =

{
θ̂1j , . . . , θ̂

NR
j

}
, assuming θ̂1j = µθj − wRσθj and θ̂NR

j = µθj + wRσθj and

setting wR = 4 and NR = 10.

2. Guess a distribution of masses
{

µj

}J

j=1
and efficiency levels

{
θ∗j

}J

j=1
for each

of the industries. This yields aggregate employment levels (in efficiency units)

for each of the four industries
{
Nj

}J

j=1
. From our technology assumption, the

wage rate in each industry is equal to the marginal product of a unit of average

efficiency.

3. Given a set of wages
{
wj

}J

j=1
, we compute the individual’s life-cycle problem for

each industry and for each value of the industry-specific ability. To solve for the

value and policy functions we discretize the space of bond holdings. Current,

not future, bond-holdings are required to lie on a grid GB = {b1, . . . , bNB
}, with

NB = 100, and we use linear interpolation to approximate future value functions.

We discretize the values of the persistent and temporary shocks, ω and η.12.

We use NP = 5 points to approximate the persistent component and NT = 2

to approximate the i.i.d component.13 The construction of the grid and the

computation of the transition matrix for the persistent component follow the

procedure outlined in Kopecky and Suen (2010).

12For computational reasons, we approximate the random walk with a very persistent process; an
autocorrelation of 0.999.

13Two grid points for the iid component matches the mean and standard deviation, the only two
moments that are relevant if the process follows an iid normal distribution.
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4. The previous step yields a set of NR expected value functions for each industry

j conditional on a given level of ability,

{{
V

k
j =

∫
Vj(x|θj = θ̂kj )dΨj(x)

}NR

k=1

}J

j=1

.

To increase the degree of accuracy when updating the aggregate efficiency units

of labor, we construct a second grid of length NR̃ > NR: GR̃j =
{

θ̃1j , . . . , θ̃
NR̃
j

}
.

The two endpoints of the set GR̃j equal the two endpoints of G
j
R. For any point

in GR̃j not in G
j
R, we linearly interpolate the value functions of its two nearest

neighbors in G
j
R. Denote the value function given an ability θ̃kj by Ṽ

k
j . Finally,

the results shown in the main body of the paper assume NR̃ = 65.

5. Completing the previous step yields, four each industry, a set of three vec-

tors: a grid GR̃j =
{

θ̃1j , . . . , θ̃
NR̃
j

}
, a vector of associated probabilities for each

element in GR̃j ,
{
p̃1j , . . . , p̃

NR̃
j

}
,14 and a vector of associated value functions

{{
Ṽ

k
j

}NR̃

k=1

}J

j=1

. Denote by K∗ = (NR̃)J the set of all possible combinations

of the J ability parameters. In other words there are K∗ possible values for

the vector
{

θ̃i11 , . . . , θ̃
iJ
J

}NR̃

i1,...,iJ=1
. Let T : {1, . . . ,NR̃}

J → {1, . . . ,K∗} be a map-

ping that yields a value in the set {1, . . . ,K∗} given a J-tuple
{
i1, . . . , iJ

}
, where

each element i1, . . . , iJ belongs to the set {1, . . . ,NR̃}. The number pT(i1 ,...,iJ)
=

pi11 × . . . × p
iJ
J is the probability attached to the event an individual draws the

vector θi11 , . . . , θ
iJ
J . There are K∗ such probabilities and ∑

K∗

k=1 pk = 1. For each

J-tuple
{
i1, . . . , iJ

}
there is also a set of value functions

{
Ṽ

i1
1 , . . . , Ṽ

iJ
J

}
, and an

associated index j∗ = argmax
{

Ṽ
i1
1 , . . . , Ṽ

iJ
J

}
that represents the optimal indus-

14Since we discretize the state-space for the ability distribution, a given probability is computed as

p̃ij =
φ(θ̃ij, µθj , σ

2
θj
)

∑
NR̃
k=1 φ(θ̃kj , µθj , σ

2
θj
)
,

where φ(θ, µ, σ2) is the density of a normally-distributed random variable with mean µ and variance
σ2 evaluated at θ.
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try choice for that particular vector of industry-specific skills.

6. Once we have computed the optimal industry j∗ for each combination of skill-

specific vectors, we are ready to update the guesses for the industry populations

and the average efficiencies in each industry. The new mass for industry j, µj is

computed as:

µj =
K∗

∑
k=1

χ{j∗=j}pk,

where χA is an indicator variable that takes the value 1 if the event A occurs and

zero otherwise. In other words, we sum over all probabilities associated with

the event “industry j is the optimal choice”. To update the average ability value

we proceed analogously by computing,

θ∗j =
K∗

∑
k=1

θ
{ij∈{1,...,NR̃}:k=T(i1,...,iJ)}
j χ{j∗=j}(pk)/µj.

The previous expression computes the average ability re-weighting the probabil-

ities to constrain them to sum to 1 (hence the presence of µj dividing each of the

probabilities). These two quantities can then be used to update wages, and hence

compute new value functions, repeating the above steps until the maximum of

the absolute values between the guessed efficiencies and the newly computed ef-

ficiencies,and the absolute value of the guessed masses and the newly computed

value is less than 10−4,

max

{{
|µ

(i)
j − µ

(i−1)
j |, |θ∗

(i)
j − θ∗

(i−1)
j |

}J

j=1

}
< 10−4,

where i− 1 and i are two consecutive iterations.
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Appendix C: Hours and Occupations

To show that the results are robust to using earnings per hour (as opposed to total

earnings), we perform the same empirical analysis as that of the main body of the text.

We use only the 1996 sample as the quality of hours seems to be better than in the

other two surveys. Except transforming earnings into per-hour units, the steps are the

same as those described above. Table 9 shows the equivalent to Table 3 after having

re-estimated equations (1) and (8) with earnings per-hour on the left-hand side.

Tables
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Table 1: Variance of Earnings by Industry

σ2
j Ranking

1 Agriculture and Forestry 0.0446 2
(0.0041)

2 Mining 0.0545 4
(0.0063)

3 Construction 0.0654 9
(0.0030)

4 Durable Goods Manufacturing 0.0663 10
(0.0019)

5 Non Durable Goods Manufacturing 0.0663 12
(0.0026)

6 Transportation 0.0718 18
(0.0028)

7 Communication 0.0596 6
(0.0033)

8 Utilities 0.0587 5
(0.0045)

9 Wholesale Trade 0.0693 14
(0.0029)

10 Retail Trade 0.0703 16
(0.0019)

11 Finance 0.0901 21
(0.0039)

13 Business Services 0.0701 15
(0.0032)

14 Personal Services 0.0684 13
(0.0048)

15 Recreation and Entertainment 0.0615 8
(0.0046)

16 Hospitals 0.0706 17
(0.0029)

17 Medical Services 0.0744 20
(0.0031)

18 Education 0.0663 11
(0.0023)

19 Social Services 0.0531 3
(0.0028)

20 Other Services 0.0724 19
(0.0040)

21 Government 0.0597 7
(0.0020)

22 Armed Forces 0.0395 1
(0.0070)

Note: σ2
j is the estimate of the variance for the shocks to labor earn-

ings (in logs) for industry j. Bootstrap standard errors are shown in

parenthesis. The column Ranking just ranks the industries according

to their estimate of the variance.
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Table 2: Variance of Earnings by Industry: Transitory and Permanent

σ2
ǫ,j Ranking σ2

η,j Ranking

1 Agriculture and Forestry 0.0143 14 0.0050 20
(0.0013) (0.0007)

2 Mining 0.0139 10 0.0066 21
(0.0015) (0.0022)

3 Construction 0.0141 11 0.0032 5
(0.0007) (0.0004)

4 Durable Goods Manufacturing 0.0151 16 0.0036 10
(0.0005) (0.0002)

5 Non Durable Goods Manufacturing 0.0137 8 0.0037 12
(0.0005) (0.0002)

6 Transportation 0.0156 20 0.0036 9
(0.0007) (0.0003)

7 Communication 0.0121 4 0.0039 13
(0.0009) (0.0004)

8 Utilities 0.0118 3 0.0036 7
(0.0010) (0.0004)

9 Wholesale Trade 0.0142 13 0.0036 8
(0.0007) (0.0003)

10 Retail Trade 0.0155 19 0.0041 16
(0.0005) (0.0002)

11 Finance 0.0177 21 0.0047 19
(0.0008) (0.0003)

13 Business Services 0.0151 17 0.0029 3
(0.0006) (0.0003)

14 Personal Services 0.0129 6 0.0031 4
(0.0009) (0.0005)

15 Recreation and Entertainment 0.0130 7 0.0019 1
(0.0010) (0.0004)

16 Hospitals 0.0142 12 0.0040 14
(0.0006) (0.0003)

17 Medical Services 0.0150 15 0.0037 11
(0.0007) (0.0003)

18 Education 0.0154 18 0.0033 6
(0.0006) (0.0002)

19 Social Services 0.0105 2 0.0041 15
(0.0007) (0.0004)

20 Other Services 0.0138 9 0.0042 17
(0.0008) (0.0005)

21 Government 0.0123 5 0.0043 18
(0.0004) (0.0002)

22 Armed Forces 0.0080 1 0.0025 2
(0.0013) (0.0008)

Note: σ2
ǫ,j and σ2

η,j are the estimates of the variance of permanent and transitory shocks to labor

earnings (in logs), respectively, for industry j. Bootstrap standard errors are shown in parenthesis.

The columns called Ranking just rank the industries according to their estimate of the two types

of variances.
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Table 3: Regression Results - Total Risk
Dependent Variable Earnings Net Earnings

Coefficient Coefficient
constant −15.31 6.44

(0.0231) (0.0000)

f emale −0.55

(0.0000)

age 1.11

(0.0003)

age2 −0.01

(0.0000)

education 0.315

(0.0000)

σ2 6.06 1.46

(0.0002) (0.0104)

The second column shows the estimation results of regressing

log earnings by industry the variables listed in its first column.

The third column presents the estimation results of regressing

the net earnings obtained in a previous step on a constant term

(constant) and on our estimates for the total variance of the earn-

ings shock(σ2). For positive (negative) coefficients the values in

parenthesis shows the probability that the coefficient is less (big-

ger) than zero computed by Bootstrap.
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Table 4: Regression Results - Permanent and Transitory
Dependent Variable Earnings Net Earnings

Coefficient Coefficient
constant −12.21 6.37

(0.0646) (0.0000)

f emale −0.49

(0.0000)

age 0.95

(0.0011)

age2 −0.01

(0.0011)

education 0.32

(0.0000)

σ2
ǫ 9.30 6.87

(0.18) (0.0152)

σ2
η 20.33 16.59

(0.16) (0.0771)

The second column shows the estimation results of regressing log

earnings by industry the variables listed in its first column. The

third column presents the estimation results of regressing the net

earnings obtained in a previous step on a constant term (constant)

and on our estimates for the variance of the permanent shock and

transitory shocks to labor earnings (σ2
ǫ and σ2

η , respectively). For

positive (negative) coefficients the values in parenthesis shows

the probability that the coefficient is less (bigger) than zero com-

puted by Bootstrap.
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Table 5: Earnings and Variance of Earnings - 4 Industries

Mean Earnings Std. Dev. Mean Earnings σ2
ǫ σ2

η

Agriculture 6.55 0.3687 0.0141 0.0058

Manufacturing 6.54 0.3869 0.0143 0.0035

Services 6.53 0.3287 0.0141 0.0036

Public Sector 6.50 0.4095 0.0101 0.0034

Correlation with Mean Earnings 0.88 0.69

This table shows the earnings statistics that correspond to the aggregation of the 21 industries into 4 main indus-

tries. It contains the mean earnings in logs (second column), the standard deviation of mean earnings, the variance

of the permanent shock (third column) and the variance of the transitory shock (fourth column).

Table 6: Parameters - Distribution of Pre-Labor Market Skills
µj,θ σ2

j,θ

Agriculture 6.46 0.31

Manufacturing 6.35 0.26

Services 7.40 0.24

Public Sector 5.43 0.36

This table shows the calibrated values for the mean (µj,θ) and variance

(σ2
j,θ) of the distribution of pre-labor market skills for the 4 industries

considered.

Table 7: Share of Workers by Industry
Model Data

Agriculture 0.13 0.02

Manufacturing 0.27 0.24

Services 0.49 0.65

Public Sector 0.11 0.10

This table shows the model predictions and their

data counterpart of the share of workers in each

of the 4 industries considered.
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Table 8: Model Predictions - Counterfactual Exercise
Mean Net Earnings Share of Workers

Agriculture 6.54 0.14

Manufacturing 6.56 0.17

Services 6.53 0.18

Public Sector 6.48 0.35

Correlation with Data 0.90 −0.22

This table shows the model predictions for the mean of log earnings and the share

of workers in each of the 4 industries considered.

Table 9: Regression Results (Earnings Per Hour) - Total Risk
Dependent Variable Earnings Fixed Effect

Coefficient Coefficient
constant −9.36 1.42

(0.0017) (0.0000)

f emale −0.32

(0.0011)

age 0.57

(0.0002)

age2 −0.01

(0.0004)

education 0.17

(0.0000)

σ2 5.42 1.67

(0.0055) (0.0663)

The second column shows the estimation results of regressing log earn-

ings per hour by industry the variables listed in its first column. The third

column presents the estimation results of regressing the net earnings per

hour obtained in a previous step on a constant term (constant) and on

our estimates for the total variance of the earnings shock(σ2). For positive

(negative) coefficients the values in parenthesis shows the probability that

the coefficient is less (bigger) than zero computed by Bootstrap.
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Table 10: Regression Results (Earnings Per Hour) - Permanent and Transitory
Dependent Variable Earnings Net Earnings

Coefficient Coefficient
constant −8.12 1.3928

(0.0055) (0.0000)

f emale −0.34

(0.0041)

age 0.49

(0.0012)

age2 −0.01

(0.0020)

education 0.15

(0.0008)

σ2
ǫ 6.42 3.09

(0.0509) (0.0425)

σ2
η 17.30 0.26

(0.1338) (0.5387)

he second column shows the estimation results of regressing log earnings per hour by

industry the variables listed in its first column. The third column presents the estimation

results of regressing the net earnings per hour obtained in a previous step on a constant

term (constant) and on our estimates for the variance of the permanent shock and transitory

shocks to labor earnings (σ2
ǫ and σ2

η , respectively). For positive (negative) coefficients the

values in parenthesis shows the probability that the coefficient is less (bigger) than zero

computed by Bootstrap.
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