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Facts: Earnings Distribution
Data from Heathcote et al. (2010) J. Heathcote et al. / Review of Economic Dynamics 13 (2010) 15–51 27

Fig. 7. Understanding male earnings inequality (CPS).

stabilized, while aggregate productivity growth recovered. The net effect was broad stability at the bottom of the wage and
earnings distributions.

4.2. Household-level inequality

We compute all of our household-level measures of dispersion on Sample B, with the additional exclusion of households
with non-positive household earnings. Also, since the variance of logs measure is very sensitive to the presence of realiza-
tions close to zero, we also exclude the bottom 0.5% of the remaining sample as ranked by income, reapplying this trim for
each definition of income we study.

Equivalized household earnings. Fig. 8 plots four measures of dispersion in household earnings, where each household’s
income is first adjusted to a per-adult-equivalent basis using the OECD equivalence scale.32

The top left and bottom left panels plot, respectively, the variance of log earnings and the P50–P10 ratio. These two
series track each other extremely closely, reflecting the fact that the logarithmic function effectively amplifies small earnings
values. The variance of household earnings rises rapidly in the 1970s and early 1980s before stabilizing. Qualitatively, the
profile is similar to that for male earnings in Fig. 6.33

32 The OECD scale assigns a weight of 1.0 to the first adult, 0.7 to each additional adult, and 0.5 to each child. In the PSID, a child is a family member age
17 or younger. In the CPS and the CEX, we define a child as age 16 or younger. The original OECD definition is age 13 or younger.
33 The difference between the two series primarily reflects the fact that in Fig. 6 we plot the variance of male earnings for men working at least 260
hours, whereas in Fig. 8 there is no explicit selection on hours. Without this hours restriction, the variance of male earnings is essentially flat after the
mid-1980s, just like the variance of equivalized household earnings.
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Rising college premium24 J. Heathcote et al. / Review of Economic Dynamics 13 (2010) 15–51

Fig. 5. Education, experience, gender wage premia, and residual wage inequality (CPS).

The level of inequality at the top of the wage distribution as measured by the 90th–50th percentile ratio (P90–P50) is
similar for men and women. Inequality at the top increases throughout the sample period, and especially after 1980, with
wages at the 90th percentile rising slightly more for men than for women, relative to the corresponding medians.

To summarize, the increases in US wage dispersion in (i) the 1970s, (ii) the 1980s, and (iii) the 1990s were concentrated,
respectively, (i) within the bottom half of the wage distribution, (ii) throughout the wage distribution, and (iii) in the top
half of the wage distribution.

A large empirical literature documents the evolution of cross-sectional wage inequality in the United States since the
mid-1960s. The two most recent and comprehensive surveys are Katz and Autor (1999), and Eckstein and Nagypal (2004).
A more up-to-date account is provided by Autor et al. (2008).23 All of these papers are based on CPS data and focus only on
full-time, full-year workers, i.e. individuals who work at least 35 hours per week and 40 plus weeks per year. Our analysis
is based on a much broader sample, given our more inclusive criterion for hours worked. Nevertheless, the qualitative
trends we uncover are very similar to these previous studies. A unique contribution of our study (see Section 6) will be to
document that measured changes in the wage structure in the CEX and the PSID line up very well with those in the larger
CPS sample.

Observables and residuals. In order to understand the sources of the rise in US wage inequality, it is important to
distinguish the role of some key observable demographics such as education, age, and gender. We perform this de-
composition in Fig. 5. We define the male education premium as the ratio between the average hourly wage of male
workers with at least 16 years of schooling, and the average wage of male workers with less than 16 years of school-
ing. The pattern that emerges is the well-documented U-shape: the college wage premium declines until the late 1970s
and then starts rising steadily. In 1975, US college graduates earned 40% more than high school graduates, while in
2005 they earned 90% more. A vast literature argues that upward trends in relative quantities and prices for college-
educated labor reflect a skill-biased demand shift, associated with the technological shift toward information and com-

23 Historically, the widening of the US wage structure during the 1980s was first documented by Davis and Haltiwanger (1991), Bound and Johnson
(1992), Katz and Murphy (1992), Levy and Murnane (1992), Murphy and Welch (1992), and Juhn et al. (1993), among others.

College premium and college labor supply are rising at the same
time
The most common interpretation: Skill-biased technical change
(Katz and Murphy, 1992).

3 / 49

Lutz



Shock Variances40 J. Heathcote et al. / Review of Economic Dynamics 13 (2010) 15–51

Fig. 18. Estimates of the variances of the transitory and permanent components (PSID).

nature. The finding that a significant fraction of the overall increase in wage inequality was transitory (and hence easily
insurable) is consistent with the finding documented in Fig. 13 that inequality in consumption rose by less than inequality
in income over this period.

We now return to the substantial divergence between the average transitory and permanent variances obtained when
using the two sets of moments. This strong disagreement indicates that the permanent-transitory model is misspecified: this
model, an “industry-standard,” cannot simultaneously replicate moments of the wage distribution in levels and moments
in first differences. Interestingly, several papers in this issue that estimate the same model on longitudinal data for other
countries reach the same conclusion (e.g., Domeij and Flodén, 2010, for Sweden; Fuchs-Schündeln et al., 2010, for Germany;
Brzozowski et al., 2010, for Canada).

Misspecification is a serious concern because different estimation approaches give very different estimates for the vari-
ance of permanent wage shocks. A large quantitative theoretical literature indicates that precisely this variance is a key
determinant of the welfare costs of incomplete insurance against idiosyncratic risk, and thus of the potential welfare gains
from social insurance policies.

One sensible “reality check” for any variance estimate is what it implies for the growth of wage inequality over the
life cycle. Fig. 14 suggests that the estimate for the permanent variance based on moments in first differences (0.027 on
average) is implausibly high. This estimate implies a rise in the variance of log wages of 0.94 over the 35 years of working
life from age 25 to 60, vis-à-vis the observed increase of 0.35 (0.20) when controlling for cohort (time) effects.53 When
estimated using moments in levels, instead, the average value for the variance of permanent shocks is 0.007, implying a
realistic life cycle increase of 0.25 over 35 years.54 However, in some years, the levels-based estimates for the variance of
permanent shocks are negative—another indication of misspecification.

To sum up, the key challenge for future work is to develop a specification for the wage process that is both parsimonious
enough to be used as an input to incomplete-markets models, and rich enough to account empirically for the covariance
structure of wages in both levels and differences.

53 When we trimmed the top and bottom 3% of the empirical distribution of log wage differences, we obtain a variance of permanent shocks of roughly
the same size (and showing a similar trend) as the estimate in levels. However, the implied variance of transitory shocks is then less than one-third of its
counterpart in levels. More generally, it is unclear whether trimming eliminates genuine wage variation or spurious outliers.
54 An alternative strategy that is also able to replicate the growth of inequality over the life cycle is using moments based on log differences between
dates t and t + q + 1, with q large enough (see Carroll, 1992). This strategy is also robust against misspecification caused by the presence of a MA(q)
component in the true model. Carroll’s point estimate for the permanent variance of head labor earnings is 0.011 for the period 1967–1985, a value closer
to our estimate in levels. For details, see Appendix A of his paper.
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Shock variances

This is from a model with permanent and transitory shocks.
Conclusion depends on whether the model is estimated in levels or
differences.
Suggests that the model is mis-specified.

Most of the literature thinks that persistent and transitory shock
variances have increased.
But some recent work using tax data finds that mostly persistent
shocks have increased (Debacker et al., 2013).
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Top 1%

CBO

THE DISTRIBUTION OF HOUSEHOLD INCOME AND FEDERAL TAXES, 2013 JUNE 2016 39

Figure 8. Return to Reference 1, 2, 3

Cumulative Growth in Average Inflation-Adjusted Market Income, by Market Income Group, 1979 to 2013
Percent

Source: Congressional Budget Office.
Market income consists of labor income, business income, capital gains (profits realized from the sale of assets), capital income excluding capital gains, 
income received in retirement for past services, and other sources of income. Before-tax income is market income plus government transfers. Government 
transfers are cash payments and in-kind benefits from social insurance and other government assistance programs. Those transfers include payments 
and benefits from federal, state, and local governments.
Income is converted to 2013 dollars using the price index for personal consumption expenditures.
Income groups are created by ranking households by market income, adjusted for household size. Quintiles (fifths) contain equal numbers of people; 
percentiles (hundredths) contain equal numbers of people as well.
For more detailed definitions of income, see the appendix.

Figure 9. Return to Reference

Components of Inflation-Adjusted Market Income for the Top 1 Percent of Households, 1979 to 2013
Thousands of 2013 Dollars

Source: Congressional Budget Office.
Other income includes income received in retirement for past services and other sources of income.
Income is converted to 2013 dollars using the price index for personal consumption expenditures.
Income groups are created by ranking households by market income, adjusted for household size. 
For more detailed definitions of income, see the appendix.
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A rising share of top incomes comes from earnings.

6 / 49



Skill Premium



The skill premium

The college wage premium has been rising, even as the supply of
college educated labor has been rising.
A common interpretation: skill biased technical change.
The “race between education and technology” (Goldin and Katz,
2008).
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Data

it barely budged for the better part of the next
30 years. Among young females, the deceleration
in supply was also unmistakable, although not as
abrupt or as complete as for males.
The counterpart to this deceleration in the

growth of supply of college-educated workers
is the steep rise in the college premium com-
mencing in the early 1980s and continuing for
25 years. Concretely, when the influx of new
college graduates slowed, the premium that a
college education commanded in the labor mar-
ket increased. The critical role played by the
fluctuating supply of college education in the
rise of U.S. inequality is documented in Fig. 3B,
which plots the college wage premium from
1963 through 2012 (blue line). This premium
fluctuated in a comparatively narrow band dur-
ing the 1960s and 1970s, as rising demand for
educated workers was met with rapidly rising
year-over-year increases in supply. In 1981, the
average college graduate earned 48% more per
week than the average high school graduate—a
significant earnings gap but not an earnings
gulf. When the supply deceleration began in
1982, however, the college premium hit an in-
flection point. This premium notched remark-
ably rapid year-over-year gains from 1982 forward,
reaching 72% in 1990, 90% in 2000, and 97% in
2005 (21, 22). Thus, the average earnings of college
graduates were 1.5 times those of high school

graduates in 1982 but were double those of high
school graduates by 2005.
Why is this deceleration in supply relevant

to the college premium? After all, although the
growth of supply slowed in 1982, it was still
rising. A likely answer is that the demand for
college workers rose in the interim. Through-
out much of the 20th century, successive waves
of innovation—electrification, mass production,
motorized transportation, telecommunications—
have reduced the demand for physical labor
and raised the centrality of cognitive labor in
practically every walk of life. The past three
decades of computerization, in particular, have
extended the reach of this process by displac-
ing workers from performing routine, codifiable
cognitive tasks (e.g., bookkeeping, clerical work,
and repetitive production tasks) that are now
readily scripted with computer software and
performed by inexpensive digital machines. This
ongoing process of machine substitution for rou-
tine human labor complements educated work-
ers who excel in abstract tasks that harness
problem-solving ability, intuition, creativity, and
persuasion—tasks that are at present difficult
to automate but essential to perform. Simulta-
neously, it devalues the skills of workers, typ-
ically those without postsecondary education,
who compete most directly with machinery in
performing routine-intensive activities. The net

effect of these forces is to further raise the de-
mand for formal education, technical expertise,
and cognitive ability (23–27).

Bringing the Supply-Demand
Framework to the Data

The persistently rising demand for educated
labor in advanced economies was first noted
by the Nobel Prize–winning economist Jan
Tinbergen (28) and is often referred to as the
“education race” model (19). Its primary im-
plication is that if the supply of educated labor
does not keep pace with persistent outward
shifts in demand for skills, the skill premium
will rise. In the words of the Red Queen in
Lewis Carroll’s Alice inWonderland, “…it takes
all the running you can do, to keep in the same
place.” Thus, when the rising supply of edu-
cated labor began to slacken in the early 1980s,
a logical economic consequence was an increase
in the college skill premium.
To more formally account for the impact of

the fluctuating growth rate of supply of college-
educated workers on the college wage differen-
tial, Fig. 3B depicts the fit of a simple regression
model that predicts the college wage premium
in each year as a function of two factors: (i) the
contemporaneous supply of college graduates,
and (ii) a time trend, which serves as a proxy for
the secularly rising demand for college-educated
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Fig. 3. The supply of college graduates and the U.S. college/high school
premium, 1963–2012. (A) College share of hours worked in the United
States, 1963–2012: All working-age adults. Figure uses March CPS data for
earnings years 1963 to 2012.The sample consists of all persons aged 16 to
64 who reported having worked at least 1 week in the earnings years,
excluding those in the military. Following an extensive literature, college-
educated workers are defined as all of those with four or more completed
years of college plus half of those with at least 1 year of completed college.
Non-college workers are defined as all workers with high school or less
education, plus half of those with some completed college education. For
each individual, hours worked are the product of usual hours worked per
week and the number of weeks worked last year. Individual hours worked

are aggregated using CPS sampling weights. (B) College versus high school
wage gap. Figure uses March CPS data for earnings years 1963 to 2012.The
series labeled “Measured Gap” is constructed by calculating the mean of
the natural logarithm of weekly wages for college graduates and non–
college graduates, and plotting the (exponentiated) ratio of thesemeans for
each year.This calculation holds constant the labor market experience and
gender composition within each education group. The series labeled
“Predicted by Supply-Demand Model” plots the (exponentiated) predicted
values from a regression of the log college/noncollege wage gap on a
quadratic polynomial in calendar years and the natural log of college/
noncollege relative supply. See text and supplementary material for further
details.
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many policymakers and popular accounts fre-
quently assume.
It is important to interpret these results in

context. The most recent birth cohorts whose
adult outcomes can be observed at present
were born no later than the early 1990s, which
is still relatively early in the rise of U.S. in-
equality. Another 10 years of data, focusing
on children born since 2000, may suggest a
different conclusion. Moreover, the fact that
mobility has stayed constant while inequality
has risen means that the lifetime relative dis-
advantage of children born to low- versus high-
income families has increased substantially;
concretely, the rungs of the economic ladder
have pulled farther apart but the chance of
ascending the ladder has not improved. Fi-
nally, it is possible to interpret the fact that
mobility has remained unchanged as evidence
that U.S. mobility would have declined had it
not been for the other compensatory steps
taken by the federal government during this
period, including, for example, expanding the
Earned Income Tax Credit for low-income work-
ers in the 1980s, enlarging the early childhood
education Head Start program in the 1990s,
and increasing federal student grant and loan
programs to support college-going (48). Declines
in racial and gender discrimination during this
period likely also complemented these policies
(49). A cautious read of the evidence is that al-
though the United States is not a “land of oppor-
tunity”by conventional economicmobilitymetrics,
it has not become less so in recent decades.

Real Earnings

A second gauge of economic health is the tra-
jectory of earnings and employment. Here, the
data present substantial cause for concern. Al-
though the substantial college wage premium

conveys the positive economic news that educa-
tional investments offer large returns, this wage
premium also masks a discouraging truth: The
rising relative earnings of workers with post-
secondary education is not simply due to rising
real earnings among college-educated workers
but is also due to falling real earnings amongnon–
college-educated workers. Between 1980 and
2012, real hourly earnings of full-time college-
educated U.S. males rose anywhere from 20% to
56%, with the greatest gains among those with
a postbaccalaureate degree (Fig. 6A). During the
same period, real earnings of males with high
school or lower educational levels declined substan-
tially, falling by 22% among high school dropouts
and 11% among high school graduates. Although
the picture is generally brighter for females (Fig.
6B), real earnings growth among females with-
out at least some college education over this three-
decade interval was extremely modest.
Accompanying the fall in real wages among

less educated workers has been a pronounced
drop in their labor force participation rates,
particularly among less educated males. Be-
tween 1979 and 2007, prior to the onset of the
Great Recession, the fraction of working-age
males in paid employment fell by 12 percentage
points among high school dropouts and 10 per-
centage points among those with exactly a high
school diploma. Conversely, employment rates were
generally stable for males with postsecondary
education and rose for females of all education
levels except for high school dropouts.
The causes for the sharp falls in real earnings

among non–college-educated workers are mul-
tiple. One likely force, as noted above, is the
ongoing substitution of computer-intensive ma-
chinery for workers performing routine task-
intensive jobs. This has depressed demand for
workers in both blue-collar production andwhite-

collar office, clerical, and administrative support
positions, and has reduced the set of middle-
skill career jobs available to non–college-educated
workers more generally (25). A second factor
is the globalization of labor markets, seen par-
ticularly in the greatly increased U.S. trade
integration with developing countries. Global-
ization has become particularly important for
U.S. labor markets since the early 1990s, when
China began its extremely rapid integration
into the world trading system. The influx of
Chinese goods lowered consumer prices but
also fomented a substantial decline in U.S. man-
ufacturing employment, contributing directly
to the decline in production worker employment
(50). A third factor impinging on the earnings
of non–college-educatedmales is the decline in the
penetration and bargaining power of labor unions
in the United States, which have historically
obtained relatively generous wage and benefit
packages for blue-collar workers. Over the past
three decades, however, U.S. private-sector union
density—that is, the fraction of private-sector
workers who belong to labor unions—has fallen
by approximately 70%, from 24% in 1973 to 7% in
2011 (51, 52).
Notably, these three forces—technological

change, deunionization, and globalization—
work in tandem. Advances in information and
communications technologies have directly
changed job demands in U.S. workplaces while
simultaneously facilitating the globalization of
production by making it increasingly feasible
and cost-effective for firms to source, monitor,
and coordinate complex production processes
at disparate locations worldwide. In turn, the
globalization of production has increased com-
petitive conditions for U.S. manufacturers and
U.S. workers, eroding employment at unionized
establishments and decreasing the capability
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Fig. 6. Change in real wage levels of full-time workers by education, 1963–2012. (A) Male workers, (B) female workers. Data and sample construction are
as in Fig. 3.
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Canonical model
Katz and Murphy (1992).
Skilled and unskilled workers are imperfect substitutes.
Labor aggregator:

Qt =
[
αtL

ρ

St +(1−αt)Lρ

Ut

]1/ρ (1)

SBTC increases αt/(1−αt) over time.
Assume that workers are paid their marginal products:

ln(wSt/wUt) =
1
σ
[Dt − ln(LSt/LUt)] (2)

Measurement:

I labor supplies: hours worked college / non-college.
I Dt: linear time trend (at times with complications)
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Fit

	 4	

Figure	A1:	Actual	vs.	Predicted	College	Wage	Premium,	1914	to	2017	
	

	
	
Source	and	Notes:	The	actual	college	wage	premium	is	the	series	plotted	in	Figure	1.	The	predicted	
college	wage	premium	series	plots	the	predicted	values	for	the	college	wage	premium	from	the	
regression	in	col.	(2)	of	Appendix	Table	A1.	
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Notes

There is fairly wide agreement that the basic story sounds right.

Unresolved:

I Does the rising relative productivity of skilled labor reflect
technology or human capital?

I Is SBTC the driving force or the result of rising education?
I Acemoglu (2002, 2003) argues in favor of endogenous

technological skill bias.

What do data in other countries say?
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Labor market polarization
The share of middle income jobs has declined over time (Autor and
Dorn, 2013).

Figure 6. Employment Growth Has Polarized Between High- and Low-Paid Occupations

CHANGES IN OCCUPATIONAL EMPLOYMENT SHARES AMONG WORKING-AGE ADULTS, 1980""–""2015
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Figure is constructed using U.S. Census of Population data for 1980, 1990, and 2000, and pooled American Community 
Survey ( ACS ) data for years 2014 through 2016, sourced from IPUMS (Ruggles et al., 2018). Sample includes working-age 
adults ages 16 – 64 excluding those in the military. Occupational classifications are harmonized across decades using the 
classification scheme developed by Dorn (2009).

Figure 7. Low-Skill Workers in the U.S. Receive Lower Pay Than in Other Industrialized Countries

PPP-ADJUSTED GROSS HOURLY EARNINGS OF LOW-SKILL WORKERS IN THE U.S. AND OTHER OECD NATIONS
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Roys and Taber (2019) argue that this does not affect the wage
distribution much. 13 / 49



Earnings Processes



The canonical model
Earnings as a function of experience:

yi,t = f (t)+ zi,t (3)

All households share the same experience profile f .
Shocks:

zi,t = ρzi,t−1 +ηi,t (4)

ηi,t ∼ N
(
0,σ2

η

)
(5)

Estimating this yields ρ ≈ 1.
Earnings shocks are highly persistent and therefore hard to insure
against.
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Guvenen (2007)

Argues in favor of “HIP”:

yi,t = f (t)+βit+ zi,t (6)

Estimating this yields ρ ≈ 0.8.
Shocks are less persistent. Self-insurance is easier.
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RIP or HIP

How to distinguish between the two models?
Estimating βi versus ρ from earnings data only is surprisingly hard.

I Estimation uses the autocovariance matrix of earnings.
I Both processes yield similar matrices.

One idea: use consumption data.

I They reveal whether earnings dispersion is due to
heterogeneity or shocks.
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Guvenen (2007)

model of Storesletten et al. (2004a). The (top)
dashed line in Figure 7 shows an even larger
increase in inequality—about 40 log points—
but has an overall shape that is very similar to
the one from our baseline RIP model.20 Overall,
these results reiterate the earlier findings in the
literature that a RIP model generates significant
fanning out of the consumption distribution as
observed in the data.

We next turn to the HIP(!) model. To pro-
vide a benchmark, we begin with the case where
individuals have no private prior information
about "i (that is, ! ! 0). The (top) solid line in
Figure 8 plots the age-inequality profile, which
also shows a substantial rise in consumption
inequality over the life cycle—roughly 32 log
points.21 Thus, the HIP(!) model is also capable
of generating a significant rise in consumption
inequality, despite the previous interpretation of
this empirical evidence, discussed in the intro-
duction, as supporting the RIP model.

Before proceeding further, it is useful to dis-
cuss the mechanism behind increasing inequal-
ity in each model. For the sake of this discussion,
we make the following simplifying assump-
tions: (a) the utility function is quadratic, and
# ! 1 " r f ! 1; (b) there is no retirement (i.e.,
all individuals die at the end of working life);
and (c) in the RIP model, income shocks are
fully permanent ($ ! 1.0). Under these assump-
tions, in both models consumption will be ad-
justed every period by the change in perceived
lifetime income divided by the number of years
left in life:

(13) #ct %
1

T & t ' 1 !"
s ! 0

T $ t

(Et & Et $ 1)Yt " s#.

The left panel of Figure 9 plots the simulated
income and consumption paths of an individual
in the RIP model (who happens to have a real-
ized income growth that is positive). Using the
facts that income follows a random walk (so
Et(Yt"s) ! Yt for all s), we have #ct ! #Yt for
all t. Thus, we obtain the well-known result that
in the (certainty-equivalent version of the) RIP
model permanent income movements are fully
accommodated. If, furthermore, initial wealth is
zero, consumption equals income every period.
Since this is true for every individual in this
economy, consumption inequality will rise one
for one with income inequality over time.

20 Storesletten et al.’s (2004b) benchmark model does
not feature a redistributive Social Security system, which
largely explains why the rise in inequality is very different
in their RIP model compared to ours. They do, however,
introduce it as an extension, which then results in a smaller
rise in inequality similar to ours (of about 25 log points).

21 Only a small fraction of this fanning-out is directly
attributable to idiosyncratic shocks: if we eliminate profile
heterogeneity and consequently learning from the HIP
model (without changing the parameter values for persis-
tence, etc.), the rise in inequality would be only 7 log points.

FIGURE 7. AGE-INEQUALITY PROFILE OF CONSUMPTION:
US DATA VERSUS RIP MODEL

FIGURE 8. AGE-INEQUALITY PROFILE OF CONSUMPTION:
US DATA VERSUS HIP MODEL
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model of Storesletten et al. (2004a). The (top)
dashed line in Figure 7 shows an even larger
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observed in the data.
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# ! 1 " r f ! 1; (b) there is no retirement (i.e.,
all individuals die at the end of working life);
and (c) in the RIP model, income shocks are
fully permanent ($ ! 1.0). Under these assump-
tions, in both models consumption will be ad-
justed every period by the change in perceived
lifetime income divided by the number of years
left in life:
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ized income growth that is positive). Using the
facts that income follows a random walk (so
Et(Yt"s) ! Yt for all s), we have #ct ! #Yt for
all t. Thus, we obtain the well-known result that
in the (certainty-equivalent version of the) RIP
model permanent income movements are fully
accommodated. If, furthermore, initial wealth is
zero, consumption equals income every period.
Since this is true for every individual in this
economy, consumption inequality will rise one
for one with income inequality over time.

20 Storesletten et al.’s (2004b) benchmark model does
not feature a redistributive Social Security system, which
largely explains why the rise in inequality is very different
in their RIP model compared to ours. They do, however,
introduce it as an extension, which then results in a smaller
rise in inequality similar to ours (of about 25 log points).

21 Only a small fraction of this fanning-out is directly
attributable to idiosyncratic shocks: if we eliminate profile
heterogeneity and consequently learning from the HIP
model (without changing the parameter values for persis-
tence, etc.), the rise in inequality would be only 7 log points.
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HIP fits better than RIP.
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The general point

Earnings data cannot tell whether dispersion is due to heterogeneity
or shocks.
But the distinction is fundamentally important for model
implications:

I self-insurance and value of social insurance
I wealth inequality

Consumption data are useful, but hard to interpret.

I Guvenen and Smith (2014) is an ambitious attempt.
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Panel data limitations

Earnings processes are estimated from panel data.
They undersample the rich.
E.g.: PSID roughly misses the top 1%.

Alternatives:

I administrative data
I make up earnings processes from cross-sectional data

(Castaneda et al., 2003)
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Castaneda et al. (2003)

Goal: Match earnings and wealth distribution in a “standard”
Aiyagari model.
Key features:

1. Stochastic aging: a computational trick
similar to perpetual youth

2. Perfect altruism
agents effectively live forever

3. A “superstar” earnings state
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Earnings process

Calibration does not use information on persistence of earnings.
The earnings process is ”cooked” to match the wealth distribution.

The lower 3 earnings states ”look like” something estimated from
the PSID

I though persistence is very high

The top earnings state is very high and very rare.wealth inequality 843

TABLE 5
Relative Endowments of Efficiency Labor Units, and thee(s),

Stationary Distribution of Working-Age Households, ∗gE

s p 1 s p 2 s p 3 s p 4

e(s) 1.00 3.15 9.78 1,061.00
(%)∗gE 61.11 22.35 16.50 .0389

rounding errors) because the probability that a worker retires is .0222.
This table shows that the four shocks are persistent, and especially so
the first three. Specifically, the expected durations of each of the shocks
are 26.6, 17.6, 23.9, and 5.1 years, respectively. The table also shows that
a household whose current shock is is most likely to make as p 1
transition to shock than to any of the other shocks. Likewise,s p 2
households whose current shocks are either or are mosts p 2 s p 3
likely to move back to shock Only very rarely will householdss p 1.
whose current shock is either or make a transition to eithers p 1 s p 2
shock or shock and when a household draws shocks p 3 s p 4, s p

in any given period, it is most likely that it will draw shock very4 s p 1
soon afterward.

Table 5 reports the relative endowments of efficiency labor units and
the invariant measures of each type of working-age households. This
table shows that a large majority of these households are of type s p

followed by types and It also shows that the invariant1, s p 2 s p 3.
mass of type households is approximately one out of every 2,600.s p 4
As far as their relative endowments of efficiency labor units are con-
cerned, the hourly wages of types and householdss p 2, s p 3, s p 4
are, approximately, three, 10, and 1,000 times larger than those of

households.s p 1
The persistence of this process and the large differences in the values

of its realizations imply that if we normalize the present lifetime earnings
of the type households to be one, the present values of the lifetimes p 1
earnings of types and households are, approximately,s p 2, s p 3, s p 4
1.5, 4.3, and 120.1, respectively. Furthermore, these differences are per-
sistent across generations. Specifically, the expected lifetime earnings
of the descendants of retired households of each type are 1.0, 1.2, 2.6,
and 53.7, respectively. These findings suggest that a large fraction of
the differences in the economic performance of households may already
have occurred before their members enter the labor market.24 The ag-
gregate, distributional, and mobility implications of this process are
discussed below.

The age structure of the population.—Our specification of the joint age

24 See Keane and Wolpin (1997) for an empirical analysis of this issue.
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Earnings process

The top state has lowish persistence.842 journal of political economy

TABLE 4
Transition Probabilities of the Process on the Endowment of Efficiency Labor

Units for Working-Age Households That Remain at Working Age One Period
Later, (%)GEE

From s

To ′s
′s p 1 ′s p 2 ′s p 3 ′s p 4

s p 1 96.24 1.14 .39 .006
s p 2 3.07 94.33 .37 .000
s p 3 1.50 .43 95.82 .020
s p 4 10.66 .49 6.11 80.51

V. Findings

In this section we report our findings. We do this in two stages. In
subsection A, we report the behavior of our benchmark model economy,
which we have calibrated to the targets described in Section IV above.
As we have already mentioned, we find that the parsimonious way in
which we model the life cycle prevents our benchmark model economy
from matching the targeted values for the intergenerational earnings
correlation and for the life cycle earnings profile simultaneously. This
finding led us to carry out two additional computational exercises, which
we report in subsection B. The purpose of these exercises is to find out
whether or not our model economy can match each one of those two
targets separately. More specifically, in the first one of these exercises,
we match the intergenerational correlation of earnings observed in the
data in a model economy with a flat life cycle earnings profile, and in
the second exercise we match the life cycle earnings profile observed
in the data in a model economy in which earnings are uncorrelated
across generations.

A. The Benchmark Model Economy as a Theory of Inequality

In this subsection we report the calibration results, we discuss the reasons
that allow us to account for the U.S. earnings and wealth distributions
almost exactly, and we assess our benchmark model economy as a theory
of inequality.

The endowment of efficiency labor units process.—The procedure used to
calibrate our model economy identifies the stochastic process on the
endowment of efficiency labor units that determines its behavior. Since
this process is an essential feature of our theory, we start this subsection
with a description of it main properties.

Table 4 reports the transition probabilities on the endowments of
efficiency labor units of working-age households that remain of working
age one period later. Note that all rows sum up to .9778 (plus or minus

This content downloaded from 152.2.34.120 on Fri, 6 Feb 2015 15:44:00 PM
All use subject to JSTOR Terms and Conditions

Intuition:

I households win the lottery once every 250 years
I lottery winners save everything because the top state is so

transitory
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Reservations

The paper shoes that it is possible to write down a standard
life-cycle model that matches wealth concentration based on an
earnings process with the right amount of cross-sectional inequality.

It does not show that a life-cycle model generates the right wealth
distribution when a ”realistic” earnings process is imposed.

The Castaneda approach has been widely adopted in the literature.
Yanran will explain what goes wrong with it.
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Administrative data

Administrative data have

I large samples
I no measurement error
I no truncation
I no top coding
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Social security records

Guvenen et al. (2015)

I 200 million individual earnings histories
I starting in 1978

Can estimate a mostly non-parametric earnings process.
Key findings:

1. Kurtosis: most earnings shocks are small, but a few are very
large.

2. Age variation: persistence and size of shocks vary with age.
3. Positive shocks are transitory
4. Negative shocks are persistent (but not for low income

workers)

De Nardi et al. (2020) explores what this implies in a life-cycle
model.
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Administrative data

Song et al. (2019): matched employer-employee data.

Firms play a big role for rising earnings inequality

I 2/3 of rising dispersion is between firms
I mostly due to stronger sorting of workers into firms
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Structural Models



Structural models

Very few attempts at developing structural models of the earnings
distribution.
Ben-Porath human capital models:

I Huggett et al. (2011), Guvenen and Kuruscu (2010)

Skill biased technical change: Lee and Wolpin (2010)
This topic clearly deserves more research.
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Guvenen and Kuruscu (2010)

Goal: A structural model that accounts for changes in wage
distribution since the 1970s.
Key facts:

1. Rising overall wage inequality, starting in 1970s
2. Rising college premium, starting in 1980s

The idea:

I SBTC accelerates in 1970s
I Skilled wage growth rises
I Skilled workers invest more in human capital
I Initially skilled wages fall, then they rise
I Within group wage inequality then rises as well
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Model

Start from a life-cycle model like Huggett (1996).
Add a Ben-Porath human capital accumulation block.

Output is produced from skilled and unskilled labor:

Yt = Zt
(
θL,tL

ρ

t +θH,tHt
)

(7)

L,H: total efficiency units of labor provided by each skill type.

31 / 49

Lutz

Lutz



Model

Human capital is produced from time only:

ht+1 = ht +A([θL,tl+θH,tht]it)α (8)

Note: θ ’s are the same in both technologies (why?)
Households maximize lifetime earnings.

I This has a closed form solution.

Skill weights drift up (H) or down (L) by κ in each period (SBTC)
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Thought Experiment

Start in steady state
Then skill weights drift for T periods
After that, converge to new steady state
The period of rising skill weights starts in 1970 and ends in 1995
(data picking)

Compare model implication with data on wage distribution, skill
premium, ...
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Calibration

Calibration Targets

1. Avg college wage premium over 1970-95;
2. avg cross-sectional variance of wages;
3. mean wage growth over life-cycle
4. var(log wage 1995)

These 3 moments are supposed to identify the joint distribution of
(h0, l,A) (!)
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Results
The model matches (roughly) the time series of wage inequality

One notable divergence occurs during the 1980s when inequality rises
faster in the data compared to themodel. Some authors have emphasized
the role played by the erosion of the legal minimum wage due to high
inflation in the late 1970s, which resulted in the fall of wages in the lower
tail of the distribution, thereby increasing inequality (cf. Card andDiNardo
2002). This factor is not present in the model, which might explain the
divergence from the data during the 1980s.

2. Between‐Group Inequality (College Premium)

Figure 4 plots the college premium in the simulated economies along
with the empirical counterpart. The DB model is calibrated to match
the average level of premium between 1965 and 1969.23 In the model
(thick solid line), the college premium falls throughout the 1970s fol-
lowed by a robust increase in the next two decades, showing an overall
pattern that is both qualitatively and quantitatively consistent with the
data.

Fig. 3. The evolution of overall wage inequality: model versus U.S. data, 1965–2000

Guvenen and Kuruscu250
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Results: College Premium
The model matches that the college premium initially falls and then
rises

The mechanism for the falling college premium. Recall that the production
function is linear in this model, so the relative supply channel empha-
sized by Katz and Murphy (1992) is not operational. So how does the
model generate the persistent fall in the college premium during the
1970s? To understand this nonmonotonic behavior, wedecompose the col-
lege premium:

ω! ≡
w̄c

w̄n
¼ ðθLLnetc þ θHH net

c Þ=Nc

ðθLLnetn þ θHH net
n Þ=Nn

¼ ½θL þ θHðH net
c =Lnetc Þ'

½θL þ θHðH net
n =Lnetn Þ'

ðLnetc =NcÞ
ðLnetn =NnÞ

;

where the subscripts c and n denote college and high school graduates,
respectively; Nc and Nn denote the number of college and noncollege
workers (excluding current students); H net

c and Lnetc denote the human
capital and raw labor supplied to the market by college graduates. These
are calculated as in equation (3) but with the integrals taken over the set of
college graduate workers. Other aggregates are defined analogously. So,
for example,w ̄c is given by the total wage earnings of all college graduate
workers divided by the total number of such workers.
The ratio Lnetc =Nnet

c is approximately equal to the average hours de-
voted to the labor market (i.e., average hours not spent on training) by

Fig. 4. The evolution of the college premium: model versus U.S. data, 1965–2000

U.S. Wage Distribution, 1970–2000 251
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Results: College Premium By Age

to 1980 in the data. Overall, the evolution of the college premium for
young workers in the model is broadly consistent with the data.
Similarly, the right panel plots the college premiumamong olderwork-

ers (30–39 years of experience). First, observe that, as noted above, the
change in the college premiumamong theseworkers is smaller compared
to that for young individuals: the premiumdoes not fall monotonically in
the 1970s—the decline averages about 5 log points over the entire decade—
and the rise is also smaller—11 log points from 1980 to 1995. In themodel
(solid line), there is no fall in the college premium in the 1970s; instead, it
goes up by 5 log points. The premium continues to rise, albeit at a slower
pace than among young workers, and it increases by 17 log points from
1980 to 1995. Therefore, themodel is qualitatively consistent with the fact
that the behavior of the college premiumduring this time is influenced by
the large fall and rise in the premium among younger workers and the
behavior among the old is less pronounced.
The intuition for these results can be anticipated from the earlier dis-

cussions: the large initial fall among young workers is largely due to the
fact that these individuals—who face a longer planning horizon and
hence have a larger marginal benefit from investing—respond to SBTC
much more strongly than older individuals. In contrast, the slow but
monotonic rise in the college premium among older workers is mainly
driven by the price effect without a significant investment response.
Therefore, the model studied in this paper offers a new, and in our view
fairly plausible, explanation for the differences in the behavior of the col-
lege premium among different experience groups.

Fig. 7. The college premium by experience level: model versus U.S. data

Guvenen and Kuruscu256

The model matches that the college premium evolves differently for
young / old workers.
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Results: Within Group Inequality

despite the fact that the model displays significant nonlinearities in the
relative wages in the short run, it displays an almost perfect linearity—
that is, a stretching out of the entire wage distribution—in the long run.
The mechanism behind this result should be clear from earlier discus-
sions. Wage inequality arises entirely from differences in human capital
accumulation rates, which in turn arise from differences in ability (for a
given age). Because individuals’ investment response to SBTC is mono-
tonically increasing in their ability, those with high ability have both
higher wages in 1963 and a higher wage growth in the subsequent
40 years (see fig. 12). The existence of this same pattern in the data sug-
gests that this mechanism appears to be an important channel behind the
rise in within‐group inequality.

B. Evolution of Average Wages

Stagnation of median wages and the productivity slowdown. We now
turn from the second moments of the wage distribution to the first mo-
ment, that is, to the changes in the average wages over this period.

Fig. 8. Log real wage changes by percentile: model versus U.S. data, 1963–2003

Guvenen and Kuruscu260
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Problems

themechanism that generatesmany of the results in this paper, including
the decline in the college premium in the 1970s and the small rise in con-
sumption inequality, among others.
In the right panel, the wage profiles show significant fanning out over

the life cycle, which is the only source of wage inequality in this model.
The implication that systematic differences in growth rates are the major
driving force behind the rise in wage inequality over the life cycle is sup-
ported by recent empirical studies that estimate wage and labor earnings
processes from micro data sets (Baker 1997; Huggett et al. 2006a, 2006b;
Guvenen 2007, 2009).14 For example, the calibrated version of the current
model in the next section implies that the cross‐sectional wage inequality
at age 55 is about nine times the inequality at age 35. For comparison,
Guvenen (2009, table 2) reports that the component ofwage inequality that
is due to systematic differences in growth rates (i.e., net of the inequality
due to idiosyncratic shocks) is about 10.5 times the inequality at age 35.

III. Quantitative Analysis

In this section, we calibrate the three different versions of the general
framework described in the previous section to the U.S. data under the as-
sumption that theU.S. economywas in steady state before SBTC took effect
in 1970. The model is solved numerically, and the results below are com-
puted using simulated data. For the stochastic versions (models 2 and 3 be-
low),we simulate 300 paths for aggregate skill prices and 600 individuals in
each cohort. We then compare the evolution of the wage distribution im-
plied by the model from 1970 to 2000 to the data. The U.S. wage data used
in this paper are from the annualMarch Current Population Surveys (CPS)

Fig. 1. Cross‐sectional differences in investment time and wages over the life cycle

Guvenen and Kuruscu242

Cross-sectional heterogeneity in h investment is enormous (because
of the near linear techology)
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Problems

Getting big changes in wage distribution requires enormous changes
in h investment

D. The Rise in the Relative Supply of College Labor

While the main focus of this paper is on the evolution of the wage distri-
bution, the model also makes predictions about the behavior of college
enrollment and, consequently, about the change in the relative supply of
college‐educated labor during this period. Figure 13 plots (line with
squares) the total hours worked by individuals with a college‐equivalent
degree or more relative to those with lower educational levels. This mea-
sure more than doubles from 1970 to 2000 in the U.S. data. The model
counterpart (thick solid line) understates the level of relative supply be-
fore SBTC,which is perhaps not surprising since no attemptwasmade to
match any aspect of educational attainment in the calibration. However,
the relative supply grows significantly in the model, by 0.36 over the en-
tire period, compared to 0.33 in the data. This similarity seems surprising
given that in the model college education is modeled merely as a by‐
product—depending on whether investment exceeds a certain threshold
or not—andmany potentially important features have been left out, such
as tuition costs, changes in the availability of financial aid for college,
changes in the quality of education, and so on. This result suggests that
SBTC might have played a more important role than these factors in de-
termining the overall rise in educational attainment during this period.31

However, despite these plausible implications for the long‐run behav-
ior, themodel does not capture the behavior of college enrollment rates in
the short run. In particular, college enrollment rates were stagnant
in the U.S. data in the 1970s (cf. Card and Lemieux 2001), whereas the
model predicts an immediate rise after the onset of SBTC. As we show
in Guvenen and Kuruscu (2007), this counterfactual implication is a

Fig. 12. Large rise in cross‐sectional wage inequality: small rise in lifetime wage inequality
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Thoughts

This is a really nice idea - clear connection between story and data.
The paper tries to do too much with one driving force (SBTC).
The model needs shocks - you can’t talk about inequality without
shocks.
More data could be used for identification of key parameters

I endowment distribution
I curvature of Ben-Porath technology

This is an opportunity to do better:
Needed: a quantitative theory of the wage distribution over
time.
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An alternative view
Much of the literature looks for models of time-varying returns to
experience

I including Guvenen and Kuruscu (2010)

An alternative interpretation: cohort effects and time varying skill
premiums.
A simple model where

I the skill premium depends on the relative supply of skilled
labor (as in Katz and Murphy (1992))

I cohort effects depend on cohort schooling (selection)

fits data on

I cross-sectional returns to experience
I college wage premium (by age)

quite well (Hendricks, 2017)
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