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1 Introduction

Wage inequality has risen considerably in the United States since the 1960s. The long-term increases in
wage differentials by education and experience are widely attributed to rising returns to skill (Bound and
Johnson, 1992; Katz and Murphy, 1992). In addition to these trends, wage inequality within narrowly
defined groups (e.g. by race, education, and age/experience) also rose substantially. Figure 1 reports these

trends for men based on data from the Panel Study of Income Dynamics (PSID) used in this study.!
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Figure 1: Between- and Within-Group Variances of Log Wages

Since the seminal work of Juhn, Murphy, and Pierce (1993), economists have often equated rising
within-group, or residual, inequality with an increase in the returns to ‘unobserved’ ability or skill (see,
e.g., Card and Lemieux, 1996; Katz and Autor, 1999; Acemoglu, 2002; Autor, Katz, and Kearney,
2008). This interpretation, along with the rising returns to ‘observable’ skills (i.e, education, experience),
motivated an enormous and still influential literature on skill-biased technical change (SBTC).? More
recent task-based models of the labor market also explore the influence of automation and globalization
on wage and employment inequality between and within groups by altering the demand for both observed
and unobserved skills (e.g., Autor, Levy, and Murnane, 2003; Acemoglu and Autor, 2011; Acemoglu and
Restrepo, 2022; Acemoglu and Loebbing, 2022).

In an important challenge to the conventional view, Lemieux (2006) demonstrates that the rise in
residual inequality is at least partially explained by an increase in the variance of unmeasured skills

resulting from composition changes in the labor market, especially in the late-1980s and 1990s, as the

Tn obtaining between- and within-group log wage variances, we condition log wages on potential experience, race/ethnicity,
and 7 educational attainment categories, separately by year and college vs. non-college status. See Section 3.1 for details.

2Many early theoretical studies aimed specifically to explain rising residual inequality and returns to unobserved ability/skill
(e.g., Galor and Tsiddon, 1997; Acemoglu, 1999; Caselli, 1999; Galor and Moav, 2000; Violante, 2002).



workforce shifted increasingly to older and more educated workers who exhibit greater within-group
inequality. Lemieux (2006) and Gottschalk and Moffitt (2009) further argue that increasing measurement
error and short-term wage volatility have also contributed to rising residual inequality. The extent to which
the rise in residual inequality reflects an increase in returns to unobserved skills, growing unobserved
skill inequality, or increased wage volatility unrelated to skills is critical to understanding both the
economic causes and welfare consequences of rising inequality. This paper develops a new approach for
disentangling the importance of these distinct economic forces.

Several recent studies have turned to richer data to incorporate additional measures of skills or
occupational tasks, directly estimating their effects on wages at different points in time. Using the 1979
and 1997 Cohorts of the National Longitudinal Surveys of Youth (NLSY), Castex and Dechter (2014)
estimate that the wage returns to cognitive achievement, as measured during adolescence by the Armed
Forces Qualifying Test (AFQT), declined substantially between the late-1980s and late-2000s in the United
States. Deming (2017) confirms this finding but further estimates that the returns to social skills have risen
across these two cohorts.> Among others, Autor, Levy, and Murnane (2003) and Autor and Dorn (2013)
document a decline in demand for middle-skill workers caused by the automation of routine tasks, which
has led to a fall in the wages for workers in many middle-skill relative to low- and high-skill occupations,
dubbed ‘polarization’. Caines, Hoffmann, and Kambourov (2017) instead argue that occupational task
complexity has become a stronger determinant of wages in recent years, more so than routineness.

While efforts to better measure skills and job tasks have enriched our understanding of wage inequality,
much of the cross-sectional variation in wages remains unexplained in these studies. More importantly,
difficult measurement challenges have led to strong (often implicit) assumptions on the evolution of skills
over the lifecycle and across cohorts. For example, Castex and Dechter (2014) and Deming (2017) examine
the effects of pre-market skills on the wages of workers in their late-20s, thereby ignoring early-career
lifecycle skill accumulation that may vary across workers and over time. The vast majority of studies
taking a task-based approach do not use individual-level data on skills or job tasks, implicitly assuming
that worker skills and tasks within each occupation are time-invariant. As a result, these studies attribute
all time variation in wages across occupations to changes in the returns to skills/tasks.*

Studies of long-term changes in residual wage inequality or the returns to unobserved skills largely
rely on repeated samples of cross-section data, making it difficult to distinguish changes in skill returns

from changes in the distributions of skills. As we show, panel data are naturally more useful. Intuitively,

3Edin et al. (2022) estimate relatively stable returns to cognitive skills and rising returns to a measure of teamwork and
leadership skills in Sweden.

4Comparing skill requirements by occupation across editions of the Dictionary of Occupational Titles (DOT) and O*NET,
Cavounidis et al. (2021) and Cortes, Jaimovich, and Siu (2023) document within-occupation changes in the skill/task con-
tent/requirements of jobs in the U.S. Using data with individual-level measures of job tasks, Spitz-Oener (2006) shows that
most task changes in Germany over the 1980s and 1990s occurred within occupations.



if heterogeneity in skills is important, then workers earning a high wage one year should continue, on
average, to earn a high wage many years later (even after the influence of transitory wage shocks has
faded). As such, heterogeneity in unobserved skills implies that differences in wage residuals across
workers should be predictive of long-term future residual differences, with those predicted differences
growing (shrinking) as the returns to skill rise (fall) over time.

Categorizing workers based on their log wage residual quartile in three different base years (b = 1970,
1980, and 1990), Figure 2 reports their average residuals 6-20 years later (i.e., years t = b +6, ..., b + 20).
Consistent with an important role for unobserved skills, those with higher wage residuals in any given
base year also earn more, on average, up to 20 years later.> The strong convergence in average residuals
(conditional on base-year quartiles) over the late-1980s and 1990s indicates that either the persistence
of skill differences across workers fell (e.g., greater skill depreciation at the top of the skill distribution
relative to the bottom) or that the returns to skills declined over this period. This paper shows that the
latter explanation is most consistent with a broad array of evidence: the returns to unobserved skill fell

sharply over the late-1980s and 1990s. By contrast, returns were more stable in earlier and later years.
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Figure 2: Average Predicted Log Wage Residuals by Baseline Residual Quartile

Notes: Each line reflects average log wage residuals in year ¢ conditional on the log wage residual quartile
in a base year 6-20 years earlier. Moving from left to right, the baseline years are 1970, 1980, and 1990.

We show that if unobserved skill growth is uncorrelated with sufficiently lagged skill levels and if
non-skill wage shocks exhibit limited persistence, then a simple instrumental variable (IV) strategy can
be used to estimate growth in skill returns over time. While endogenous skill investments raise concerns

about the skill-growth assumption for young workers, it is much more natural for older workers whose skill

SDifferences in levels across lines for any given quartile are due to differences in base year wage distributions.
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investments are likely to be negligible (Becker, 1964; Ben-Porath, 1967). Indeed, we show that panel data
on cognitive test scores for older men in the Health and Retirement Study (HRS) support this assumption,
as do several other specification tests based on the autocovariance structure for residuals. We also show
that this assumption, along with the assumption of limited persistence in non-skill wage shocks, can be
relaxed; although, estimation then requires a more general moment-based approach that exploits more of
the autocovariance structure for log wage residuals.® Once the returns to skill have been estimated (from,
e.g., older workers), it is straightforward to estimate the distribution of unobserved skills, skill growth,
and non-skill shocks over time. Importantly, there is no need to observe independent measures of skills
or what workers do on their jobs, enabling application of our approach in widely available panel data sets.

Using PSID data on log hourly wages, we estimate the evolution of returns to unobserved skills
for American men from 1970 to 2012. Our main finding is that the returns to unobserved skills were
relatively stable from 1970 to the mid-1980s, then fell considerably through the late-1980s and 1990s,
stabilizing thereafter. The drop in estimated returns reflects the sharp convergence in predicted wage
residuals conditional on earlier differences as documented in Figure 2 and is robust to different estimation
strategies and assumptions about the dynamics of skills and non-skill wage shocks. The decline in skill
returns appears to be slightly stronger for non-college workers, consistent with the recent literature on
polarization (Autor, Levy, and Murnane, 2003; Acemoglu and Autor, 2011; Autor and Dorn, 2013).

The flip side of declining returns is that the variance of unobserved skill has risen substantially since the
early-1980s, driving most of the increase in residual wage inequality.” Consistent with stability of AFQT
distributions among teenagers across NLSY cohorts (Altonji, Bharadwaj, and Lange, 2012), this increase
is not driven by growth in the variance of early-career skill levels across cohorts. Instead, we find that
the growing skill dispersion reflects an increase in the variance of idiosyncratic skill growth innovations,
consistent with the notion of growing economic turbulence studied by Ljungqvist and Sargent (1998). We
find little evidence of heterogeneity in systematic lifecycle skill growth, as studied by Lillard and Weiss
(1979), MaCurdy (1982), Baker and Solon (2003), Guvenen (2009), and Moffitt and Gottschalk (2012).

A growing number of studies highlight differences in pay across firms and/or occupations, as well
as the potential for different trends in the returns to heterogeneous skills (see, e.g., Acemoglu and Autor
(2011), Sanders and Taber (2012), Kline (2024), and Woessmann (2024) for recent reviews). We first show

that heterogeneity in firm-specific pay cannot account for our estimated declines in skill returns. We then

6The voluminous literature on earnings dynamics uses a similar moment-based estimation approach but focuses on a
different set of questions from ours: identifying the changing importance of permanent vs. transitory shocks in earnings and
the resulting implications for consumption and wealth inequality (e.g., Gottschalk and Moffitt, 1994; Blundell and Preston,
1998; Haider, 2001; Moffitt and Gottschalk, 2002; Meghir and Pistaferri, 2004; Bonhomme and Robin, 2010; Heathcote,
Storesletten, and Violante, 2010; Heathcote, Perri, and Violante, 2010; Moffitt and Gottschalk, 2012; Blundell, Graber, and
Mogstad, 2015).

7The widening skill growth distributions within education and experience groups are not accounted for in the composition
adjustments of Lemieux (2006).



extend our analysis to consider occupation-specific wage schedules over a multi-dimensional skill vector.
We show that our IV estimator identifies a weighted-average of returns across different (unobserved) skills
and use occupation-stayers to estimate the evolution of occupation-specific skill returns. Based on the
PSID, we estimate very similar long-run declines in the returns to skills within routine, cognitive, and
social occupations.

Given recent concerns about differences in the dynamics of log earnings residuals between survey
and administrative data (see, e.g., Sabelhaus and Song, 2010), we reproduce key results using earnings
measures from W-2 forms (collected by the the Internal Revenue Service, IRS) linked with several panels
of the Survey of Income and Program Participation (SIPP). This analysis also indicates substantial long-
run declines in average returns to unobserved skills; however, it suggests weaker (though not statistically
different) declines in skill returns within cognitive relative to routine occupations since 1990.

This paper proceeds as follows. Section 2 describes our baseline assumptions used to identify and
estimate the returns to skill over time using panel data on wages, contrasting these assumptions with those
used in prior work (e.g. Juhn, Murphy, and Pierce, 1993; Lemieux, 2006; Castex and Dechter, 2014).
We also test our main assumption on unobserved skill dynamics using cognitive test scores in the HRS.
Section 3 describes the PSID data used for most of our empirical analysis and reports estimated returns
to unobserved skill in the U.S. since the late-1970s. Section 4 discusses identification of unobserved
skill distributions, separately from the distributions of non-skill shocks, and provides estimates of these
distributions over time. We also decompose the variance of skills into contributions from heterogeneity
in initial skills and variation due to idiosyncratic lifecycle skill growth. Section 5 extends our analysis
to account for differences across firms, occupations, and multiple skills. We confirm our PSID-based

empirical findings with administrative data in Section 6 before concluding in Section 7.

2 Identifying and Estimating the Returns to Unobserved Skills

We consider the following specification for log wages motivated by the literature on unobserved skills
(e.g., Juhn, Murphy, and Pierce, 1993; Card and Lemieux, 1994; Chay and Lee, 2000; Lemieux, 2006):

InW;; = fi(xis)+wi; (1)
Wir = M+ &g, 2)

where W, reflects wages for individual i = 1, ..., N in period 7 = ¢, ..., 7, f;(x;,) reflects the time-varying

influence of observed characteristics x;, (e.g. education, race, experience), and w;; is the log wage



“residual” satisfying E[6;|x;] = E[&/|x;] = 0.8 There are two ways to think about 6,: it may reflect
variation in a homogenous skill (produced through schooling and other investments) conditional on
educational attainment (and other factors in x,), or it may reflect an unobserved skill completely distinct
from any skills produced through schooling. Thus, y; could reflect returns to a single skill, with estimated
‘returns’ to schooling over time in f; (x;) capturing returns to that skill as well as differences in the average
amount of skill produced through schooling. Or, u; could reflect returns to a distinct skill not produced
through education. The latter is a more natural interpretation when estimated returns to education follow
a different time path from y;; although, such differences could be explained by changes in how education
produces skills. We take the interpretation of Juhn, Murphy, and Pierce (1993) and most subsequent
studies, treating 6, as its own unique unobserved skill and y;, as the return to that skill.

The residual w;, reflects the contributions of unobserved skill (equivalently, worker productivity)
0, and idiosyncratic non-skill shocks ¢;;, which may include measurement error.” Note that average
unobserved skill growth, which may vary by observable characteristics, is subsumed in changes in
fi(x;).1° Individuals may come from different cohorts (i.e. different years of labor market entry), as
discussed further below. Our analysis focuses on the log wage residual of equation (2) with the aim of
identifying and estimating the returns to unobserved skill u, over time."! We also use the residual w; ; to
identify and estimate the evolution of unobserved skill variation over time.

A few recent studies (e.g., Castex and Dechter, 2014; Deming, 2017) take advantage of skill measure-
ments, or test scores, to aid in identification of the returns to skill. To facilitate discussion of these studies

and to test our own assumptions, consider a (potentially) repeated skill measurement, 7, in period ¢:

Tit=8i(xis) +710i 1 +1is. 3)

8Let z; be a random variable and its realization for individual i be z; ;. Denote its cross-sectional first and second moments
by E[z;], Var(z;), and Cov(z;, z;/).

9Chay and Lee (2000), Card and Lemieux (1994), and Lemieux (2006) consider the same log wage residual decomposition;
however, they assume that the variances of skills within observable groups (e.g. education, experience, race) are time invariant.
Thus, their approaches only account for changes in the overall variance of unobserved skills due to changes in the composition
of workers across observable types. In estimating the importance of these composition changes, Lemieux (2006) ignores any
variation in the transitory component, g; ,; although, he also provides a separate analysis documenting increases in log wage
measurement error over time. Our use of panel data facilitates a more general analysis.

0The assumption of separability between x;; and 6; ; is both common and convenient, though not necessary. One can
condition the analysis that follows on x; ;. Our empirical analysis separately studies non-college and college educated workers.

UEquations (1) and (2) imply wage levels that are non-linear in unobserved skill. As such, variation in g, over time is
inconsistent with perfect substitutability across workers of different skill levels, since this would imply log wages functions
that are additively separable in ‘prices’ and skills. Instead, this non-linearity is consistent with assignment and task-based
models of the labor market (see, e.g., Sattinger, 1993; Costinot and Vogel, 2010; Acemoglu and Autor, 2011). See Lochner,
Park, and Shin (2018) for assumptions on the production technology and distribution of skills and firm productivity that yield
wage functions given by equations (1) and (2) in a standard assignment model.



This specification allows test scores to vary with both observed factors and unobserved skills.’? We
assume that unobserved skills have the same effect on scores for the same test regardless of when the test
is taken (i.e., 7 is time-invariant). We also assume throughout our analysis that test measurement errors
are serially uncorrelated and are uncorrelated with other observed variables x;, unobserved skills 6,, and

non-skill shocks &;.13 It is useful to define test score residuals, T,-J =Tir—8:(xiy) =70; 1 +1is.

2.1 Prior Assumptions in the Literature

We briefly consider the strategies and assumptions previously employed in the literature on skill returns.

2.1.1 Juhn, Murphy, and Pierce (1993)

By equating the increase in residual inequality with an increase in skill returns, y;, Juhn, Murphy, and
Pierce (1993) assume that the cross-sectional distributions of unobserved skills and non-skill shocks
are time-invariant. To “test” this assumption, they compare growth in the variance of residuals when
following cohorts vs. experience groups over the period they examine (1963—-1989). Unfortunately, this
comparison is not very informative about the evolution of skill distributions or returns over time. To see
why, let ¢ reflect a cohort’s year of labor market entry and assume for simplicity that Cov(g;, 8;|c) = 0
and Var(&;|c) = Var(g;) for all t > ¢. Then,

[Var(wt+g|c) — Var(wy|c) ] — [Var(wm»lc + £) — Var(wy|c) ] Var(w,¢|c) — Var(wyye|c + €)

within-cohort within-experience

17y, [Var(8p.clc) = Var(fr.elc + 0],

which equals zero if the variance of skills (in period ¢ + £) does not differ across cohorts.* Notice that
Var(6;.¢|c) = Var(6,4¢|c + €) for all £ > 0 implies that the variance of skills within each period is the
same across all cohorts, but it does not say anything about the evolution of skill variation or returns over
time. As discussed further in Appendix A.l, equal within-cohort and within-experience growth in the
variance of residuals is consistent with growth in skill returns, the variance of skill growth, or the variance

of non-skill wage shocks.?

2Note that g; ,(-) may reflect differential measurement quality across groups or differences in skills across groups (e.g.,
total skills measured by the test may be given by &; ;(x;) + 0,, in which case g; ;(x;) = 7;8; :(x;)).

BSpecifically, we assume that E[n;|x;] = Cov(n;, 0;|x;) = 0 for all ¢, Cov(n;,0;) = Cov(ns, &) = 0 for all ¢,¢’, and
Cov(ns,ney)=0forallr # ¢,

“This would arise if, for example, growth in the variance of skills accumulated via labor market experience was exactly
offset by growth in the variance of initial skills across cohorts.

SEmpirically, Juhn, Murphy, and Pierce (1993) estimate very similar within-experience and within-cohort growth in log
wage variation between 1964 and 1989; yet, their results suggest 20-30% stronger within-cohort (relative to within-experience)



2.1.2 Lemieux (2006)

Assuming that the variance of skills conditional on observed characteristics is time-invariant, Var(6;|x; =
x) = o%(x), VY(t,x), Lemieux (2006) shows that the variance of skills increased over time due to
compositional shifts in the labor market. To estimate changes in returns to unobserved skill over time, he
implicitly ignores time variation in Var(g;) and re-weights Var(w;|x;) each year to account for composition
shifts in x,.1°

Since Lemieux’s assumption is not related to the dynamics of skill, it can be tested using repeated

cross-section data with the same skill measurement over time. To see this, notice that equation (3) implies
Var(T;|x,) = E[Tz2|xt] = 77 Var(,|x,) + Var(n|x,).

Assuming the variance of test score measurement error, Var(7;|x;), does not change over time, time-
invariance of Var(6;|x;) implies that Var(7;|x;) should also be constant over time.

Using data on men with 30-50 years of experience in the 1996-2018 HRS, we test whether the variance
of cognitive memory scores conditional on x; has changed over time by regressing the squared residual of
memory scores on indicators for race, educational attainment, experience, and year.”” If Var(6;|x; = x)
is time-invariant, then the coefficients on year indicators should all be equal. Our results, shown in
Appendix A.2, strongly reject time-invariance for highly experienced men in the HRS, indicating changes

in within-group skill inequality over time.

2.1.3 Castex and Dechter (2014) and Deming (2017)

A few recent studies incorporate direct skill measurements in estimating the returns to (traditionally
unobserved) skills over time (e.g., Castex and Dechter, 2014; Deming, 2017). Regressing log wages of
workers in their late-20s on adolescent skill measures for different cohorts, these studies identify changes
in the effects of adolescent skills on adult earnings (10—15 years later), confounded by any changes in
measurement reliability. Even ignoring idiosyncratic errors in skill measurements, these estimates do not
necessarily identify the evolution of returns to contemporaneous skills, y,, because they are confounded

by any cross-cohort changes in the relationship between adolescent skills and adult skills.

growth in log wage residual variation from 1970 to 1988. These results are, therefore, consistent with stronger growth in
unobserved skill variation over the lifecycle than across cohorts during the 1970s and 1980s, but they say little about changes
in the population-wide distribution of unobserved skill over this period.

b A separate analysis in Lemieux (2006) shows that measurement error in wages increased over time, at least in the widely
used March Current Population Survey (CPS).

"The cognitive memory measure is a combination of immediate and delayed recall with raw scores ranging from 0 to 20.
While the HRS contain other skill measures, they are either discrete (with very few values) or available for limited years. The
memory recall measure we use has a correlation of roughly 0.3 with other cognitive tests focused on math skills, roughly 0.25
with log wages, and 0.07 with log wage residuals. See Appendix F for details on these measures and our HRS data.



In our context, OLS regression of log wage residuals in year ¢ + € on test residuals in year ¢ identifies

,@ , ﬁ) COV(WH{”TI) _ M+t 1+ Cov(Or4e — 6:,6;)
b Var(7;) T Var(6,)

[ 72 Var(6;)
72 Var(6;) + Var(n;) |’

Skill Dynamics Test Reliability Ratio (R;)

where ¢ > 0 reflects the years between wage measurement and the time tests were administered. Under
ideal conditions, this regression identifies returns to skill in any period ¢ + € up to the test score scale:
¢/ 7. Unfortunately, the two terms in brackets complicate identification of skill return growth.

Following a single cohort over time (i.e., varying ¢ for fixed #) will confound systematic heterogeneity
in skill growth with changes in the returns to skill, as reflected in the “Skill Dynamics” term.'® Instead
of following the same cohort over time, Castex and Dechter (2014) compare estimates ,é,,,+g and ,BA[r’l/.,.g
across the NLSY79 and NLSY97 cohorts where t ~ 1980 and ' ~ 1997, respectively. They use the
same cognitive test measure, AFQT, in both periods with wages reported roughly 1015 years after the
tests were administered.’® Comparing across cohorts, the “Skill Dynamics” term may differ due to cohort
differences in the dynamics of skill accumulation between the year tests are taken (¢ and ¢') and the year
wages are measured (¢ + £ and ¢’ + £). If the variance of test score measurement error is time-invariant,
then the “Test Reliability Ratio”, R,, will be the same across cohorts if and only if Var(8,) = Var(6,),
which then implies that the variance of test score residuals should also be the same across cohorts. For
¢ >1, ,BAZIJ/_,_[ / B\,,H_g is unlikely to identify growth in unobserved skill returns, p, +¢/ts+¢, if (i) the process
for unobserved skill dynamics (over the first £ years after tests are measured) differs across cohorts or (ii)
“initial” skill distributions differ across cohorts.?°

Given modest changes in the distribution of AFQT scores across cohorts (Altonji, Bharadwaj, and
Lange, 2012), the “Test Reliability Ratio” term is likely to be very similar across NLSY cohorts. By
contrast, there are good reasons to think that skill dynamics during early-adulthood have changed. For
example, Ashworth et al. (2021) document increases in work experience throughout high school and
college, coupled with a rise in time to college degree for the NLSY97 cohort. Additionally, Appendix B
documents substantial changes across NLSY cohorts in the types of occupational experience accumulated

over ages 17-26. Most notably, experience accumulated in sales positions nearly tripled, while experience

8See Murnane, Willett, and Levy (1995) and Cawley, Heckman, and Vytlacil (2001) for efforts to sort out the rising
importance of schooling vs. cognitive ability for earnings using the NLSY79.

©The NLSY79 (NLSY97) surveyed youth born 1957-1964 (1980-1984) administering a battery of tests to all respondents.
The AFQT tests measure math and reading skills and were administered in 1980 (NLSY79) and 1997 (NLSY97) for most
respondents in the two cohorts. In practice, the Armed Services Vocational Aptitude Battery (ASVAB) underlying the AFQT
was taken via pencil and paper in the NLSY79, while it was administered in computer-adaptive form for the NLSY97.

20Tf wages are observed during the same years skills are measured for both cohorts (i.e., £ = 0), then the “Skill Dynamics"
term equals one, and consistent estimation of growth in skill returns, y, /u,, depends only on time-invariance of the test
reliability across cohorts.



in manager and professional positions increased by 23% and 54%, respectively. Increases in management
and professional experience were particularly strong at the high end of the AFQT distribution, while
increases in sales and service experience were more uniform or concentrated at the low end.

Even ignoring these concerns, Castex and Dechter (2014) are only able to estimate changes in the
returns to skill across two snapshots in time, from the late-1980s to around 2010. These estimates, as well
as similar estimates for AFQT by Deming (2017), suggest that the returns to math and reading skills fell
by roughly half over this 20-year period. Our estimated returns to skill presented below imply a similar
drop, indicating that much of the decline occurred during the late-1980s and 1990s with relative stability
in the 2000s.

This discussion has assumed that the same skill measurement is used for both cohorts; otherwise,
cross-cohort comparisons of ,BAMJ,g and ,ét/,,u,g would also be confounded by differences in the mapping
between skills and their measurement (i.e., differences in 7 across tests). This is an additional challenge
faced by Deming (2017), who aims to estimate changes in the return to social skills across NLSY
cohorts. Unfortunately, he is forced to use different measures of social skills across cohorts, which
means that his results cannot distinguish between differences in the “strength” of those measures vs.
changes in skill returns, even if one is willing to assume that initial social skill distributions and their
accumulation through high school, college, and early work-years remained the same across NLSY cohorts
— a questionable assumption given the aforementioned cross-cohort increases in experience working in

service, professional, and management occupations.?!

2.2 Identification using Panel Data on Wages

Previous efforts to estimate returns to unobserved skills rely on assumptions about the stability of skill
distributions or early skill dynamics across cohorts. Using panel data, we introduce a different approach
based primarily on an assumption about lifecycle skill and wage dynamics. Central to our approach is the
classical idea of Friedman and Kuznets (1954) that earnings consist of a permanent component related
to skills and a transitory component unrelated to skills. Although the transitory component, which may

include measurement error, can be serially correlated, the correlation between transitory components far

2Deming (2017) normalizes his available measures of social skills to have a standard deviation of one in both cohorts
before estimating [?t,Hg and [?t/,tq_f (for social skills); however, this does not eliminate bias coming from differences in T across
measurements. See Appendix A.3 for details. Edin et al. (2022) take advantage of more consistent measures of cognitive
and social/leadership skills across cohorts in Sweden, estimating modest reductions in returns to cognitive skills and increases
in returns to social/leadership skills. While scores need not be re-normalized for each cohort, this analysis still relies on the
assumption that early-career skill dynamics are identical across cohorts, as well as stability in measurement reliability ratios
over time.
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apart in time is likely to be negligible.?? We make the following assumption, which imposes restrictions
on the lifecycle dynamics of skill, the interaction between skills and non-skill shocks, and the persistence

of non-skill shocks.

Assumption 1. For known k > 1 and for all t — 1" > k: (i) Cov(A8,, 0,/) = 0; (i) Cov(Aby, &) = 0; (iii)
Cov(s;, 6y) = 0; and (iv) Cov(e;, &) = 0.

Condition (1) assumes that skill growth is uncorrelated with sufficiently lagged skill levels. This allows
for both permanent and transitory skill innovations. Condition (ii) allows for non-skill shocks to influence
skill growth in the short-term but not in the long-term. For example, family illness or short-term work
disruptions (including transitory firm-level productivity disruptions) may impact skill growth in the same
year or even over the next k — 1 years. Condition (iii) is satisfied if skill levels are uncorrelated with
non-skill shocks k or more years later, while condition (iv) requires that non-skill shocks have limited
persistence (e.g., they may follow an MA(g) process where ¢ < k —1). We discuss all of these conditions
in greater detail below, empirically testing or relaxing those most central to identifying skill returns.

Our analysis assumes a sufficiently long panel with length satisfying 7 — ¢ > k + 1. Let A reflect the

first-difference operator.

Proposition 1. Assumption I implies that for all t —t' > k + 1, the following instrumental variable (IV)

estimator identifies skill return growth rates:

Cov(Aw;, wy) _ Ay

“4)

Cov(w;-1, wy) - Mi-1
Fort —t > k + 1 and normalizing p;+ = 1 for some t* > t + k, all other {1 4k, fiti+1s ..., p7 are identified.

Proof: Forallt —¢ > k,

Cov(wy, wy) = Cov(u0; + &1, 0y + &)

= py Cov(Oy, pr 0y + &) + py Cov(ey, 0y) + Cov(es, &)

= u; Cov(0y, upy Oy + &) [Assum 1(iii)—(iv)]

= Mz COV(G;’+]<_1 + A0[/+k + Agt’+k+] + ...+ AH,,,utrHtr + St')

= pr [ Cov(Op k-1, 0r) + Cov(Opsic—1, &) ] [Assum 1(D)-@iD].  (5)
EQf/

22 Also see Carroll (1992) and Moffitt and Gottschalk (2011), who make similar assumptions ensuring that “long” autoco-
variances for log earnings residuals reflect a permanent component.
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Thus, fort — ¢ > k + 1,
Cov(Aw;, wy) _ Ap €2y _ Ay

Cov(wi—1, wy) - Mr-182y - ,Ut—l'

Proposition 1 shows that Ay, /u,—; can be estimated by regressing Aw;; on w;,_; using sufficiently
lagged w;  as an instrument. This IV approach is intuitive, since wage residuals can be thought of as
‘noisy’ measures of skill levels. To further this line of reasoning, follow the approach of Holtz-Eakin,
Newey, and Rosen (1988), using 6;; = 6;,-1 + A0;, and 6;,1 = (w;;—1 — &i4—1)/Ms~1 to obtain an
expression for Aw;; in terms of w; ;_1:

Ap Hi
—Wi-1 = —Wi—1+|Eir — —E&is-1 +l~ltA9i,z . 6)

Mt-1 Mi—1

Wit—1— Eir-1
M1

Aw;; = [,Ut ( + Aei,t) + &y
This suggests that lagged residuals w;,_1, much like a test score, might serve as a proxy for unobserved
skills. However, w; ;—1 = p;-10; ;-1 +&; ;-1 18 a ‘noisy’ measure of unobserved skill, so it is correlated with
the error &;,_1, as well as g;; if Cov(g;, &-1) # 0. Simply regressing Aw;; on w;,_; would, therefore,
produce a biased estimate of Ay, /u;—1. To address this problem, lagged wage residuals from the distant
past (i.e. any w;  fort’ < t — k — 1) can be used as instrumental variables in 2SLS estimation, since they
are correlated with w;,_; (through unobserved skills) but uncorrelated with &;,_1, €;;, and A6;; (under
Assumption 1).

In general, future wage residuals are not valid instruments in equations (4) or (6), because skill growth
has lasting effects on future skills, generating a correlation between future wage residuals and A6; ;. This
correlation biases the IV estimator (for Ay, /u;-1) and makes it challenging to estimate skill returns during
early sample periods. Appendix C.2 discusses conditions under which different cohorts may be used to
eliminate the bias, enabling estimation of skill returns over the full sample period. Given the lengthy
period covered by many panel data sets and stronger identification requirements for early skill returns, we
focus on identification and estimation for periods ¢ > ¢ + k.

The evolution of returns to skill are also directly related to predicted differences in wages across
workers given any prior differences. Strengthening Assumption 1 to mean independence, E[&,|0,, &, ] =
E[A8,|0y,e] =0 fort —t' > k, implies that

wy — Eley|wy]
My

+E[9t'+k —Qt'lwt/] , for all t > t,+k

Elw/wy¢] = Mt

=W, (wyr)

Because wages are increasing in skills and skills are persistent, workers with a high wage in one period

will also tend to have a high wage in the future, even after the influence of transitory non-skill shocks has
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disappeared.??
More importantly for our purposes, for any given differences in year ¢’ residuals across workers,
long-term differences in expected future residuals, E[w,|w; ], will increase (decrease) over time as the

returns to skill y, increase (decrease):
E[w/|wy = wi] —E[w;|lwy, = wh] = y,(‘P,/(WH) - ‘I’,/(WL)), forallt >t + k. (7)

Thus, the strong convergence in predicted future log wage residuals by prior residual quartiles over the

late 1980s and 1990s shown in Figure 2 indicates a sharp decline in the returns to skill over those years.
In Sections 3.5 and 3.6, we consider generalizations of Assumption 1 that relax conditions (i) and (iv)

on the dynamics of skills and non-skill shocks. Here, we briefly make a few additional observations on

identification of skill returns.

Transitory skill shocks. Proposition 1 also applies if &;; shocks are considered a component of skills,
ie., if wi; = u(0;; + &is).?* Whether transitory shocks are assumed to be related or unrelated to skills
has no effect on identification or IV estimation of the returns to skill under Assumption 1. Conceptually,
it seems natural to think that transitory wage innovations have little to do with skills, so we continue with

residuals as defined in equation (2).

Time-invariant skills. If skills are heterogeneous but time-invariant (i.e., 6; ; = 6; with Cov(g;, 0) =0
for all ), then
Cov(w;, wy) = pyuy Var(9), forall |t —1'| > k. (8)

In this case, Au,/u;—1 could be identified and estimated using the IV estimator in equation (4) with
sufficiently lagged or future log wage residuals (i.e., wy satisfying ¢’ < t—k —1lort' > t+ k) as
instruments. For panel length satisfying # — ¢ > 2k and a single normalization (e.g., px = 1), all
My, ..., 47 would be identified along with Var(#). Comparing IV estimates using past vs. future wage
residuals as instruments, our empirical analysis below provides strong evidence against fixed unobserved

skills over the lifecycle.

Conditioning on observable subgroups. Assumption 1 can be modified so that all conditions (and
results) hold for any observable subgroup, including specific cohort, age, or experience groups. For

example, it is natural to condition on older (or more experienced) workers for whom endogenous human

23This discussion assumes that ¥,/ (w,/) is an increasing function, as observed empirically.
24In this case, Qp = py [Cov(6yr4x-1,0¢) + Cov(Opik—1,81)].
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capital investments are likely to be negligible (Becker, 1964; Ben-Porath, 1967).2> Our empirical analysis

below pays particular attention to experienced workers, estimating returns to skill based on this subgroup.

2.3 Testing our Assumption on Skill Dynamics

Even if endogenous skill investments become negligible as workers approach the end of their careers,
skill growth rates may still be correlated with past skill levels for older workers due to other factors
(e.g., skill depreciation may systematically differ across workers with different skill levels). We examine
this possibility using the same skill measure and sample of men with 30-50 years of experience in the
1996-2018 HRS data used earlier in Section 2.1.2.

We test whether Cov(A36;.2, 6;—¢) = 0 using the following moments:

E [(AoTis2 — 0T)Ti—¢] =0, for £ >k, ©)

where A, reflects the two-period time difference given our use of biennial data from the HRS. (These
moments are consistent with 2SLS regression of AsTyp on T, using T,_; as an instrument.) We test
whether Assumption 1(1) holds for various k values. The first four columns of Table 1 test this assumption
for k = 2 by testing whether o = 0 when using instruments of lags ¢ > 2. Columns 5 and 6 test the
assumption for k = 4 and k = 6, respectively, using only longer lags as instruments. Panel A of Table 1
reports GMM estimates of o using residualized memory recall scores. Although we reject o = 0 at the
5% significance level when instruments of lags £ < 4 are used, the estimated o values are quite small.
For perspective, if skills follow a simple autoregressive process (i.e., 8, = p8,_1 + v, with Cov(6;, vy/) =0
for all #' > t + 1), then ¢ = p? — 1. The reported estimates in columns 1-5 would all imply p values of
0.97-1.02, very close to a random walk. The last column of Table 1 reports an estimated o of 0.018 when
using lags £ = 6, 8. This estimate is not significantly different from zero and suggests that Assumption 1(i)
is satisfied for k = 6. That is, skill growth rates A8, are uncorrelated with skill levels (at least) 6 years
earlier, 6;_¢.

Panel B of Table 1 reports estimates of o when also including lagged log wage residuals, w;,_,, as
additional instruments. In this case, o = 0 implies that both conditions (i) and (ii) of Assumption | are
satisfied for the relevant k. These estimates are nearly identical to those using only lagged memory test

score residuals as instruments in Panel A, indicating that condition (ii) is likely to be satisfied. Altogether,

25 Appealing to Becker (1964) and Ben-Porath (1967), previous studies rely on the assumption of zero skill growth among
older workers to identify the evolution of additively separable (log) skill prices (e.g. Heckman, Lochner, and Taber, 1998;
Bowlus and Robinson, 2012) or the distribution of skill shocks (e.g. Huggett, Ventura, and Yaron, 2011). This assumption is
stronger than needed in our context, where condition (i) of Assumption 1 only rules out persistent unobserved heterogeneity
in skill growth among experienced workers. Heterogeneity in skill growth based on observable characteristics is accounted for
through f; (x;) in obtaining residuals.
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the estimates reported in Table 1 suggest that, for older men at least, conditions (i) and (ii) of Assumption |
are satisfied for k = 6, while violations of those conditions are quite modest for k as small as 2. We
conduct most of our analysis assuming that these conditions are satisfied for k = 6; however, we reach

very similar conclusions when relaxing condition (i) in Section 3.5.

Table 1: GMM estimates of o in equation (9) using (T}g,_g, Wi ;—¢) as instruments

(=2 ¢=2,4 (=246 (=2,4,6,8 (=4,6,8 (=6,8

A. Instruments: T;;_,

Estimated o 0.045*  -0.040* -0.029* -0.031* -0.057* 0.018

(0.020) (0.012) (0.011) (0.010) (0.014) (0.022)

Implied p =+/1+0 1.022 0.980 0.985 0.984 0.971 1.009
B. Instruments: Ti’t_[, Wii—t

Estimated o 0.044*  -0.040* -0.030* -0.031* -0.059* 0.018

(0.019) (0.011) (0.011) (0.010) (0.013) (0.022)

Implied p =+/1+0 1.022 0.980 0.985 0.984 0.970 1.009

Notes: T; are residuals from regressions of word recall on experience, cohort, race, and
education dummies. w, are residuals from year-specific regressions on the same covariates.
Uses 1996-2018 HRS data for men ages 50-70 with 30-50 years of experience. Estimated
via two-step optimal GMM with cluster-robust weighting matrix. * denotes significance at
0.05 level.

3 New Evidence on Returns to Unobserved Skill

Our primary objective is estimation of returns to unobserved skill over time. We mainly exploit data
from the PSID; however, we replicate key results using administrative data on earnings in Section 6. This

section briefly describes the PSID before turning to estimated returns to skill based on these data.

3.1 Panel Study of Income Dynamics (PSID)

The PSID is a longitudinal survey of a representative sample of individuals and families in the U.S.
beginning in 1968. The survey was conducted annually through 1997 and biennially since. We use data
collected from 1971 through 2013. Since earnings were collected for the year prior to each survey, our
analysis studies hourly wages from 1970 to 2012.

Our sample is based on male heads of households from the core (SRC) sample restricted to years
these men were ages 16-64, had potential experience of 1-40 years, reported positive wage and salary

income, had positive hours worked, and were not enrolled as students. Our sample is 92% white with an
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average age of 39 years. Roughly half of our sample completed more than 12 years of schooling, which we
refer to as “college workers”. The wage measure used in our analysis divides annual earnings by annual
hours worked, trimming the top and bottom 1% of all wages within year and college/non-college status by
ten-year experience cells. The resulting sample contains 3,766 men and 44,547 person-year observations
—roughly 12 observations for each individual. See Appendix E for further details.

Our analysis focuses on log wage residuals w;; from equation (1) after controlling for differences
in educational attainment, race, and experience. Specifically, we estimate f;(x;;) by year and college
vs. non-college status from separate linear regressions of log hourly wages on indicators for each year
of potential experience, race/ethnicity, and 7 educational attainment categories, along with interactions

between a cubic in experience and both race and education indicators.

3.2 Underlying Trends

As documented in Figure 1, log wage inequality has increased substantially since 1970, with particularly
strong increases in the early-1980s and after 2000. The evolution of residual inequality closely mirrors
this pattern, explaining a larger share of the total variance than the between-group variance.

Consistent with an important role for unobserved skills, Figure 2 shows that those with higher wage
residuals in any given year also have higher wage residuals, on average, up to 20 years later.2° The sharp
convergence in log wage residuals (across quartiles of earlier residual levels) over the late-1980s and
1990s indicates that the returns to skill fell over that period (see equation (7)), despite modest growth in
residual inequality at the time.

Section 2.2 suggests that long autocovariances in wage residuals offer a more direct way to identify
changes in the returns to unobserved skill. Figure 3(a) reports Cov(wy, w;) fort = b +6, ..., b + 20 with
each line reporting autocovariances for a different ‘base’ year b and 15 subsequent years.?” For example,
the leftmost line beginning in 1976 reflects autocovariances for b = 1970 and values of ¢ ranging from
1976-1990. If systematic differences in unobserved skill growth are negligible and 7 — b is large enough
such that transitory shocks are uncorrelated, then Cov(w, w;) = u,£; (see equation (5)) and following
each line over ¢ is directly informative about the evolution of ;. The sharply declining autocovariances
over the late-1980s and 1990s (regardless of base year) suggest that the returns to unobserved skill fell
substantially over this period, while the more stable autocovariances during earlier and later years are
consistent with more modest changes in returns during those years. As discussed in Section 4, the

upward-shifting lines beginning in the 1980s signal a period of rising skill dispersion. Figure 3(b) reveals

26For comparison, Appendix Figure E-1 shows average log wage residuals for each quartile over time without conditioning
on prior residual levels.

27 Appendix Figure E-2 shows that sample attrition due to non-response or aging/retirement does not affect the autocovariance
patterns documented here.
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very similar autocovariance patterns when restricting the sample to men with 21+ years of experience in

yearst > b +6.%8
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Figure 3: Autocovariances for Log Wage Residuals

As emphasized by the literature on ‘polarization’ in the U.S. labor market (Autor, Levy, and Murnane,
2003; Autor, Katz, and Kearney, 2008; Acemoglu and Autor, 2011; Autor and Dorn, 2013), wage
inequality has evolved differently at the top and bottom of the wage distribution. Figure 4 shows that the
rise in residual inequality over the early-1980s was stronger among non-college workers, before falling
and then quickly stabilizing in the mid-1980s, while it continued to increase among college workers
throughout our sample period. Do these trends reflect differences in the evolution of returns to skill by
educational attainment, as is often assumed? Figure 5 shows that long-autocovariances declined sharply
during the late-1980s and 1990s (given any base year) for both non-college- and college-educated men,
indicating qualitatively similar declines in the returns to skill for both education groups over that period.?®

These autocovariance patterns are central to our empirical approach and drive our main findings.

3.3 2SLS Estimation of Skill Returns

In this subsection, we directly estimate growth rates in the returns to unobserved skill based on the IV
strategy described in Section 2.2. Because our data is only available every other year later in the sample

period, we slightly modify the 2SLS approach based on equation (6) to estimate two-year growth rates,

28 Appendix Figure E-3 shows qualitatively similar, though flatter, autocovariance patterns for less-experienced men.
29 As discussed in Section 4, the larger shift upward of the lines for college men (in Figure 5) implies a stronger increase in
skill dispersion over the latter half of our sample period.
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Figure 4: Variance of Log Wage Residuals by Education

Aoy ] py—2, based on the following:

Ay
Aow;; = (i) Wi +

s He(AO; i1 + AOiy) + iy — i81‘,:—2 . (10)
t_

M2

Under Assumption 1, we can obtain consistent estimates of Ay, /u,—» by estimating equation (10) via
2SLS using lags w;  for ¢’ < t — k — 2 as instrumental variables.

Table 2 reports 2SLS estimates of skill return growth rates using equation (10) for years ¢ covering
1979-1995, assuming that skill return growth rates are constant within two- or three-year periods (i.e.
1979-1980, 1981-1983, ..., 1993-1995). Assuming k = 6, we use (w;;—s, w;;—9) as instruments. Table 3
reports 2SLS estimates for the later years of the PSID (¢ covering 1996-2012) when observations become
biennial.3° In all specifications, the instruments are ‘strong’ with very large first-stage F'-statistics.

Panel A of Tables 2 and 3 reports estimates for the full sample of men in the PSID, while panels B
and C report separate estimates for non-college and college men. Consistent with the autocovariances
reported earlier, nearly all of these estimates are negative, with several statistically significant. Appendix
Tables E-1 and E-2 report analogous results for the subsample of men with 21-40 years of experience (in
year t) for whom we expect systematic heterogeneity in skill growth to be negligible. Figure 6 combines
these estimates to trace out the implied paths for u; from 1979-2012, normalizing p1935 = 1. Altogether,
these results suggest that the returns to unobserved skill declined by roughly half since the mid-1980s,
mirroring the substantial decline in returns to cognitive skills between the NLSY79 and NLSY97 cohorts
estimated by Castex and Dechter (2014).

30Estimates in Table 3 assume two-year return growth rates are constant within each of the periods 1996-2000, 2002-2006,
and 2008-2012, and use (w; -8, w; ;—9) as instruments for 19962000 and (w; ;—s, w; ;—10) thereafter.
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Table 2: 2SLS estimates of Ay, /u;—» for two- or three-year periods, 1979-1995
1979-1980 1981-1983 1984-1986 1987-1989 1990-1992 1993-1995
A. All men
Aoy [ s —2 -0.036 -0.044 -0.046 -0.081* -0.082* -0.067
(0.045) (0.038) (0.038) (0.034) (0.035) (0.035)
Observations 1,349 2,077 2,188 2,245 2,189 2,095
Ist stage F-Statistic 163.09 191.61 114.85 209.42 227.13 286.96
B. Non-college men
Aoty [ 1s—2 -0.075 0.039 -0.035 -0.127* -0.062 -0.057
(0.061) (0.056) (0.060) (0.050) (0.058) (0.054)
Observations 740 1,080 997 965 897 851
Ist stage F-Statistic 81.85 85.23 39.48 98.34 92.27 91.33
C. College men
Aoy [ -2 -0.034 -0.123* -0.030 -0.028 -0.097* -0.074
(0.061) (0.048) (0.049) (0.047) (0.047) (0.046)
Observations 508 884 1,046 1,109 1,107 1,242
Ist stage F-Statistic 100.95 115.03 123.38 97.29 122.42 208.04

Notes: Estimates from 2SLS regression of Aow; ; on w; ;_» using instruments (w; ;—g, Wi r—9).
* denotes significance at 0.05 level.
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Table 3: 2SLS estimates of A,/ u,—; for five-year periods, 1996-2012

1996-2000 2002-2006 2008-2012

A. All men
Aoty [ -2 -0.075% -0.039 -0.050
(0.025) (0.028) (0.027)
Observations 2,122 2,129 1,968
1st stage F'-Statistic 369.09 344.25 341.36

B. Non-college men

Aopte [ s> -0.087* -0.043 0.011
(0.043) (0.047) (0.075)

Observations 862 826 615

1st stage F'-Statistic 121.44 142.56 104.92

C. College men

Aopiy [ a2 -0.070* -0.041 -0.065*
(0.031) (0.034) (0.029)

Observations 1,252 1,293 1,141

Ist stage F'-Statistic 260.47 218.64 229.40

Notes: Estimates from 2SLS regression of Apw; ; on

Wi ;-2 using instruments (w;_g, w;_9) for 19962000 and
(ws_g, wr_10) for 2002-2006 and 2008-2012. * denotes
significance at 0.05 level.
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Figure 6: u; Implied by 2SLS Estimates (u19g5 = 1)

Appendix E.3 shows that GMM estimates analogous to those in Tables 2 and 3 are very similar.3!
More importantly, we test the validity of our lagged instruments (using Hansen J-tests), since the model
is overidentified when using multiple instruments. We cannot reject exogeneity of our instruments at
conventional levels in any year, suggesting that Assumption 1 cannot be rejected (for k = 6). By
contrast, we show that future residuals are invalid instruments (during most time periods), highlighting
the importance of accounting for idiosyncratic variation in lifecycle skill growth.

We have, thus far, used a limited set of lagged residuals as instruments to keep the specifications
similar across years and to allow estimation of skill return growth rates back to 1979. Rather than report
several sets of 2SLS estimates with different instrument sets, we next employ minimum distance (MD)

estimation to take advantage of all long autocovariances available in the data.

3.4 Minimum Distance Estimation of Skill Returns using Long Autocovariances

We now explicitly incorporate cohorts, ¢, into our analysis. Assuming all conditions in Assumption |
hold for each cohort, 1, and €., are identified from long autocovariances as shown in equation (5).
Separately for non-college and college men, we estimate y, and Q¢ for all (z,¢’) satisfying r —t' > 6
for men with 21-40 years of experience in year . Due to small sample sizes of single-year cohorts, we

consider 4 broad cohort groups denoted by C, where each cohort group consists of 10-year labor market

3'The GMM estimates exploit the same moments but use the optimal weighting matrix (allowing for heteroskedasticity and
serial correlation within individuals).
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entry cohorts.3? Table 4 describes these cohort groups, parameters estimated, and autocovariances used
in estimation. Altogether, we exploit 157 covariances and use equally weighted MD to estimate 63
parameters (normalizing uj9gs = 1) separately for non-college and college men. See Appendix D for

further details on our MD estimation.

Table 4: Cohort grouping

Cohort Group C Range Number
Cohort ¢ Year ¢/ Year ¢ Qcr  ur Cov(ws, we|C)
1 1942 1951 1970 1976 1976 1982 7 7 28
2 1952 1961 1976 1986 1982 1992 11 11 66
3 1962 1971 1986 1996 1992 2002 11 8 42
4 1972 1981 1996 2006 2002 2012 6 6 21
Total 35 29 157

Notes: Since y;, is not cohort-specific, the total number of u, parameters does not equal the
sum for each cohort due to overlap in years across cohorts.

Figure 7 reports MD estimates of u,, while Figure 8 reports estimated €¢ -, both separately for
non-college and college men. (Shaded areas in these figures reflect 95% confidence intervals.) Like their
2SLS counterparts, MD estimates of u, indicate substantial declines (roughly 50-70%) in the returns to
skill over the late-1980s and 1990s. This contrasts sharply with the estimated rise in returns during the
late-1970s and early-1980s. While the additional autocovariances used in MD estimation (compared to
2SLS) improve precision, confidence intervals in Figure 7 still admit the possibility that skill returns were
relatively stable prior to 1985. They also suggest that returns fell by at least 40% for non-college men
and 20% for college men. Estimated Q¢ profiles in Figure 8 show a strong upward trend beginning
in the 1980s. Under (mild) additional assumptions, we show in Section 4 that the ¢ trends indicate

substantial growth in the variance of unobserved skills over time for the two most recent cohort groups.

3.5 Relaxing our Assumption on Skill Growth

Our analysis, thus far, has relied on the assumption that skill growth is uncorrelated with sufficiently
lagged skill levels. In this subsection, we consider two alternative specifications for skill dynamics that

violate condition (i) of Assumption 1. To simplify the discussion, it is useful to slightly strengthen

32We estimate Q¢ = uy Cov(byr4k-1,0r|c € C) + Cov(y4k-1, & |c € C) and make no effort to separately identify Q. ,
for each annual entry cohort. Given Assumption 1, this does not impose any assumptions on variation in ., across annual
cohorts even for cohorts ¢ within broader cohort groups C. Requiring that all single-year cohorts in each cohort group have
21-40 years of experience in each year of ¢, we exclude older (1936-1941) and younger (1982-1991) cohorts due to limited
variation 1n 7.
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Figure 7: u, implied by MD estimates using long autocovariances, 21—40 years of experience
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Figure 8: Q¢ implied by MD estimates using long autocovariances, 21-40 years of experience
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conditions (ii) and (iii) of Assumption 1 to Cov(6,, &) = 0 for all ¢, ', while maintaining condition (iv)
(i.e., limited persistence of non-skill shocks). In this case, our IV estimator, using past or future residuals

as instruments, converges to

_ Cov(Aw;, wy) _ Ay u: Cov(Ab,,6,)
B Cov(wi—1,wy) M1 M1 COV(Qt—l,Qt’)’

Vi fort’ —t>kort—t' >k+1, (11)

where Cov(A6;, 0;) # 0 would bias estimates of skill return growth.

3.5.1 Heterogeneity in Lifecycle Skill Growth

We begin by exploring the possibility that unobserved skill growth innovations are correlated over time
as in the heterogeneous income profile (HIP) models estimated in, e.g., Haider (2001), Baker and Solon
(2003), Guvenen (2009), and Moffitt and Gottschalk (2012). We consider a more flexible process

governing this skill growth heterogeneity, assuming
A, = A (ci)o; + Vits (12)

where ¢; is a mean zero individual-specific lifecycle growth rate factor, and the A,(¢) > 0 terms allow
for variation in systematic skill growth across time and cohorts/experience.* This skill process generally

violates condition (i) of Assumption 1 when A,(c) > 0, where the bias for IV estimator ; ,» depends on
Cov(Ab,,0,) = E[Cov(Ab,,0y|c)| = E [A,(c) Cov(8, 0y c) + 1(¢' > 1) Var(v|c)],

the expectation is taken over cohorts, ¢, and 1(-) is the indicator function. This shows that y, »» estimates
will be biased downward only when workers with higher skill growth rates, ¢, have lower skill levels,
0, . This is only likely to be a concern for very young workers for whom initial skills may be negatively
correlated with incentives to acquire new skills. Hence, our focus on experienced workers makes it
unlikely that the estimated declines in skill returns over the late-1980s and 1990s are explained by
systematic lifecycle skill growth heterogeneity.

This model also offers testable predictions related to the year, ¢/, from which we take w, as an

33We assume Var(d|c) > 0, allowing for the possibility that A,(c) = O for all ¢ and ¢ in the absence of heterogeneity in
skill growth. Letting y; reflect the initial skill for an individual entering the labor market, the level of unobserved skill for
individual i from cohort ¢; in year 7 can be written as

l’—C,'—l
O = Wi+ As(ci)0i + Z Vit

J=0

where A;(c) = Z;;g_l A;— j(c) reflects the accumulated influence of skill growth heterogeneity.
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instrument. In the absence of HIP (i.e., 4, = 0 for all 7), IV estimates should not vary with the year
of lagged residuals (satisfying ' < t — k — 1) used as instruments nor with the year of future residuals
(satisfying ¢’ > t+k) used as instruments; although, estimates will be greater when using any future (rather
than any past) residuals as instruments if Var(v,) > 0. By contrast, HIP (i.e., 4, > 0 for all ¢) implies that
IV estimates will generally vary with the year of lagged or future residuals used as instruments.

Tables 5 and 6 report GMM estimates of y;, (using two-year differences) for all non-college and
college men, respectively, using moments E[(Aow; — y; »w;—2)wy | = 0 with different residual leads and
lags, wy, as instruments. We highlight two patterns. First, we cannot reject equality of estimates when
using only lags of  — 8 and ¢ — 12 as instruments (specification 1) or when using only leads of 7 + 6
and ¢ + 10 (specification 2) as instruments. Second, we reject equality of estimates when using lags
(t — 8) and leads (¢ + 6) together as instruments (specification 3). Together, these results provide no
indication of systematic heterogeneity in unobserved skill growth. Absent this heterogeneity, the larger
v:.r estimates obtained when using leads as instruments imply an important role for idiosyncratic skill
growth innovations (i.e., Var(v;) > 0).3* Finally, we note that GMM estimates using only sufficiently
lagged residuals as instruments (specification 1 of Tables 5 and 6) imply u; profiles that are very similar
to those shown in Figure 6.

As discussed earlier, human capital theory (Becker, 1964; Ben-Porath, 1967) predicts that optimal skill
investment and accumulation become negligible as workers approach the end of their careers. Assuming
no systematic unobserved heterogeneity in skill growth among experienced workers (i.e. 4;(c) = 0 for
all workers with at least 21 years of experience), baseline yu, estimates (using only experienced workers)
reported in Figure 7 can be used to scale log wage residuals to estimate

Cov (A (ﬁ) A (W—’) |c) = 1,(c)Ay(c) Var(dlc), fort—t = k+1, (13)

Hi My

for less-experienced workers. Systematic heterogeneity in skill growth at younger ages should be reflected
in systematically positive covariances in scaled-residual growth. Yet, Figure 9 shows that for cohort groups
C € {3,4}, the covariances in equation (13) fluctuate around zero for all ages. Figure 10 further shows
that the distribution of all covariances (for workers with 1-20 years of experience in ¢) is centered around
zero. These covariances strongly suggest that systematic skill growth heterogeneity is negligible early in
the lifecycle for these cohorts. Related results for Cov(A(w;/u;), wy|c) = A;(¢c)uy Cov(8, 6, |c) reported
in Appendix E.4 further support this conclusion.

Altogether, Tables 5 and 6 and Figures 9 and 10 support condition (i) of Assumption 1: skill growth

34Exogeneity tests reported in Section 3.3 and Appendix E.3.2 also suggest that (i) estimated growth in returns does not vary
significantly with the year of (sufficiently) lagged wages and (ii) estimated skill return growth is significantly stronger when
using future rather than lagged residuals as instruments.
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Table 5: Multiple-Equation GMM Estimates: Non-College

(D

Instrument for Each Equation of Ayw; ;:

2) 3)

Wit-8  Wir-12  Wir+6 Wit+10 Wi t-8 Wi,t+6
Coeflicient on w; ;_, for years
1972-1974 0.054 -0.013
(0.057) (0.075)
1975-1977 0.132 0.075
(0.095) (0.078)
1978-1980 0.081 0.107  -0.085 0.170
(0.096) (0.088) (0.054) (0.125)
1981-1983 0.017 -0.057 0.267 0.300* 0.084 0.143
(0.082) (0.096) (0.137) (0.126) (0.082) (0.085)
1984-1986 -0.074  0.001 0.114 0.137 0.032 0.089
(0.059) (0.065) (0.103) (0.093) (0.109) (0.092)
1987-1989 -0.199*  -0.161 0.050 0.026 -0.185 0.010
(0.086) (0.135) (0.090) (0.100) (0.117) (0.071)
1990-1992 -0.069 -0.096 0.029 -0.075 -0.151* -0.045
(0.059) (0.080) (0.084) (0.079) (0.075) (0.078)
1993-1995 -0.076  -0.125 0.139 0.084 -0.057 0.047
(0.063) (0.085) (0.086) (0.128) (0.062) (0.089)
1996-2000 -0.079  -0.053  0.091 0.022  -0.056 0.052
(0.051) (0.056) (0.062) (0.072) (0.048) (0.051)
2002-2006 -0.043 -0.038 0.089 -0.052 -0.022 0.054
(0.058) (0.052) (0.135) (0.171) (0.065) (0.066)
2008-2012 -0.049  -0.038
(0.076) (0.079)
Observations 5,627 6,883 5,093
Wald p-value 0.945 0.756 0.044

Notes: * denotes significance at 0.05 level.
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Table 6: Multiple-Equation GMM Estimates: College

Instrument for Each Equation of Ayw; ;:

(1) 2 (3)

Wit-8 Wit—12 Wi t+6 Wi t+10 Wi -8 Wi t+6

Coeflicient on w; ;_, for years

1972-1974 0.068 0.030
(0.076) (0.075)
1975-1977 0.225%  0.065
(0.091) (0.070)
1978-1980 0.036 0.078 0.016  -0.004
(0.077) (0.075) (0.083) (0.069)
1981-1983 -0.125 0.002 0.156 0.195 -0.128* 0.120
(0.080) (0.096) (0.088) (0.117) (0.061) (0.086)
1984—-1986 0.032 0.158  0.240* 0.422* 0.018 0.174*
(0.066) (0.084) (0.071) (0.112) (0.079) (0.074)
1987-1989 -0.004 -0.069 0.107* 0.106 -0.015 0.023
(0.058) (0.056) (0.046) (0.056) (0.066) (0.067)
1990-1992 -0.033  -0.119* 0.095 0.006  -0.095 0.069
(0.056) (0.058) (0.061) (0.069) (0.054) (0.055)
1993-1995 -0.030 -0.116  0.085 0.070  -0.071 0.069
(0.053) (0.073) (0.051) (0.060) (0.048) (0.051)
19962000 -0.080* -0.044 0.109* 0.087* -0.037 0.094*
(0.035) (0.049) (0.046) (0.040) (0.034) (0.039)
2002-2006 -0.016  0.030 0.155 0.165 0.024 0.048
(0.034) (0.042) (0.084) (0.097) (0.037) (0.040)
2008-2012 -0.069*  -0.030
(0.031) (0.036)
Observations 7,353 9,263 7,069
Wald p-value 0.080 0.354 0.007

Notes: * denotes significance at 0.05 level.
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is not systematically related to past skill levels throughout the careers of men in our sample.

3.5.2 AR(1) skill dynamics

We next consider an alternative model of skill dynamics characterized by a fixed effect, ;, and an AR(1)
component, ¢; ;:
Oir =i+ diy, where ¢ = pidir—1 + Vi (14)

For p; < 1, this specification is consistent with heterogeneous depreciation of skills acquired in the
labor market generating mean-reversion to individual-specific baseline skill levels determined by ;. Our
baseline specification implicitly assumes p; = 1 for all 7.

When p; # 1, the AR(1) skill component violates Assumption 1(i), since skill growth will be
correlated with all past skill levels. With this more general specification for skills, we assume that all
skill components are uncorrelated with non-skill shocks, while maintaining our assumption of limited

persistence in non-skill shocks.

Assumption 2. For all cohorts, c: (i) Cov(¥, ¢;|c) = Oforallt, (ii) Cov(y, & |c) = Cov(dy, &r|c) = 0 for
allt,t’; (iii) Cov(¢y, vy, |¢) = Cov(vy, vy, |¢) = O forallt—t" > 1; (iv) forknown k > 1, Cov(gs, gr|c) =0
forallt -t > k.

We interpret ¢;; as skill, regardless of its persistence; however, it is possible to rewrite the problem
such that skills are time-invariant and non-skill shocks include an autoregressive component (along with

transitory shocks, &;):
Wir = e + s + Eip where @i = pidis-1 + Vi,

letting &, ,
non-skill persistent shocks is not important from a statistical point of view nor for identification of ;.

Widiss Pr = P/ -1, and Vi = pyvi,. This shows that the distinction between skill vs.

Due to the correlation between skill growth and past skill levels, our IV estimator will generally produce
biased estimates for growth rates in skill returns when p, # 1.3> However, we show in Appendix C.3 that
if Var(y) > 0 the evolution of both p, and u, over time can still be identified under Assumption 2 and
other plausible conditions.

Identification breaks down when Var(y) = 0. In this knife-edge case, our IV estimator (using past
residuals as instruments) identifies (o;u; — u;—1) /-1, and it is not generally possible to separate growth

in skill returns from skill convergence without strong assumptions. This raises concerns that estimated

35The IV estimator converges to ;.- in (11), where Cov(A8,, 6,/) = (p; — 1) Cov(¢;, ¢;/). The term Cov(¢,, ¢, ) generally
depends on both 7 and #’. For example, when ¢’ < t — k — 1, Cov(¢y, ¢y) = H;;},H pj Var(¢,). The GMM estimates of
Tables 5 and 6 do not support this dependence of y; ,» on ¢’.
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Figure 9: Cov(A(w,/u;), A(wy /uy)) for Men by Cohort Group

Notes: Figure reports covariances for cohort groups C € {3,4} where each line holds t’ fixed and varies
t>t"+7.
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Figure 10: Distribution of Cov(A(w;/u;), A(wy [uy)) for all (¢,¢’, C) for Low-Experience Men

Notes: Figure reports distribution of covariances based on (t,t") satisfying t > t’ + 7 for cohort groups
C € {3, 4} when some individuals in these cohort groups had less than 21 years of experience in year t

(i.e., t <1991 for C =3 ort < 2001 for C = 4).

declines in skill returns over the late-1980s and 1990s (see Figure 7) could instead reflect particularly
strong skill convergence (i.e., p; < 1) over those years.

Our examination of skill growth using test scores in Section 2.3 suggests that p, = 1 for experienced
workers in the HRS, covering the late-1990s and 2000s. We now use equally weighted MD estimation to
estimate the model with AR(1) skills as defined in equation (14) to account for the possibility that p, < 1
over the longer time period we examine in the PSID. We begin by assuming that p; = p is time-invariant,
but also consider the case in which p; follows a cubic polynomial in time. We estimate p;, y; (normalizing
Hi9gs = 1), Var(v;|c), and Var(y|c) separately for non-college and college men. To improve precision and
facilitate estimation, we assume that Var(y|c) is a cubic polynomial in entry cohort ¢ and that Var(v;|c)
is a cubic time trend multiplied by a quadratic experience trend. Long autocovariances for workers with
at least 21 years of experience are targeted.3¢

Importantly, estimates for Var(y|c) are always positive, with estimates significantly greater than
zero for cohorts at the heart of our sample (see Appendix Figure E-6). This means that it is possible
to separately identify the process for skill dynamics from the returns to skill over time. We find that
unobserved skills (for experienced men) are not mean-reverting, at least over most of the time period we

examine. When assuming time-invariant p, = p, its estimated value is 1.071 (0.001) for non-college men

36Specifically, we target éaf(w,, wy|E;) forall t — ¢ > 6 and ten-year experience groups, E; (21-30 and 31-40 years of
experience in year t). There are 729 targeted autocovariances each for non-college and college men. See Appendix D for
additional details.
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and 1.064 (0.001) for college men. Based on the more general time-varying p; case, Figure 11 shows a
modest increase in p; over the 1980s and early-1990s, falling thereafter. There is no indication that p;
drops over the late-1980s and 1990s, which might explain our sharply falling IV estimated returns to skills
over those years. Indeed, Figure 12 shows that the estimated y; series (for both fixed and time-varying

p;) are very similar to baseline estimates reported in Figure 7.
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038 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ 038 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
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Year Year
(a) Non-College Men (b) College Men

Figure 11: p; implied by MD estimates allowing for time-varying AR(1) skill shocks, 21-40 years of
experience

3.6 Persistent Non-Skill Shocks

Results, thus far, rely on limited persistence in non-skill shocks, ;. Condition (iv) of Assumption 1 is
convenient but not critical to our approach using wage dynamics to understand the evolution of skill returns.
In this subsection, we consider the case in which &; contains an autoregressive process. Specifically, we
assume that

Eir = Qir+E&is, where  ¢;; = pgii—1 + Vig, (15)

and &;; has limited persistence.
With this more general process for non-skill shocks, we strengthen conditions (i)—(iii) of Assumption 1

slightly and maintain our baseline assumption on the limited persistence of transitory non-skill shocks.

Assumption 3. For any cohort ¢, (i) Cov(A6;,0,|c) = 0 for all t — ¢ > 1; (ii) Cov(0;, ¢y|c) =
Cov(0,, vy|c) = Cov(6;, Er|c) =0 forall t,t'; (iii) Cov(py, vi|c) = Cov(vy,velc) =0 forallt —t > 1,
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Figure 12: u; implied by MD estimates allowing for time-varying vs. time-invariant AR(1) skill shocks,
21-40 years of experience

Cov(ey, Er|c) = Cov(vy, Ex|c) = O for all t,t'; and (iv) for known k > 1, Cov(&;, &|c) = 0 for all
t—t' > k.

This assumes that skill growth is uncorrelated with past skills and that the evolution of skills is
unrelated to the process for non-skill shocks; although, the influence of non-skill shocks on wages never
fully disappears. Appendix C.4 establishes identification of skill returns, as well as p and the variance of
initial skills and skill growth, under Assumption 3.37

As in the previous subsection, we turn to equally weighted MD using long residual autocovariances to
estimate this very general specification for wage residuals separately for non-college and college men.38
For k = 6, Figure 13 compares the estimated u; sequence for our baseline specification (g; = &;) vs. the
specification that includes AR(1) non-skill shocks in equation (15). In both cases, the estimated paths for
U, present the familiar pattern of rising returns in the early-1980s, followed by significant declines over the
late-1980s and 1990s. Importantly, the evolution of skill returns is largely unaffected by the introduction
of an autoregressive non-skill component.3°

The literature on earnings dynamics estimates a similar structure for log earnings residuals to that of

37Indeed, we establish identification for ¢; ~ ARMA(1, ¢) as sometimes used in the literature on earnings dynamics.

38Specifically, we estimate y, (normalizing p1985 = 1), Var(A#,|c) (assuming a cubic time trend multiplied by a quadratic
experience trend), p, Var(v¢|c) (assuming a year-specific constant multiplied by a quadratic experience trend), and Var(y|c)
(assuming a cubic polynomial in entry cohort c). We target Cov(w,, w,|E;) forall t — ¢’ > 6 and ten-year experience groups,
E; (1-10...., 3140 years of experience in year t). There are 855 targeted autocovariances each for non-college and college
men. See Appendix D for additional details.

39For both non-college and college men, we estimate p ~ 0.8.

32



2 T T T T 2 T T T T T

— — No AR(1) Component in ¢, (Baseline) — — No AR(1) Component in ¢, (Baseline)
8- e &; Contains AR(1) Component B 8- e &, Contains AR(1) Component B
16+ b 16+ b
14 : B 14r 7
12 1 12r 1
1 ] T R ]
v Wil s T N, "
0.8 3 1 0.8~ 7~ - S8R ]
7 YRV i = ‘\___ ................. e T
06 A o N osl g A
ST
04r 1 04 1
0.2 b 02r b
0 Il Il Il Il Il Il Il Il 0 Il Il Il Il Il Il Il Il
1970 1975 1980 1985 1990 1995 2000 2005 2010 1970 1975 1980 1985 1990 1995 2000 2005 2010
Year Year
(a) Non-College (b) College

Figure 13: Estimated y, with and without an AR(1) non-skill component

this subsection; although, this literature has focused primarily on the relative importance of permanent
vs. transitory shocks while ignoring changes in the returns to unobserved skills.#® Haider (2001) and
Moftitt and Gottschalk (2012) are notable exceptions in that they also estimate the evolution of returns
to unobserved skills using the PSID.# We show in Appendix E.6 that by restricting the autocovariance
structure for non-skill shocks and the distributions of skills (over time and across cohorts), these studies

estimate upward biased growth in skill returns, yu;, over time.

4 SKkill Distributions

We now consider identification and estimation of the variance of skills and non-skill shocks over time.
We further decompose the variance of skills into contributions from heterogeneity in initial skills and
variation due to idiosyncratic lifecycle skill growth.

To facilitate this analysis, we strengthen conditions (1)—(iii) of Assumption | but maintain the limited

persistence of non-skill shocks (Assumption 1(iv)).

Assumption 4. (i) Cov(A8,,60,) =0 forallt—t" > 1; (ii) Cov(6;, &) = 0 for all t,t'; and (iii) for known
k> 1, Cov(es,ep) =0forallt —t > k.

40See, among others, Abowd and Card (1989); Blundell and Preston (1998); Meghir and Pistaferri (2004); Blundell,
Pistaferri, and Preston (2008); Heathcote, Perri, and Violante (2010). See MaCurdy (2007) for a review.

4Other studies exploit different panel data sets on earnings to estimate very similar models to Haider (2001) and Moffitt
and Gottschalk (2012). DeBacker et al. (2013) use U.S. tax return data from 1987 to 2009, while Baker and Solon (2003)
exploit Canadian tax return data from 1976 to 1992.
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The first two conditions imply that skills follow a random walk and are uncorrelated with non-skill
shocks. This attributes all transitory wage innovations to the non-skill component. All three conditions
imply that Cov(w,, wy) = p,uy Var(6,) fort—t’ > k. AsinProposition 1, the IV estimator of equation (4)
can be used to identify uyx, ..., u7 (wWith one normalization). Given skill returns and sufficient panel length,
the variance of unobserved skills, Var(6,) = Cov(w;, wy)/u:ps, can be identified for all but the first and
last k& periods. This variance is generally not identified for earlier periods, because it cannot be separated
from (unidentified) early skill returns — only u,Var(6;) can be identified for the first k& periods. The
unobserved skill variance cannot be identified for later periods, because it is impossible to distinguish
between the roles of unobserved skills and transitory non-skill shocks without observing (distant) future
wages.

Having identified the variance of unobserved skills over time, it is straightforward to then identify
variation in skill growth, Var(A8,) = Var(6,) — Var(6,-1), and the variance of non-skill shocks, Var(g;) =
Var(w,) — u? Var(8,), for all but the first and last k periods. Proposition 3 in Appendix C.1 extends
these identification results to the variances of unobserved skills, skill growth innovations, and non-skill

transitory shocks when these all vary by cohort.

Using future residuals as instruments. As discussed in Section 2.2, future wage residuals are not
generally valid instruments in equations (4) or (6) when skills vary over time. Under Assumption 4, it is

straightforward to show that IV regression using future wage residuals as instruments identifies:

Cov(Aw,,wpr)  Apy  py Var(A6;)

= fort” >t +k. (16)
Cov(wi—1,wyr)  py—1 -1 Var(6;,-1)

Since IV estimates using past residuals consistently estimate Ay, /u;—1, the difference between I'V estimates
obtained using future vs. past residuals as instruments can be used to identify the importance of skill
growth innovations (relative to variation in lagged skill levels).

IV estimates presented in Tables 5 and 6, as well as Appendix E.3, empirically show that using future
rather than lagged residuals as instruments nearly always produces higher estimated returns. Comparing

estimates using future vs. past residuals as instruments, we show in Appendix E.3 that the variance of

Var(A6,_1+A6,)
Var(6;-2)

period. Skills are not fixed and unchanging over the lifecycle.

two-year skill growth relative to prior skill levels, , ranges from 0.16 to 0.29 over our sample

Evolution of skill variation by cohort. Figure 14 reports Var(6,|C) = Q¢ /uy (for older men) ob-
tained from estimates reported in Figures 7 and 8. This figure indicates that unobserved skill heterogeneity
for the 1952—-1961 birth cohorts was largely stable over the late-1970s and early-1980s. However, begin-

ning in the early-1990s, the variance of unobserved skills grew sharply for both non-college and college
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Figure 14: Var(6,|C) = Q¢ /iy implied by MD estimates using long autocovariances, 21-40 years of
experience

men from the 1962—-1971 and 1972-1981 birth cohorts.

Decomposing residual variation. We next explore the extent to which the long-term increase in residual
variation reported in Figure 4 is driven by increasing variability of non-skill wage shocks, Var(g;), vs.
growing dispersion in skills and their returns, Var(u,6;). Given our interest in understanding these trends
for all workers, we focus on our baseline model under Assumption 4, estimated separately by education
(for all ages) using MD estimation. We have already estimated this model in Section 3.6, imposing
mild cohort- and time-based smoothness assumptions on the variance of initial skills and skill growth
innovations. Estimated yu, profiles are shown as red dashed lines in Figure 13. Figure 15 decomposes
Var(w;) into its skill and non-skill components over time. The main trends in residual inequality are
driven by inequality in skills (multiplied by their returns) for both education groups; however, growth in
the variance of non-skill shocks contributes to rising residual inequality in the late-1980s and 1990s for

college men.

Decomposing skill variation. We next examine the extent to which changes in the distribution of initial
skills vs. the distribution of skill growth innovations contribute to the rising skill inequality since the
mid-1980s. Figure 16 decomposes the annual variance of skills into the variance of initial skills, Var(y),
and the variance of skills accumulated since labor market entry, Var(6, — ). This figure reveals modest

declines in initial skill inequality due to long-term secular declines in Var(y|c) across cohorts. The large
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rise in skill inequality is, therefore, driven by a strong increase in the variance of skill growth innovations

beginning in the mid-1980s.
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Figure 16: Skill variance decomposition

Summary. Altogether, our analysis suggests that rising residual inequality in the late-1970s and early-
1980s was driven primarily by increasing returns to unobserved skill for both non-college- and college-

educated men. Residual inequality among non-college men declined slightly in the late-1980s, balancing

36



two strong opposing forces: a sharp decline in skill returns, partially offset by a strong increase in skill
dispersion. Meanwhile, college men continued to experience rising residual inequality throughout our
sample period. As with non-college men, a fall in their return to skill was offset by an increase in skill
inequality; however, this was accompanied by rising variability of non-skill shocks over the late-1980s
and early-1990s. For both education groups, the strong secular increase in skill dispersion beginning in
the 1980s was driven exclusively by increased volatility in skills rather than growing dispersion in skill

levels at labor market entry.

5 Firms, Occupations, and Multiple Unobserved Skills

Thus far, we have focused on a specification for log wage residuals that is broadly consistent with traditional
assignment models of the labor market, in which each worker is assigned to a different job based on a
single-dimensional ranking of worker productivity (Tinbergen, 1956; Sattinger, 1993; Costinot and Vogel,
2010).4? This section begins by incorporating firm-level differences in pay, estimating the evolution of
skill returns using workers who remain on the same job over time. We then explore differences in the
returns to skill across broad occupation classes and consider the interpretation of our IV estimator when
there are multiple skills earning different returns in the market.#* Throughout this analysis, we continue

to account for the fact that skills vary over time for individual workers.

5.1 Firm-Specific Effects

Following Abowd, Kramarz, and Margolis (1999), a growing literature studies the importance of both
worker- and firm-specific wage components. Song et al. (2018) show that, in the U.S., most of the variation
in log earnings residuals is explained by heterogeneity across workers, which also explains most of the
rise in residual dispersion. Both Song et al. (2018) and Bonhomme et al. (2023) further show that the
sorting of workers across firms has become more important over time; however, this sorting still explains
a relatively small share of residual dispersion.

To explore the implications of heterogeneity in pay across firms for our estimated returns to skill, we

incorporate firm fixed effects into our baseline log wage residual specification (assuming a single skill):

Wir = Kj;, + Ui+ €is, 17)

42See Lochner, Park, and Shin (2018) for a specification of production technology and skill and job productivity distributions
in a traditional assignment model that yields equation (2) as the equilibrium log wage function.

43See Sanders and Taber (2012) for a survey of the literature on lifecycle wage dynamics in models with multiple skills and
occupations.
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where j;; denotes the firm individual i works for in year ¢ and «; represent firm fixed effects.** We
invoke the standard “exogenous job mobility” assumption of the literature, assuming that the non-skill
component &;, satisfies E[&|j;, ..., jz] = 0for all .

A version of equation (17), abstracting from time-variation in worker skills and their returns (i.e.,
0;; = 0; and u, = ), is typically estimated using administrative employer-employee matched data, where
employer identities are directly observed and a large number of workers transition between firms.*> Since
the PSID do not contain firm identifiers, we investigate the implications of unobserved firm-specific
heterogeneity by applying our IV estimator to job stayers, for whom firm fixed effects do not change.

Figure 17 reports the path for skill returns implied by our 2SLS estimator for job stayers (roughly
two-thirds of our sample) beginning in 1985.4¢ Notably, the evolution of estimated skill returns are quite
similar to their counterparts for all workers as reported in Figure 6. Appendix E.7 shows that [V estimates
of skill return growth for stayers are likely to be biased towards zero due to unobserved variation in ;.
Using estimated variation in worker- and firm-fixed effects from Song et al. (2018), the appendix argues
that this bias is negligible for college men but that the returns to skill for non-college men fell by as much

as 50% more compared to those reported in Figure 17.

5.2  Occupations

Motivated by task-based models of the labor market in which workers are assigned to a limited set of
different tasks or jobs (Autor, Levy, and Murnane, 2003; Acemoglu and Autor, 2011; Cortes, 2016;
Acemoglu and Restrepo, 2022; Acemoglu and Loebbing, 2022), we next modify our baseline log wage

specification to allow for occupation-specific wage functions with residuals given by

O‘J Ot
Wir =7y, "0+ Ei gy (18)
where o;; denotes the occupation for worker i in year ¢, and we normalize uy = 1 and y; = O for a
single occupation-year pair. Average wages may differ across occupations due to differences in wage

functions (i.e., (y7, u¢)) and in the average skill levels of workers in those occupations, with E[w,|o; =

44 A few recent studies estimate time-varying firm-specific effects (i.e., «; ;). For example, Card, Heining, and Kline (2013)
estimate firm premia separately by subperiods (i.e., rolling-window estimation), while Lachowska et al. (2023) and Engbom,
Moser, and Sauermann (2023) allow firm premia to vary freely over time. Song et al. (2018) show that the dispersion of
estimated firm effects did not change substantially over time in the U.S., providing some support for the common firm fixed
effects specification.

4sBonhomme, Lamadon, and Manresa (2019) include interactions between firm and worker effects in their log wage
specification, effectively allowing skill returns to differ across firm types. Their results suggest that these worker—firm
interactions explain a small share of overall earnings inequality (in Sweden).

461t is difficult to identify employer transitions prior to 1985 (Brown and Light, 1992). As discussed in Appendix E.7, we
identify job stayers based on the most recent start date of the current main job.
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Figure 17: u; Implied by 2SLS for Job Stayers from# —2 to ¢

o] =y + 1y E[0;|o; = o]. For example, management occupations might provide a higher return to skill
and be filled by more-skilled workers relative to low-level clerical occupations. Although assignment and
task-based models generally assign all workers of a given skill level to a single task/job, workers with
identical skills may choose to work in different occupations due to search and information frictions or
heterogeneous preferences for job attributes (e.g., Papageorgiou, 2014; Taber and Vejlin, 2020; Guvenen
et al., 2020; Lise and Postel-Vinay, 2020; Roys and Taber, 2022; Adda and Dustmann, 2023).

Cortes (2016) considers a special case of equation (18), assuming time-invariant skill returns and skill
levels (i.e., uy = u° and 6;, = 6;). We further note that equation (18) generalizes related specifications
used in studies of sectoral or firm differences in pay, which typically assume fixed skills over time.*

Occupation-specific skill returns can be identified by strengthening Assumption 1 to condition on

recent occupation histories.

Assumption 5. For known k > 1 and for all t —t' > k + 1: (i) Cov(Ab;, 0y |04, 04-1,0¢) = 0; (ii)
Cov(Ab;, &rlos, 04-1,0¢) = 0; (iii) Cov(es, 0|04, 00-1,01) = Cov(ei—1,0r]0s,0i-1,0¢) = 0; and (iv)

COV(Sz’ grlos, 0i-1,0p) = COV(St—l ,&rlor, 0i-1,0p) = 0.

Assumption 5 requires that skill dynamics not depend on or influence occupation choices, much
as the literature on firm-specific returns assumes that job changes are exogenous (Abowd, Kramarz, and
Margolis, 1999). This assumption is likely too strong for young workers simultaneously making early skill

investment and career decisions; however, it is more plausible for older workers for whom skill variation

47This specification is broadly consistent with the multi-sector assignment model of Gola (2021), where wage functions
vary with sector (e.g., manufacturing, services) rather than occupation. It is also similar to that of Bonhomme, Lamadon, and
Manresa (2019), who allow y{ and yf to differ across firms instead of occupations, assuming time-invariant worker skills (i.e.,
0;: = 0;). See Section 5.1 for a discussion of firm-specific pay schedules.
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is likely to be idiosyncratic and who face weaker incentives to search for a new occupation in response
to skill or non-skill wage innovations given their shorter career horizon, greater skill specialization, and
stronger (revealed) preferences for current job/occupation amenities (Cavounidis and Lang, 2020).48

As shown in Appendix C.6, u? can be identified for all occupations (in all but the first k years) under

Assumption 5 using the following IV estimator (fort — ¢ > k + 1):

Cov(Aw,, wy|og, 01-1,01) :u;)t - ,U?_[_]l

Cov(wi—1, wrlos, 011, 01) - ,Uffll (19)
Since occupational mobility is low, especially among older workers, we highlight that occupation-specific
growth in skill returns can be identified from occupation stayers (from ¢ — 1 to ) alone.*°

While occupation-specific growth in skill returns can be identified from occupation stayers (from
t — 1 to t), occupation switchers must be incorporated to identify the relative returns to skill across
occupations, u{ / ,uf/ , and the sequence of occupation-specific wage levels, y¢. In addition to Assumption 5,

identification of y{ requires E[A6,|o;, 0,-1] = 0 and E[&;|0;, 0,-1] = E[&/-1|0;, 0,-1] = 0, which imply

luﬂt _IuOt—l 'uo,

t -1 _

E[Aw;|os, 001] = | ——=— | Elwi-tlon, 0011 = 7" = =71
t—1 t—1

Given small sample sizes for many occupation sequences (o;,0;-1,0y), we rely on the stronger as-
sumptions E[A8,|o;, 0;-1,04] = 0 and E[&|oy, 04-1, 0¢] = E[&;-1|04, 041, 0] = 0, which allows us to

condition only on (o;, 0;-1) in estimation of y{ and y;. See Appendix C.6.

5.2.1 2SLS Estimation of Skill Return Growth for Occupation-Stayers

We use the PSID to estimate growth in skill returns for occupation-stayers in two broad and exclusive
occupation groups (cognitive and routine occupations) considered by Cortes (2016).5° We also estimate
skill returns for those who remain in occupations with high social skill requirements, based on the measure
of social skill intensity considered by Deming (2017).5! As Deming (2017) notes, there is considerable
overlap between cognitive occupations and social occupations — in our sample, 59% of worker-year

observations in cognitive occupations are also in social occupations and 76% of observations in social

48Gathmann and Schonberg (2010) show that older workers make fewer occupational changes and that those changes entail
smaller changes in occupational task content. Gervais et al. (2016) document declining occupational mobility over the lifecycle.

4% Assumption 5 implies that estimated return growth for stayers in occupation o; = 0;—; = o should not depend on earlier
occupation (0,). Results reported in Appendix E.8 confirm this prediction.

50Cortes (2016) also considers manual occupations, but our sample contains too few observations to obtain precise results
for its associated wage parameters. Appendix E.8 provides details on occupation classifications in the PSID.

S'We define social occupations as those that fall in the top third of the social skill intensity distribution in the pooled sample
of worker-year observations. See Appendix E.8.
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Figure 18: u7/u{yes implied by 2SLS estimates for cognitive, routine, and social occupation-stayers
between t — 2 and ¢

occupations are also in cognitive occupations.
As with equation (10) earlier, we use 2SLS (with lagged residuals as instruments) to estimate two-year

growth rates in occupation-specific skill returns based on

’uo,-,, 'u0i,z _ #Oi,t—z Oit

0i¢ t 0,12 4 t=2 0i¢

Powir =Y " = |z [V | |7 | W2+ | &ix — | o5 | Eie—2 + 1, " A2Bis |, (20)
-1 Hio )

=&iy

estimated separately for stayers with 0;; = 0; ;-2 = o for cognitive, routine, or social occupation groups.>2

Figure 18 reports implied skill returns (relative to p{y.5) for all men who remain in cognitive, routine,
or social occupations. Panel (a) reports estimates based on workers of all experience levels, while
panel (b) reports estimates based on those with 21-40 years of experience. In both panels, we obtain
similar estimated return profiles for job stayers regardless of their occupation type, indicating strong
declines in the returns to skill in cognitive, routine, and social occupations. The estimated return profiles

also accord well with those estimated earlier for the full sample.

52We use (w;_g, W;—9) as instruments when both are available (in early survey years); otherwise, we use (w;_g, w;_10) as
instruments. Our use of two-year differences relies on the natural modification of all assumptions to condition on (0;, 0;—-7, 047).
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5.2.2 GMM Estimation of y; and u; for Cognitive and Routine Occupations

In order to estimate differences in the levels of skill returns across occupations and occupation-specific
average wage differences, we must also exploit occupational switchers. We use GMM to simultaneously
estimate 7y and y/, now including all occupation stayers and switchers in our sample. Based on
equation (20), we exploit the following moments in the PSID: E[&;|0;, 0,—2] = 0and E[w, &0, 0,-2] = 0,
where we use lagged residuals w, from periods t — 8 and r — 9 (or ¢ — 10 in later years) as instruments.
See Appendix E.8 for details.

Given the substantial overlap between cognitive and social occupations (and similar skill return
profiles in Figure 18), we focus this analysis on the two mutually exclusive categories from Cortes (2016):
cognitive and routine occupations. Here, we normalize uf = 1 and y; = 1 for routine occupations
in 1985; however, no normalizations are needed for cognitive occupations. Figure 19(a) shows that
estimated u{ series both exhibit substantial declines over time, similar to the 2SLS estimates in Figure 18
and earlier estimates based on the full sample. We cannot reject that the two skill return series are equal
using a standard J-test (p-value = 0.13). Despite sharp drops in the returns to skill in both occupations,
Figure 19(b) shows sizeable increases in y;y — nearly 0.20 in cognitive occupations and about 0.12 in
routine occupations. Appendix Figure E-12 shows similar time patterns for u7 and y; when using only

workers with 21-40 years of experience in year ¢.
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Figure 19: GMM estimates of uf and y; for cognitive and routine occupations

Using the estimates reported in Figure 19 and average log wage residuals by occupation, we can
estimate the evolution of average skills by occupation over time from E[6,|o,] = (E[w;|o/] = ¥;") /"

Figure 20 shows the evolution of average log wage residuals and average skills for cognitive and routine
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workers. During our sample period, average log wage residuals rose by about 0.05 for workers in cognitive
occupations, while they fell by a similar amount in routine occupations. Together with estimated yf and
v7, these imply little long-term change in the average unobserved skills of workers in cognitive occupations
but roughly 20 log point declines in the average unobserved skills of workers in routine jobs. Notably,

these represent skill changes conditional on worker education and experience levels.
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Figure 20: Average log wage residual and skill for cognitive and routine occupations

Appendix Figure E-11 shows that failing to account for changes in the returns to skill over time (i.e.,
assuming u? = p° for all ¢ as in Cortes (2016)) yields estimates that exhibit little long-term change in yy
or average skills, E[6;|o,], in both cognitive and routine occupations. Thus, accounting for the estimated

declines in skill returns has important implications for trends in occupation-specific skill levels.

5.3 Multiple Unobserved SKkills

A growing literature emphasizes the multi-dimensional nature of skills, suggesting that the returns to
some types of skills have risen while returns to others have fallen (Castex and Dechter, 2014; Deming,
2017; Edin et al., 2022). Motivated by these studies, we now consider wage functions that depend on
multiple unobserved skills, denoted by 6; ;, for j =1, ..., J:

J
Wi = Z Hji0ijr+ Eir, (21
j=1
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where u; ; reflects the market-level value of skill j in year ¢.53
We now make use of a multi-dimensional version of Assumption 4 to show that our IV estimator
identifies a weighted-average growth rate across all skill returns. Specifically, we assume that growth in

each type of skill is uncorrelated with all past skill levels.>*

Assumption 6. (i) Cov(A8;;,0,: ) =0 forall j,j', andt —t" > 1; (ii) Cov(6;,,&+) = 0 forall j,t,t';
and (iii) Cov(gs, ep) =0 forallt —t' > k.

This assumption implies:
J J
Cov(Aw;, wy) ZZ Mgy Cov(B,,0,00), fort—1 > k+1, (22)
j=1 j'=1

where we highlight that the Cov(6,,/, 6, /) are within-period covariances across skills. Equation (22)
shows that when all (within-period) correlations between skills are non-negative, a positive (negative)
Cov(Aw;,wy) for t —t" > k + 1 implies that total returns y;, are increasing (decreasing) for at least
one skill. Thus, Figures 3 and 5 suggest that the returns to at least one skill declined sharply over the
late-1980s and 1990s. Consistent with this conclusion, Castex and Dechter (2014) and Deming (2017)
estimate strong declines in returns to cognitive skill over this period.

As the next result shows, our IV estimator provides a useful summary measure of skill return growth

when there are many skills whose returns grow at different rates. For this result, it is useful to define
_ J
0:r = 2. )b the total value of a worker’s skill vector in period .
j=1
Proposition 2. If Assumption 6 holds, then for allt —t' > k + 1 the IV estimator identifies a weighted-

average growth rate across all skill returns:

J
COV(AWt, W) Apji
E , 23
COV(Wt 1, W) ; Wit Hjr-1 23)

_ J _
with weights for j = 1,...,J given by wjy ;-1 = Cov(0;,00) i1/ 2 Cov(Oj v, 0p)pijrs—1. If
j=1
Cov(0,,,0, ) = 0,V], ), then the weights w; ;-1 € [0, 1] for all j.

53Multi-dimensional assignment and search/matching models of the labor market can give rise to equilibrium log wage
functions of the form in equation (21) (e.g. Lindenlaub, 2017; Lise and Postel-Vinay, 2020; Lindenlaub and Postel-Vinay,
2023). These models can also yield more general log wage functions of the entire skill vector, in which case equation (21) can
be thought of as a linear approximation. Equation (21) is reminiscent of wage (rather than log wage) functions in Heckman
and Scheinkman (1987) when worker characteristics can be “unbundled”.

54 A weaker assumption analogous to Assumption 1 (generalized to account for multiple skills) will also ensure that the IV
estimator identifies a weighted-average growth in returns. We impose the stronger conditions based on Assumption 4 here to
facilitate interpretation of the weights.
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When there are multiple skills, our IV estimator identifies the weighted-average growth rate across all
skill returns, where the weights, w;  ;—1, are larger for skills that are strongly related to wages (in ) and
which have a high return (in # — 1).°5

The multi-skill problem effectively reduces to the single-skill problem when the relative productivity
of different skills is time-invariant: w;,/ui, = p; for all j and ¢. As such, the IV estimator identifies

growth rates for all skill returns during periods with fixed relative skill valuations.

Occupations as bundles of skills. A simple view of occupations, consistent with multi-dimensional
assignment models (e.g., Lindenlaub, 2017; Lindenlaub and Postel-Vinay, 2023), is that they represent

different combinations of skill-intensities, a/;? ;» leading to different wages by occupation:

Wit =

J
04,
Hja') Oi s + €y (24)

j=1
The returns to skill j in occupation o in year ¢, ,a;?’t =u j,t“;),z’ depend on the market-level value for that
skill, u; ;, and the occupation-specific skill intensity factor, O‘?,z'

Conditioning all covariances in Assumption 6 on occupation sequence (0; = 0,-1, 0y ), the IV estimator
applied to stayers in occupation o (from ¢ — 1 to ¢) recovers a weighted average of skill-specific return
growth, Aﬁ;?,t / ﬁ;?’ i1 = (Aujay +u j,,_lAa]”.J) / ﬂ;?,t_l, in occupation o, where the returns to skills that
are more important for wages in occupation o receive more weight.>¢ Notice that stability of occupation
skill intensities (i.e., a;?,t = oz;?), as assumed by much of the literature (e.g., Autor and Dorn, 2013;
Acemoglu and Autor, 2011; Béhm, 2020; Bo6hm, von Gaudecker, and Schran, 2024), would imply that
IV estimates using stayers in occupation o identify weighted averages of Au;;/u;,—1, where the weights
continue to depend on occupation o (e.g., IV estimates based on stayers in sales- or communication-based
occupations will largely reflect growth in the returns to social skills, while IV estimates based on stayers
in manufacturing jobs will primarily reflect growth in returns to manual skills). Altogether, IV estimators
applied to a diverse set of occupations will yield different skill return trends if either (i) relative skill
intensities evolve differently across occupations or (ii) returns to various skills evolve differently over
time. The similarity of IV estimated return series across occupation groups reported in Figure 18 are,
therefore, consistent with relatively stable occupation skill intensities and similar declines in the returns

to a broad range of skills.>”

55 Appendix C.7 further shows that the weights are proportional to the extent to which total productivity in period ¢’ predicts
the rewards from skill j in period ¢ — 1. Proposition 4 in Appendix C.7 shows that the IV estimator also reflects growth in a
weighted-average measure of skill returns.

56See Appendix C.7 for details on all results in this subsection.

S7TA few recent studies document within-occupation changes in the skill/task content/requirements of jobs (Spitz-Oener,
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Finally, we explore estimated returns for college vs. non-college men using a sample of all occupation-
stayers (from ¢ — 1 to ¢), regardless of occupation. For stable within-occupation skill intensities, this
identifies a weighted average of Au;,/u; -1 where the weights depend on the share of stayers in each
occupation o. Figure 21 displays the implied skill return profiles (by education) for all 3-digit occupation
stayers. Both estimated return series are very similar to our baseline estimates for the full sample reported

in Figure 6.

5.4 Occupation-Specific Wage Functions with Multiple Skills

Several studies consider a more substantial role for occupations in multi-skill models of the labor market
(see, e.g., Gathmann and Schonberg, 2010; Yamaguchi, 2012, 2018; Béhm, 2020; Guvenen et al., 2020;
Roys and Taber, 2022; Bohm, von Gaudecker, and Schran, 2024).58¢ Motivated by this literature, we
interpret our I'V estimator when wages depend on multiple unobserved skills that are rewarded differently

across occupations:
J

Oi.t Oit Ojrt
Wir =7y, + Z My O+ Eig (25)
Jj=1

2006; Cavounidis et al., 2021; Cortes, Jaimovich, and Siu, 2023). Given the inherent challenges of such efforts, some of these
documented changes may reflect changes in the skill levels of workers within occupations over time rather than changes in
the actual tasks performed by workers. A separate challenge is that workers may perform different mixes of tasks within the
same occupation (Autor and Handel, 2013; Spitz-Oener, 2006). In our analysis, any such differences would be interpreted as
variation in worker skill bundles.

58The canonical Roy model (Roy, 1951) is a special case in which there are an equal number of occupations and skills with
each skill rewarded only in its “own” sector. See Heckman and Sedlacek (1985), Keane and Wolpin (1997), and Kambourov
and Manovskii (2009) for important empirical applications of this framework to occupational choice and wages.
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In this case, occupation- and skill-specific returns, ﬂ;? = ufaf , arise when occupations reward a worker’s
total productivity differently, where total productivity depends on the intensity of each skill used in that
occupation.®® We focus on estimating growth in occupation-specific returns to skills, uf; however, wage
levels may also differ across occupations and over time, y;, due to, for example, compensating differences
or market frictions. Estimating changes in 7 is challenging with multiple skills, so we leave that to future
work.

Conditioning covariances in Assumption 6 on occupation sequence (0; = 0,-1, 0y), it is straightfor-
ward to show that for occupation-stayers, our IV estimator identifies:

o J 0

Cov(Aw,, wylo; = 0,21 = 0,0y =0") A,u, Z
COV(Wt—lth/|0t =0¢-1 =0,0p = 0/) #?_1 l’tt 1 ] t -1

(26)

0 9
jtl

where the weights on skill intensity growth, &° sum to one and are non-negative if all skills are

z' -1’
non-negatively correlated conditional on occupzftlons (0,0"). See Appendix C.8 for details.

If skill intensities do not vary over time within occupations (i.e., a;?’ = ajo. ), then our IV estimator for
stayers identifies occupation-specific skill return growth, Au? /u? |, as in Section 5.2.5° More generally,
the IV estimator for stayers in occupation o also reflects any growth in skill intensities within that
occupation. If log wage residuals are characterized by equation (25), the results in Figure 18 are consistent
with similar growth in all skill intensities within manual, routine, and social occupations, coupled with

similar declines in the returns to these skills within these occupations.

6 Returns Estimated from Administrative Earnings Data

Previous studies have documented different trends in income volatility when using administrative data
rather than the PSID (see, e.g., Sabelhaus and Song, 2010; DeBacker et al., 2013).* We show in this
section that estimated patterns for skill returns are similar to those already presented when using earnings
records from IRS W-2 Forms (maintained by the Social Security Administration, SSA) linked with survey
data from the SIPP. These data include the full SSA history of wage and salary measures for all linked
respondents from 1951 to 2011.

Our analysis begins with a sample of US-born white men ages 16—-64 who could be linked to any of

nine SIPP panels (i.e., panels from 1984-2008). We work with log wage residuals constructed as with

S9Equation (25) is analogous to wage functions in the skill-weights model of Lazear (2009); although, w, reflects log wage
(residuals) here rather than wages as in Lazear (2009).

60 Appendix C.8 discusses our IV estimator applied to the sample of stayers in occupation o; = 0,1 = 0, regardless of past
occupation o/, as well as for all stayers in any occupation o; = 0;_1.

6lSee Moffitt et al. (2022) for a useful effort to reconcile disparate findings across data sources.
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the PSID and restrict observations to years when individuals were no longer enrolled in school. We focus
mainly on results using Detailed Earnings Records (DER), which are uncapped and available from 1978
onward; however, we also take advantage of Summary Earnings Records (SER) available since 1951,
which report earnings capped at the FICA taxable maximum. See Appendix G for a detailed discussion
of these data and our sample. We highlight Appendix Figures G-2 and G-3, which show very similar
patterns to Figures 2 and 5 regarding convergence in predicted wage residuals given base-year residual
quartiles and sharp declines in residual autocovariances Cov(w;,, wj) over years t > b + 6 for fixed base
year b. Together, these indicate declines in the return to skills over the late-1980s and 1990s, consistent
with our PSID results.

We use our IV estimator in equation (4) to estimate growth rates for skill returns using w;_7 as an
instrument (consistent with k = 6). Since sample sizes are much larger than in the PSID, we limit
our sample to men with 32-40 years of experience to focus on years when wage growth is generally
negligible, yet before most men begin retiring.%? Figure 22 reports the implied 1984-2011 time series
for u; (normalizing p1935 = 1) when using only DER-based residual earnings. To identify u, over earlier
years, we combine DER- and SER-based residuals, using the latter only as lagged instruments. Both sets

of estimates are very similar to analogous PSID-based estimates reported in Figure 6.93
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Figure 22: u, Implied by IV Estimates (instrument: w;_7), Experience 32—40 in ¢ (SIPP/W-2)

62Preliminary results were similar for broader experience ranges like those used in the PSID.
63See Appendix Tables G-2 and G-3 for the estimates, standard errors, and sample sizes when using the SER and DER
earnings residuals as instruments.
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Occupational stayers. We next explore growth in skill returns for occupation-stayers as in Section 5.
Here, we must limit our sample to those observed in one of the SIPP panels during years r — 1 and ¢,
since only the survey data contains occupation information. We estimate skill return growth for (i) those
remaining in the same occupation, (ii) those remaining in a cognitive occupation, and (iii) those remaining
in a routine occupation during years ¢ — 1 and 7.4 Given the timing of SIPP panels and sample sizes, we
estimate annual skill return growth rates for two separate periods: 1991-1999 and 2002-2011. Table 7
reports these I'V results using w;_7 as instruments, again focusing on men with 32—40 years of experience.
The first two columns suggest that skill returns fell by about 2% per year over the 1990s and 2000s,
consistent with earlier estimates. The remaining columns suggest that skill returns were fairly stable for
cognitive occupations but declined by 3.7-4.9% per year for routine occupations. While we cannot reject
equality of skill return growth rates (within periods) across the two occupation groups,®’ stronger declines

in routine occupations could be driven by routine-biased technical change (Autor and Dorn, 2013).

Table 7: 2SLS estimates of Ay, /u;—1 for occupational stayers with Experience 32—40 in ¢t (SIPP/W-2)

Same occupation Cognitive occupations Routine occupations
1991-1999 2002-2011 1991-1999 2002-2011 1991-1999 2002-2011
Apte/pe-y -0.021 -0.017 -0.013 0.009 -0.049* -0.037*
(0.013) (0.011) (0.021) (0.016) (0.023) (0.018)
Observations 8,400 11,000 2,900 4,400 5,200 6,100

Notes: Reports coefficient estimates from 2SLS regression of Aw, on w,_; using w;_7 as an
instrument. * denotes significance at 0.05 level. The number of observations is rounded to the
nearest 100 due to confidentiality requirements.

7 Conclusions

Economists have devoted considerable effort to understand the underlying causes of rising residual wage
inequality over the past few decades. Most studies have relied on repeated cross-sectional data on wages
with a few recent studies incorporating additional measures of worker skills or job tasks. While these
efforts have yielded important insights and motivated robust theoretical literatures, they typically assume
that distributions of skills or early-career skill growth have remained stable across cohorts born decades

apart.

64Qccupations are based on 24 categories created by the Census Bureau. As with the PSID, we consider routine and
cognitive occupation groupings. See Appendix G for details.

65The difference in return growth across occupation groups is 0.036 (SE=0.031) for 1991-1999 and 0.046 (SE=0.024) for
2002-2011.
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This paper takes a very different approach, demonstrating that traditional panel data sets can be used
to separately identify changes in the returns to unobserved skill from changes in the distributions of
unobserved skill and in the distribution of transitory non-skill shocks. Based on transparent identifying
assumptions, we show that a simple IV strategy (that exploits panel date on log wage residuals) can be
used to estimate the returns to unobserved skill over time. We test and cannot reject key assumptions,
further showing that our main conclusions are robust to relaxing most assumptions. Once skill returns
have been identified, it is straightforward to identify and estimate the evolution of skill (and skill growth)
distributions as well as distributions of transitory non-skill shocks. Importantly, none of this requires
measures of the tasks workers perform nor direct measures of worker skill levels; although, future work
could incorporate such measures (when available) within our framework to relax various assumptions,
improve the precision of estimates, and/or identify the full complement of task- or skill-specific returns.

Using survey data on wages from the PSID and administrative earnings records from W2 forms,
we show that skill returns for American men were fairly stable or increasing in the 1970s and early-
1980s, but then fell sharply over the late-1980s and 1990s (especially among non-college men) before
stabilizing again. The decline in returns was offset by a strong increase in the variance of unobserved skills
beginning in the early-1980s, driven by rising skill volatility (rather than changes in the dispersion of skills
at labor market entry). We also estimate a moderate increase in the variance of transitory non-skill wage
innovations during the late-1980s and 1990s for college-educated men, contributing to growth in their
residual inequality over that period. These conclusions stand in stark contrast to prevailing views, which
attribute rising residual inequality primarily to rising skill returns, despite recent evidence by Castex and
Dechter (2014) suggesting that the returns to cognitive skill fell by half between the late-1980s and 2010
(consistent with our estimated declines in skill returns).

Given growing interest in the importance of tasks, occupations, and the multiplicity of skills for
recent trends in wage inequality, we extend our analysis to account for heterogeneous pricing of multiple
unobserved skills across occupations. Our analysis of PSID data indicates that skill returns fell similarly
for men working in routine, cognitive, and social occupations. This finding is consistent with similar
changes (or stability) in the skill-intensities of these occupation types, coupled with similar declines in the
returns to heterogeneous skills used within those occupations. We find that the substantial decline in log
wage residuals among workers in routine relative to cognitive occupations can be attributed to (1) weaker
growth in wages paid to similarly skilled workers in routine relative to cognitive occupations, and (ii)
substantial (unobserved) skill declines among workers in routine relative to cognitive jobs. Our estimates
based on administrative W2 earnings records suggest that the returns to skill may have fallen more for
workers in routine relative to cognitive occupations; however, we cannot reject that the declines in returns
were equal (as estimated in the PSID). Whether skill and wage levels (as suggested by the PSID) or the

returns to skill (as suggested by W2 records) fell more strongly within routine occupations, our findings
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are broadly consistent with some form of routine-biased technical change (Autor and Dorn, 2013).

All of our conclusions derive directly from the time patterns for long-autocovariances for log wage
residuals, notably the sharp declines over the late-1980s and 1990s (see Figures 3 and 5). These drops are
broad-based, evident for young and old, non-college and college workers. They are equally pronounced for
firm- and occupation-stayers, suggesting that they are not simply explained by shifts in firm/occupation
structure or by changes in firm/occupational switching (see, e.g., Kambourov and Manovskii, 2008).
Viewed through the lens of the canonical wage function for unobserved skills introduced by Juhn,
Murphy, and Pierce (1993), it is difficult to reconcile these robust trends with rising returns to unobserved
skill, as is so often done. While we do not attempt to explain why unobserved skill returns fell over a
period when returns to education rose,®® we hope that our findings spur new thinking on this issue.

Equally important, our results suggest that more attention be devoted to understanding the dramatic
increase in unobserved skill volatility. This may simply reflect a different type of technological change
— one characterized by the frequent introduction of new tasks that displace others (e.g., Andolfatto and
Smith, 2001; Acemoglu and Restrepo, 2018). Defining workers’ skill levels by the most productive task(s)
they can perform, this type of technological change would generate growing volatility in skills over the
lifecycle (or economic turbulence as in Ljungqvist and Sargent (1998)), which could, in turn, reduce skill
returns (see, e.g., Lochner, Park, and Shin, 2018). Growing knowledge/task specialization in the workforce
is likely to further exacerbate these forces. An alternative explanation may be that more able workers are
simply more capable of learning and adapting to new tasks (Nelson and Phelps, 1966), which would imply
greater variation in lifecycle wage growth during periods of rapid innovation.®” Finally, if firms possess
imperfect information about workers’ skills, our estimated “skill distributions” would instead reflect the
distributions of beliefs about worker skills. Thus, our estimates may also reflect changes in firms’ abilities
to identify (and reward) workers’ skill levels over their careers (e.g., see Lemieux, MacLeod, and Parent,
2009; Jovanovic, 2014).

66Results in Juhn, Murphy, and Pierce (1993) raised an alternative challenge: why did the returns to unobserved skills
(apparently) rise while the returns to education fell in the late-1970s.

67See Section 3.2 of Hornstein, Krusell, and Violante (2005) for a survey of theory and evidence on this view of technological
change and skills.
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