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1 INTRODUCTION
Occupations signify people’s economic standing: One can safely assume that doctors 

and lawyers are better off than cooks and janitors. In this article, we ask how much informa-
tion on people’s labor market outcomes is encapsulated in their occupations. We first consider 
how much of overall wage inequality can be accounted for by the differences in average wages 
of occupations (between-occupation inequality). We then examine how informative a person’s 
occupation at a young age (i.e., 25 years of age) is about that person’s lifetime earnings. 
Because the calculation of lifetime earnings takes into account the fact that people go through 
multiple occupations and employment statuses, we will look for patterns of mobility across 
occupations. Finally, we divide the data by education and gender groups to see how average 
wages and lifetime earnings vary across occupations within and across the groups. 

Our first finding is that occupations provide a significant amount of information on 
workers’ wages in the cross section—average wages of occupations vary significantly: Even 
when we divide occupations into only 22 occupation categories, the highest average wage 

People’s occupations have a significant amount of information about their wages. However, because 
people—especially young workers—go through multiple occupations and employment statuses during 
their working lives, we find that their occupations at a young age do not predict their lifetime earnings 
well. When educational attainment and gender are considered, we find that across education-gender 
groups the differences in lifetime earnings are even larger than the differences in average occupational 
wages: Workers in high-wage education-gender groups (men with college degrees, for example) work 
more (at the extensive margin) and are more likely to have higher-paying occupations. (JEL E24, J24, 
J31, J62)
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(legal) is nearly three times the lowest average wage (food preparation and serving). However, 
because workers go through multiple occupations and employment statuses during their 
working lives, especially when young, we find that their occupations at a young age do not 
predict their lifetime earnings well.

Our second finding is about the earnings gaps between education-gender groups. Even 
within the same occupation category, some groups (for example, men with college degrees) 
earn more than others. When we compute between-group differences in lifetime earnings, 
conditioning on occupation category at age 25, the fact that people go through multiple occu-
pation categories and employment statuses amplifies the between-group wage differences 
within an occupation category. This amplification occurs because workers in high-wage 
education-gender groups work more (at the extensive margin) and are more likely to remain 
in higher-paying occupation categories.

In recent years, many macro-labor models of tasks and occupations have equated workers’ 
occupations with their skill levels (see the review of Acemoglu and Autor, 2011). Once we 
factor in occupational mobility, however, our analysis suggests that the link between occupa-
tion and skill may be weaker than has often been assumed. 

Our finding on inequality in wage and lifetime earnings between education-gender groups 
relates to studies showing that occupation-specific human capital and tenure explains wage 
growth and inequality (see the review of Sanders and Taber, 2012).

2 DATA
To compute wages and occupational mobility, we use the Current Population Survey 

(CPS). To be more specific, we use monthly CPS Outgoing Rotation Groups (ORG) data, 
which have a rotating panel structure: Each household participates in four consecutive 
monthly interviews, is dropped from the sample for the following eight months, and finally 
participates in another four consecutive monthly interviews. This structure allows us to match 
individuals from one month to another using their race, sex, and age (Nekarda, 2009). We 
restrict our sample to those 22 to 55 years of age and look at the 15-year period 2003-17.1 In 
total, we have 7,696,838 observations in our ORG sample. In the computations, individuals 
are weighted by their composited final weight for the CPS.

The CPS records the occupation of an employed individual and the most-recent occupa-
tion of an unemployed individual. For those out of the labor force, there is no occupation 
information. To have enough observations for each occupation, we divide the 571 occupations 
in our sample into 22 occupation categories using the Detailed Occupation Recodes in the 
CPS, excluding the Armed Forces.

To compute the average wage of each of the 22 occupation categories, we use the micro-
data from the CPS Annual Social and Economic Supplement, which is conducted every March 
and asks more-detailed questions about each individual’s labor income. We again restrict 
our sample to those who are 22 to 55 years of age and the period 2003-17. We have 1,026,605 
observations. Each average hourly wage is calculated as the total annual wage and salary earn-
ings divided by the product of the number of weeks worked and the usual hours worked per 
week for the given occupation category.2 All wages are deflated to 2003 dollars using the con-
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sumer price index from the Bureau of Labor Statistics. For each year, we trim wages at the 0.1 
and 99.9 percentiles to exclude outliers.

3 BETWEEN-OCCUPATION INEQUALITY IN WAGES AND LIFETIME 
EARNINGS

To give an overview of our analysis, in Figure 1 we start with three Lorenz curves. A Lorenz 
curve is a visual representation of inequality. On the horizontal axis, we order people in the 
economy by their wages, from 0 to 100 percentiles. On the vertical axis, we plot the fraction 
of total wages that belongs to the people to the left of a given percentile. If everyone has the 
same wage, then the Lorenz curve will be the 45-degree line: x percent of the population will 
account for exactly x percent of total wages—perfect equality. The farther away from the 
45-degree line a Lorenz curve is, the more unequal the wage distribution is.

We first construct a Lorenz curve using the wage distribution of the entire sample, which 
is the purple curve labeled “Cross-sectional” in Figure 1. This curve is far from the 45-degree 
line, showing substantial wage inequality in the economy. One measure of the degree of 
inequality is the Gini coefficient, which is the area between a Lorenz curve and the 45-degree 
line divided by the area of the triangle of which the hypotenuse is the 45-degree line. Thus, a 
Gini coefficient ranges from 0 (no inequality) to 1 (the extreme case where all wages of the 
entire economy go to one person). The Gini coefficient of the wage distribution is 0.38.3

To show how much of this inequality is attributable to wage differences across occupa-
tion categories, we make the (very strong) assumption that everyone in the same occupation 
category has the same wage. Now all remaining wage inequality is solely due to wage differ-
ences across occupation categories. The orange curve labeled “Hourly Wage (pooled)” is the 
resulting Lorenz curve. It is closer to the 45-degree line, as it should be, because we assumed 
no wage inequality within any given occupation category. What is remarkable is that this curve 
sits almost halfway between the cross-sectional Lorenz curve and the 45-degree line. In other 
words, between-occupation-category wage differences account for as much as half of the Gini 
coefficient of the actual wage distribution (0.19 of 0.38)—a very large fraction considering we 
have only 22 occupation categories and do not control for conventional explanatory variables 
of wages, such as education, age, gender, and race. This exercise confirms that occupations 
indeed encapsulate a significant amount of information on people’s economic standing.

However, people’s wages at a given point in time are a very partial measure of their life-
time labor income, which is what matters the most for their lifetime economic well-being. 
We construct the present discounted value of lifetime earnings at 25 years of age (PDV at 25) 
for each occupation category, using an annual interest rate of 2 percent. We now assume that 
everyone of the same age and in the same occupation category earns the same wage.4 Instead 
of assuming that people stay in the same occupation category throughout their working lives, 
we calculate from the data the probability of changing occupation categories or even becoming 
unemployed. (See the appendix for the details.) The yellow curve labeled “PDV (age specific)” 
is the resulting Lorenz curve and is nearly indistinguishable from the 45-degree line. Thus, 
we find that PDV at 25 varies very little across occupation categories.5
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There are two reasons why PDV at 25 is much more equal across occupation categories 
than wages are. First, differences in wages across occupations “fan out” over the life cycle: 
That is, the difference between high-paying occupations and low-paying occupations is larger 
for older workers than for young workers. Accounting for age and also discounting future 
earnings make PDV at 25 more equal across occupation categories. However, what is much 
more important is occupational mobility. People switch occupations over the course of their 
working lives and especially frequently when they are young: A 25 year old on average stays 
with one occupation for a mere eight months (before either changing occupations or drop-
ping out of labor force); and even for a 45 year old, the expected duration is only slightly more 
than one year. As a result, people’s occupation categories at age 25 have very limited infor-
mation on their lifetime earnings, as illustrated by the Lorenz curve that collapses onto the 
45-degree line. For the very same reasons, people’s occupations at later ages do have more 
information on their remaining lifetime earnings; but even for 45 year olds, the PDV at 45 
Lorenz curve is closer to the 45-degree line than to the hourly-wage Lorenz curve.

The analysis above looked at wages and labor supply at only the extensive margin (employ-
ment status). We also conducted a similar exercise using actual earnings (wage times hours 
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Figure 1
Lorenz Curves for Wages and PDV at 25

NOTE: This figure plots Lorenz curves for the hourly-wage distribution (“Cross-sectional”), the wage distribution assum-
ing everyone with the same occupation earns the same wage (“Hourly Wage (pooled)”), and the distribution of the 
PDV at 25 by occupation group (“PDV (age-specific)”). The horizontal axis is the cumulative percentage of workers in 
the economy, ordered by their wages or PDV at 25, and the vertical axis is the cumulative percentage of their wages. 
See the data section for details about the data processing and the appendix for the derivation of PDV at 25.

SOURCE: Authors’ calculations using the CPS Annual Social and Economic Supplement microdata for the period 2003-17. 
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worked) data. There is more inequality in earnings in the cross section (a Gini of 0.43, com-
pared with 0.38 for wages), but the analysis yields fairly similar results, suggesting that the 
intensive margin of the labor supply plays only a minor role in these calculations.

4 HOW DO OCCUPATIONS DIFFER?
The exercises so far show how much information people’s occupation categories provide 

about their wages and lifetime earnings, but are silent about how occupations differ from one 
another, for example in terms of wages or mobility. We now make such comparisons.

As shown in the first column of Table 1, we have 22 occupation categories. They are 
sorted by PDV at 25 normalized by their averages, from highest to lowest (column “PDV at 

Table 1
Comparison of Occupations

Occupation category
PDV at 25 

(norm.) 
Wage rate  

(2003 $)

EU 
Separation 

(%)

EU+EN 
Separation 

(%)
Job  

finding (%)

UE exp. 
wage  

(2003 $)

Job  
switching 

(%)

Switching 
exp. wage 

(2003 $) 
Gross flows 

(%)

Architecture and Engineering 1.041 28.50 0.55 1.31 21.44 19.53 1.39 22.23 10.89 

Computer and Math 1.036 29.05 0.58 1.50 19.63 19.76 1.65 22.53 11.51 

Healthcare Practitioner 1.023 26.87 0.41 1.68 27.97 19.78 1.58 21.48 9.14 

Legal 1.022 36.10 0.43 1.62 23.60 20.45 1.70 24.02 9.21 

Business and Financial 1.022 24.73 0.66 1.82 21.67 17.48 1.68 19.26 13.78 

Life, physical, and Social Science 1.020 24.83 0.68 1.88 23.26 19.33 1.64 20.90 12.84 

Management 1.013 28.53 0.58 1.67 21.17 17.04 1.45 19.64 11.68 

Arts, Design, and Entertainment 1.009 20.83 1.60 4.06 27.21 17.17 2.43 17.47 17.73 

Community and Social Service 1.006 16.47 0.58 2.11 21.83 16.20 1.83 16.97 12.63 

Protective Service 1.004 19.26 0.74 2.09 21.05 14.72 1.46 15.71 10.47 

Installation, Maintenance, and Repair 1.001 17.33 1.13 2.40 22.43 14.28 1.64 16.37 13.27 

Education, Training, and Library 1.000 17.65 0.90 3.11 34.54 16.23 1.72 16.39 11.55 

Sales 0.997 18.07 1.08 3.15 20.00 13.88 2.05 14.69 15.33 

Office and Administrative Support 0.996 14.36 0.99 2.94 19.04 14.38 1.72 15.14 14.80 

Production 0.993 14.53 1.65 3.41 21.65 12.34 1.68 12.67 15.54 

Construction and Extraction 0.992 16.54 3.42 5.56 29.58 13.79 2.46 13.98 18.84 

Healthcare Support 0.990 11.52 1.21 3.75 22.97 12.85 1.95 13.11 17.69 

Transportation and Material Moving 0.989 14.27 1.94 4.07 23.53 12.08 2.20 12.66 17.69 

Personal Care and Service 0.985 11.42 1.47 5.30 23.16 12.26 2.29 12.60 19.92 

Building and Grounds Cleaning 0.983 10.60 2.24 5.63 22.92 10.66 2.35 10.71 20.87 

Food Preparation and Serving 0.983 9.68 1.86 4.86 23.13 11.57 2.73 11.95 18.25

Farming, Fishing, and Forestry 0.981 10.20 3.79 7.19 30.05 10.98 2.79 11.70 25.00 

Correlation with PDV 1.00 0.91 −0.70 −0.83 −0.21 0.95 −0.71 0.96 −0.78 

SOURCE: Authors’ calculations using the CPS Outgoing Rotation Groups and Annual Social and Economic Supplement microdata for the period 
2003-17.
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25 (norm.)”). As discussed above, there is very little difference across occupation categories: 
The difference between the highest (architecture and engineering) and the lowest PDV at 25 
(farming, fishing and forestry) is only 6 percent.

In the next column (“Wage rate”), we show the average wage of each occupation, which 
we used to construct the “Hourly Wage” Lorenz curve in Figure 1. Two facts stand out. First, 
the average wages of the occupation categories vary greatly, unlike PDV at 25: The highest 
average wage (legal) is nearly four times as high as the lowest (food preparation and serving). 
Second, in spite of this stark difference, average wages are very strongly correlated with PDV 
at 25 (correlation coefficient of 0.91). In other words, ranking occupations either by wages or 
by PDV at 25—the idea being that people want higher average wages and lifetime earnings—
provides very similar rankings.

In the next five columns, we consider the notions of job security and occupational mobil-
ity. We first look at job separation rates by occupation category, defined as the rate at which  
a worker in a given occupation category becomes unemployed in the next month (column 
“EU Separation”; EU stands for employment to unemployment). For the majority of occupa-
tions, it is less than 1 percent, but there are outliers. It is nearly 4 percent for the farming, fish-
ing, and forestry occupation category, likely reflecting the seasonal nature of employment in 
this category. The EU separation rate is also high for the construction and extraction occupa-
tion category (3.42 percent), partly because of the massive destruction of such jobs during 
the Great Recession. The EU separation rates are negatively correlated with PDV at 25 (cor-
relation coefficient of –0.70), implying that occupation categories with high average lifetime 
earnings (and high average wages) lose fewer workers to unemployment. Since people want 
higher earnings and not to be unemployed, the rankings of occupation categories by PDV at 
25 and by the inverse of the EU separation rates broadly coincide.

We also consider a broader notion of job separation, by calculating the rate at which a 
worker in a given occupation category becomes unemployed or leaves the labor force (non-
participation) in the next month (column “EU+EN Separation”; EN stands for employment 
to nonparticipation). While the majority of EU transitions are involuntary, it is difficult to 
figure out which EN transitions are voluntary (for example, retirement) or involuntary. The 
broadly defined EU+EN separation rates vary across occupation categories more than the 
more conventionally defined (EU) job separation rates do, and they are even more negatively 
correlated with PDV at 25 (correlation coefficient of –0.83).6

The next column (“Job finding”) shows the job finding rates of unemployed workers by 
their previous occupation category. The job finding rate is the rate at which unemployed 
workers become employed in any occupation category in the next month. The job finding 
rates by previous occupation category vary quite a bit—for example, those who become 
unemployed from the education, training, and library occupation category have about a 35 
percent chance of finding another job in a month, while those in the office and administrative 
support occupation category have about a 19 percent chance. However, the job finding rates 
do not show a clear pattern, as they are not strongly correlated with PDV at 25 (correlation 
coefficient of –0.21). What is interesting is that the correlation is negative: If a worker in a 
higher-paying occupation category becomes unemployed, that worker is expected to stay 
unemployed a little longer than those in lower-paying occupation categories.
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Getting out of unemployment is a good thing, but it also matters what kind of job one 
lands in out of unemployment. We compute the wage an unemployed worker could expect 
when finding a new job, by the worker’s previous occupation category (“UE exp. wage” col-
umn). Each expected wage is computed by first multiplying the chance of getting employed 
in a particular occupation out of unemployment by the average wage of that occupation (con-
sidering the worker’s age), and then adding these products across all 22 occupation categories. 
Expected wages by previous occupation category are very strongly correlated with PDV at 25 
(correlation coefficient of 0.95) and with average wages across occupation categories. The 
reason is fairly simple: Unemployed workers tend to return to their previous occupation cat-
egory: 48 percent of those moving out of unemployment return to their previous occupation 
category, even though there are 22 possible categories.

We now consider occupational mobility that does not involve a spell of unemployment 
or nonparticipation. The first variable we construct is a job-switching rate (column “Job 
switching”). This is the rate at which employed workers in a given occupation category switch 
employers in the next month (known as job-to-job transition), regardless of whether they 
switch occupation categories. The job-switching rate is strongly negatively correlated with 
PDV at 25 (correlation coefficient of –0.71) and with average wages across occupation cate-
gories: Workers in high-paying occupation categories are less likely to switch jobs.

We also look at the expected wages of those who make job-to-job transitions (column 
“Switching exp. wage”). As for the expected wages out of unemployment above (UE exp. wage), 
this is computed by first multiplying the probability of getting employed in a particular occu-
pation category by the average wage of the new occupation category (considering the worker’s 
age), and then adding these products across all 22 occupation categories. The expected wages 
for job switchers are closely correlated with PDV at 25 (correlation coefficient of 0.96) and 
with average wages across occupation categories, again primarily because even job switchers 
tend to remain in the same occupation category: 54 percent of job switchers do not change 
occupation categories.

Finally, we construct another measure of occupational mobility that captures the flow of 
workers into and out of each occupation category (column “Gross flows”). Specifically, the 
monthly gross flow rate of each occupation category o is the sum of the outflow (the number 
of workers who are employed in occupation category o in month m but not in month m + 1) 
and the inflow (the number of workers who are employed in occupation category o in month  
m + 1 but not in m) divided by the average number of workers employed in occupation cate-
gory o in months m and m + 1. A high gross flow rate implies a higher rate of turnover, or 
“churning,” for the occupation category.7 We note that, first, there are large variations in the 
gross flow rates across occupation categories: from lows of about 9 percent each for the health-
care practitioner and legal occupation categories to a high of 25 percent for the farming, fish-
ing, and forestry occupation category. By comparison, the net flow rates across occupation 
categories have a standard deviation of 4.2 percent over the sample period: In other words, 
even the smallest gross flow rate among occupation categories is more than twice the standard 
deviation of net changes in occupational employment. Second, the gross flow rates are strongly 
negatively correlated with PDV at 25 (correlation coefficient of –0.78) and with average wages 
across occupation categories: High-paying occupations have lower turnover rates.
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The results in Table 1 are as follow. First, starting one’s career (at age 25) in an occupation 
category with a high average wage promises a high PDV at 25, but the differences in PDV at 
25 across occupation categories is tiny relative to the differences in average wages across them. 
Second, high-paying occupation categories (either in terms of PDV at 25 or average wages) 
have less turnover (churning), as measured by the separation rates (the fraction becoming 
unemployed and/or out of the labor force in a month) and the gross flow rates. The job finding 
rates for those who become unemployed from high-paying occupation categories are also 
somewhat lower as well, although this pattern is not very clear (correlation coefficient of –0.21).

What can we make out of these findings? For one, we can safely reject any notion that 
high wages of an occupation compensate for the risk of becoming unemployed. If that were 
true, one should find a positive relationship between wages and separation rates across occu-
pation categories. For another, the negative relationship between wages and gross flows sug-
gests that high wages of an occupation reflect special skills and occupation-specific human 
capital that take time to develop. The fact that the healthcare practitioner, legal, and architec-
ture and engineering occupation categories have the lowest gross flow rates supports this 
idea. We explore this subject in our ongoing research projects.

5 WAGES AND LIFETIME EARNINGS ACROSS OCCUPATION 
CATEGORIES: THE ROLE OF EDUCATION AND GENDER

In our analysis so far, we differentiated people by only their age and occupation category. 
The more traditional approach in labor economics is to group people by their educational 
attainment and gender. One natural question is whether a person’s occupation has more or 
less information than his or her demographic characteristics such as education and gender. 
To answer this question, we break down our sample into two educational groups (bachelor’s 
degree or more vs. less than a bachelor’s degree, including those with some college education) 
for each gender.

Figure 2 plots in log scales average wages of the 22 occupation categories (sorted by the 
PDV at 25 variable in Table 1, from lowest to highest) for each of the four education-gender 
groups. We can readily confirm two well-known facts in labor economics holding across all 
occupations. First, all occupations have a college premium: The average wages of those with 
a bachelor’s degree or more are higher than the average wages of those with less education, 
regardless of gender.8 Second, once educational attainment is controlled for, all occupation 
categories have a gender gap: Men have higher average wages than women of the same edu-
cational group in all occupations.9

Closer to the theme of this article, we note the sizable differences in average wages across 
occupation categories within each education-gender group. We also note that the rankings 
of the occupation categories by average wages are roughly the same across all four education- 
gender groups. We confirm that occupations contain a significant amount of information on 
people’s economic standing, even after accounting for the roles of education and gender.

We also compute the PDV at 25 by education and gender. We use age-specific average 
wages and transition probabilities of each education-gender group to construct the PDV at 25.
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As already noted, there is very little difference in PDV at 25 across occupations in the 
overall sample (see column “PDV at 25 (norm.)” in Table 1). As shown in Figure 3, this result 
holds within each education-gender group: All four lines are essentially flat. For all education- 
gender groups, the ranking of the occupation categories (horizontal axis, from lowest to 
highest) more or less coincides with the ranking of PDV at 25 for the overall sample .

What is striking is the large gaps among the four education-gender groups. The average 
wage differences across occupation categories within an education-gender group do not trans-
late into commensurate differences in PDV at 25, because people keep changing occupation 
categories. The wage differences across education-gender groups, however, persist even in 
the PDV at 25 calculations because the workers in our sample rarely change their education 
status, let alone gender.10

Furthermore, the differences (in logs) in PDV at 25 across education-gender groups (see 
Figure 3) are bigger than the differences in average wages across the groups (see Figure 2). 
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Figure 2
Average Wages of Occupations, by Education and Gender

NOTE: This figure plots in logs scales the average hourly wages of occupations, from lowest to highest, by education and 
gender. 

SOURCE: Authors’ calculations using the CPS Annual Social and Economic Supplement microdata for the period 2003-17.  
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There are two reasons. First, some groups work more than others. Between 25 and 55 years 
of age, men with a bachelor’s degree or more on average are employed 91.6 percent of all 
months. The figures are 80.5 percent for women with a bachelor’s degree or more, 80.2 percent 
for men with less education, and 66.2 percent for women with less education. In other words, 
the groups with higher wages work more (to be precise, are employed for a larger fraction of 
their prime working years), amplifying the differences in wages across the four education- 
gender groups. Second, those in the education-gender groups with higher wages across occu-
pation categories are more likely to work in high-wage occupation categories than low-wage 
occupation categories over the course of their working lives. The composition of occupations 
within the education-gender groups also contributes to the differences in PDV at 25 across 
groups being bigger than the between-group differences in average occupational wages.
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Average PDV at 25 of Occupations, by Education and Gender

NOTE: This figure plots in log scales the PDV at 25 of occupations by education and gender. All PDV at 25 are normalized 
by their averages.

SOURCE: Authors’ calculations using the CPS Outgoing Rotation Groups and Annual Social and Economic Supplement 
microdata for the period 2003-17.  
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6 CONCLUDING REMARKS
Occupations do encapsulate a significant amount of information about people’s economic 

standing. However, because people change their occupations and even become unemployed 
over the course of their working lives, people’s occupations at a young age are not very infor-
mative about their  lifetime earnings. Calculation of the PDV at 25 necessitates estimation of 
the transition probabilities of moving from one employment status to another and also from 
one occupation category to another. Our analysis shows that high-paying occupation catego-
ries have lower turnover rates: Workers move into and out of high-paying occupation cate-
gories at a slower pace, be it employment-to-unemployment or job-to-job transitions.

The lifetime earnings results suggest that one should be careful about readily equating 
workers’ occupations with their skill levels, a common practice in a large macro-labor litera-
ture (see Lee and Shin, 2017, and the references therein).

Conditioning on education and gender, the rankings of occupation categories by average 
wages and by PDV at 25 remain the same. The lifetime earnings differences across education- 
gender groups are larger than the differences in average wages across occupation categories 
because high-wage groups work more (at the extensive margin) and also are more likely to 
work in high-wage occupation categories.

This article leaves out some of our related findings. One is the patterns in worker flows 
across employment statuses and occupation categories separately computed by gender and 
education, which we used in our construction of Figure 3. Another is the pattern of worker 
flows during booms and recessions.11 These deserve more thorough analyses and are left for 
future research. n
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APPENDIX 
Computing the Present Discounted Value of Lifetime Earnings

There are 22 occupations. Although we know the previous occupation categories of 
those unemployed, we do not know the previous occupation categories of those out of the 
labor force. In a given month, there are 45 possible states: employed in occupation categories 
1 through 22 (E1 to E22), unemployed from previous occupation categories 1 through 22 (O1 
to O22), and out of the labor force (N for nonparticipation). For each occupation category o 
and age a, we denote the value of being employed by Va

Eo, the value of being unemployed by 
Va

Uo, and the value of being out of the labor force by Va
N. We can construct the 45-by-45 tran-

sition matrix Pa = pa
i,j{ }, where Pa

i, j is the monthly transition probability from state i to state j 
at age a. The value of any state i can be defined recursively as 

 Va
i =wa

i +β
j=1

45

∑pa
i , jVa+1

j ,

where β is a discount factor and wa
i is the real hourly wage of the current occupation category 

(in 2003 dollars) at age a if employed, 40 percent of the real hourly wage of the previous 
occupation category at age a if unemployed, and zero if out of the labor force.

In matrix form, this system of equations can be written as

 Va =wa +βPaVa+1

where Va = Va
E1 ,Va

E2, ...,Va
N( )T  and wa = wa

E1 ,wa
E2, ...,wa

N( )T . The terminal condition at a = A + 1
is set to V i

A+1 = 0 for all i. Forward iteration gives us 

 
Va =wa +βPawa+1 +β

2PaPa+1Va+2

=wa +βPawa+1 +β
2PaPa+1wa+2 + ...+β

A−a PaPa+1LPA−1( )wA .

The expected value of occupation category o in the first month of age 25 is VEo
25m1 with  

A = 55 × 12 months. The monthly discount factor β is assumed to be 0.99835, which is equiv-
alent to a discount rate of 2 percent per year.

In computing the transition probabilities Pa
i, j, we follow Elsby, Hobijn, and Şahin (2015) 

to remove possible spurious transitions between the unemployment and out-of-the-labor-
force states. For example, if a worker is out of labor force in the first and third months but 
unemployed in the second month of the survey, we treat the worker as out of the labor force 
for all three months. The case of a worker who is unemployed in the first and the third months 
but out of the labor force in the second month is similar: We consider the worker unemployed 
for all three months.
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NOTES
1 We drop those who usually work for less than 8 hours per week while employed.

2 We again drop those who usually work for less than 8 hours per week.

3 By comparison, the more commonly cited Gini coefficient is for household income, which was roughly 0.47 in the 
United States over the sample period. The numbers are different for two reasons. First, our unit of observation is 
individuals, not households. With assortative mating, the Gini coefficient would be higher for households. Second, 
and more important, capital income is much more unequally distributed than labor (wage) income.

4 In the previous exercise, we assumed that everyone with the same occupation category earned the same wage, 
regardless of their age.

5 The PDV at 25 of the cross-sectional Lorenz curve is difficult to construct because the panel dimension of our data 
is too short for an estimation of lifetime earnings.

6 Occupation categories that have high EN tend to have more younger workers and also more women, although 
the correlation is fairly weak.

7 Worker churning means those hires that replace separations from an employer, or the difference between worker 
flows and job flows at the employer level (Burgess, Lane, and Stevens, 2000). In the firm dynamics literature, churn-
ing is the sum of the number of jobs created and the number of jobs destroyed across firms or establishments in 
a sector or the whole economy (see, for example, Davis, Haltiwanger, and Schuh, 1996). Our notion of gross flows 
is defined at the occupation level to measure the turnover rate of an occupation.

8 The lone exception is the building and grounds cleaning occupation category, in which women with a bachelor’s 
degree have a slightly lower average wage than men with less education.

9 In one occupation category, community and social service, the gender gap is virtually nonexistent.

10  Lee, Shin, and Lee (2015) find that for more than 95 percent of the population in the National Longitudinal Survey 
of Youth, their educational attainment is finalized by 25 years of age.

11  Aum, Lee, and Shin (2017) use a different dataset without panel dimensions to study the changes in employment 
across occupations during and after the Great Recession.
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