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We present new estimates of earnings volatility over time and the life
cycle for men andwomen by race and human capital, using Social Se-
curity earnings linked to the Current Population Survey. From the
late 1970s to themid-1990s, there is a strongnegative trend in earnings
volatility driven by a decline in transitory variance. From the mid-
1990s, there is relative stability in trends of male earnings volatility
due to an increase in the variance of permanent shocks. Cohort anal-
yses indicate that earnings volatility is U-shaped, driven by large per-
manent shocks early and later in the life cycle.
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I. Introduction

Workers in the United States over the past five decades have experienced
deep and protracted business cycle shocks, secular changes in the technol-
ogy of work, and fundamental reforms of the tax and transfer systems.
Whether and towhat extent these economic and policy shocks have affected
the volatility of earnings and how to properly model the earnings dynamics
process to account for these forces have been the subject of extensive re-
search in labor economics and macroeconomics (MaCurdy 1982; Abowd
and Card 1989; Carroll 1992; Gottschalk and Moffitt 1994, 2009; Haider
2001; Stock and Watson 2003; Meghir and Pistaferri 2004; Blundell, Pista-
ferri, and Preston 2008; Bonhomme and Robin 2010; Sabelhaus and Song
2010; Shin and Solon 2011; Ziliak, Hardy, and Bollinger 2011; Dynan,
Elmendorf, and Sichel 2012; Altonji, Smith, and Vidangos 2013; Bloom
et al. 2018; Guvenen et al. 2021; McKinney, Abowd, and Janicki 2022;
Moffitt et al. 2023). Some of thiswork has centered onhowvolatility ties into
cross-sectional inequality, while other work attempts to distinguishwhether
volatility is temporary or permanent, the latter of which can have implica-
tions for economic mobility over time.
Much of the research on earnings instability over the past three decades is

owed to the intellectual contributions of RobertMoffitt, whowith his long-
time collaborator Peter Gottschalk established the key result that the vola-
tility of male earnings increased in the 1970s through the early 1980s, espe-
cially among the less educated, and while the instability of the 1970s was
largely temporary in nature, that of the 1980s reflected more permanent
shocks to earnings.
The aim of this paper is to use linked survey and administrative record

data to provide new evidence over time and the life cycle on the volatility
of earnings over the past five decades. We adopt two standard approaches
to the measurement of volatility from the literature. The first provides a
simple and transparent summary measure, defined alternatively as the var-
iance of the arc percent change and the variance of the change in log earn-
ings. The advantage of the arc percent change is that it permits one of the
financial support of the National Science Foundation (grant 1918828). The linked
Annual Social and Economic Supplement–Detailed Earnings Record data used in
this project were obtained as part of an internal-to-census project (DMS 7503840)
and analyzed in a secure federal facility at theKentuckyResearchDataCenter inLex-
ington. Any opinions and conclusions expressed herein are those of the authors and
do not represent the views of theUSCensus Bureau. TheCensus Bureau has ensured
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disclosure avoidance protection (project 7503840: CBDRB-FY22-CES010-021;
CBDRB-FY22-CES004-046; CBDRB-FY23-081; CBDRB-FY24-0108). Contact
the corresponding author, RichardW.Blundell, at r.blundell@ucl.ac.uk. Information
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2 years to be a period of nonwork and thus includes labormarket transitions
that have historically been important for Black men and all women, as well
as more recently important for less skilled White men (Ziliak, Hardy, and
Bollinger 2011; Abraham and Kearney 2020). For completeness, instead
of variance we also examine the difference of the 90th and 10th percentiles
of the arc percent change (Bloom et al. 2018). While providing a more com-
plete accounting of volatility with zero earnings, our summary volatility es-
timates indicate that both the time-series and the life cycle patterns are sim-
ilar whether we use the arc percent or difference in log earnings measures
(and 90/10 instead of variance). Based on this robustness of summary mea-
sures and the fact that the variance of log earnings is additively decompos-
able, our second approach decomposes the variance of the difference in log
earnings into permanent and transitory components (see, e.g., Carroll 1992;
Blundell, Pistaferri, and Preston 2008). In particular, we assume that the
permanent component follows a unit root process and the transitory com-
ponent follows a first-order moving-average (MA(1)) process. The general-
izedmethod of moments (GMM) estimation procedure allows for common
aggregate shocks, as well as heterogeneous age profiles.
Ourwork builds onMoffitt’s foundational research in thisfield.Most pre-

vious studies on volatility focus on trends in male earnings over time from
survey data. While we provide updated time-series estimates here, any given
period is composed of individuals of different ages from different birth co-
horts, and thus we also examine whether the underlying time-series trends
in volatility reflect changes across cohorts, changes across the life cycle for
a given cohort, or both. Beyond understanding time-series patterns, estimat-
ing howpermanent and transitory variance components vary over the life cy-
cle is important, as it informs our understanding of how volatility affects
intragenerational mobility.
We also move beyond men—and even White men as in early studies of

Gottschalk and Moffitt (1994) and Haider (2001)—by providing a full set
of time-series and life cycle estimates for both men and women by education
attainment and race.We do so by using a restricted dataset that links individ-
uals in the Current Population Survey (CPS) Annual Social and Economic
Supplement (ASEC) over the 1996–2019 time period to their full history of
administrative earnings records from the Social Security Administration.
This provides much larger sample sizes for robust subgroup analyses by race
and education thanwould be possible in commonhousehold surveys, such as
the Panel Study of Income Dynamics (PSID) or Survey of Income and Pro-
gramParticipation. In addition, using the longpanel of administrative records
ameliorates the problem of missing earnings from nonresponse that plagues
surveys such as the CPS (Bollinger et al. 2019).
We are not the first to estimate volatility and its variance components by

cohort and gender or to use Social Security Administration earnings records.
Sabelhaus and Song (2010) provide both time-series and cohort estimates of
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volatility from Social Security earnings but not separately by gender, race, or
education. We extend their work by adopting a more flexible specification of
transitory earnings and including more older and younger birth cohorts, and
because we observe personal demographics with the link to the CPS, we also
estimate volatility by race, education, and gender. Bloom et al. (2018) and
Guvenen et al. (2021) study volatility by gender using Social Security records,
but they do not have access to race and education in their administrative data as
we do here. Still others have used survey data linked to administrative records
to study volatility in theUnited States (Hryshko, Juhn, andMcCue2017;Carr,
Moffitt, and Wiemers 2023; Ziliak, Hokayem, and Bollinger 2023). In related
work, Ziliak, Hokayem, and Bollinger (2023) used the CPS linked to Social
Security records as we do here, but our paper differs in several important
ways—they used 2-year panels of the CPS linked to Social Security data
whereaswe use the full time series of Social Security earnings (up to 35 years);
they did not examine life cycle volatility or separate by race; and they did not
examine permanent and transitory components of variance.1

Our results for men suggest that from the late 1970s to the mid-1990s
there is a strong negative trend in earnings volatility, followed by two de-
cades of comparatively little trend but substantial business cycle sensitivity,
especially in the years surrounding the Great Recession. The negative trend
in the first half of the sample period aligns with results of Sabelhaus and
Song (2010) and Bloom et al. (2018), while the latter two decades of relative
stability align with the survey and administrative data studies covered in
Moffitt et al. (2023) as well as McKinney, Abowd, and Janicki (2022).
The distinction between transitory and permanent changes underlying
the pattern of volatility turns out to produce a key insight. Both the trend
decline and business cycle sensitivity stem from transitory variances, but af-
ter 1995 there is an “offsetting” upward trend in permanent shocks among
workers without a college education, particularly Black men.
In addition, the cohort estimates demonstrate a strong U-shaped profile

of earnings variance over the life cycle, especially among White college-
educatedmen, but these profiles shifted downward and leftward inmore re-
cent cohorts. The U-shaped profile comes from permanent shocks across
the life cycle, while declining volatility comes from reduced transitory var-
iances among younger cohorts of men. The latter is less in evidence among
Blackmen, keeping the volatility of earnings elevated compared withWhite
men. These patterns are broadly similar for women as for men, with the no-
table difference that women’s earnings exhibit little business cycle variation
compared with men’s and the life cycle U shape is more attenuated later in
1 After starting this project, we learned of a paper by Braxton et al. (2023) using
the same linked ASEC–Detailed Earnings Record (DER) data to examine earnings
volatility. Our project differs in our focus on life cycle volatility and racial differ-
ences, as well as the methodological approach.
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the life cycle. These differences appear more for White women than for
Black women.
The rest of the paper is organized as follows. The next section outlines our

approach to measuring volatility, both over time and over the life cycle, for
summary measures and variance decompositions. Section III describes our
panel of administrative earnings and the process of linking them to survey re-
cords. Section IV presents the results, with the full set of summary volatility
estimates for men and women, followed by the corresponding permanent
and transitory decompositions. Section V concludes.

II. Measuring Volatility

The literature on the measurement of volatility is bifurcated into two dis-
tinct strands, one that focuses on simple summary measures of volatility and
another that focuses on the detailed decomposition of variance into permanent
(persistent) and transitory components with often complicated time-series
dynamics and sources of measurement error and unobserved heterogene-
ity.2 The summarymeasures are useful for a transparent portrait of volatility
trends over time, but they do not provide insights into the sources of the
shocks, which could have vastly different welfare implications for house-
holds. In this section, we outline our approaches to both forms of volatility
measurement over time and the life cycle.

A. Summary Volatility

We begin our analysis with an examination of basic patterns of earnings
volatility. Specifically for our summary time-series measure, we use the var-
iance of the arc percent change, defined as

Vt 5 var
yi,t 2 yi,t21

�yi

� �
, (1)

where yi,t represents real earnings of individual i in time t, yi,t21 represents 1-
period-lagged earnings, and �yi represents the average of earnings across ad-
jacent years, �yi 5 (yi,t 1 yi,t21)=2 (Ziliak, Hardy, and Bollinger 2011; Dynan,
2 For examples of summary volatility papers, see Cameron and Tracy (1998); Sa-
belhaus and Song (2010); Dahl, DeLeire, and Schwabish (2011); Shin and Solon
(2011); Ziliak, Hardy, and Bollinger (2011); Celik et al. (2012); Dynan, Elmendorf,
and Sichel (2012); Koo (2016); Bloom et al. (2018); and the papers in Moffitt et al.
(2023). Examples of permanent and transitory decompositions include MaCurdy
(1982); Carroll (1992); Gottschalk and Moffitt (1994, 2009); Haider (2001); Moffitt
and Gottschalk (2002, 2012); Stock and Watson (2003); Meghir and Pistaferri (2004);
Blundell, Pistaferri, and Preston (2008); Bonhomme and Robin (2010); Browning,
Ejrnaes, and Alvarez (2010); Sabelhaus and Song (2010); Altonji, Smith, and Vidangos
(2013); Guvenen and Smith (2014); Blundell, Graber, and Mogstad (2015); Jensen and
Shore (2015); Arellano, Blundell, and Bonhomme (2017, 2018); Moffitt and Zhang
(2018); Guvenen et al. (2021); and Braxton et al. (2023).
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Elmendorf, and Sichel 2012; Koo 2016;Moffitt et al. 2023).3 The advantage of
the arc percent change is that it is still defined if earnings are zero in one of the
2 periods, thus capturingmovements into and out of the labor force. This is a
more inclusive measure of volatility than alternatives such as the variance of
the change in log earnings, which removes zeros in both periods by construc-
tion (Shin and Solon 2011; Moffitt and Zhang 2018). Our baseline summary
measures include these labor market transitions, but for robustness we also
estimate summary volatility using the variance of the change in log earnings,
as this is also the measure used in our variance decomposition to follow. We
also report in the appendix (available online) the difference of the 90th to
10th percentiles of the arc percent change, which is the measure employed
by Bloom et al. (2018) and also reported in Guvenen et al. (2021).
For summary volatility over the life cycle, we define real earnings of in-

dividual i of age a in birth-year cohort c as yc
i,a, which leads to the modifica-

tion of equation (1) as

Vc
a 5 var

yc
i,a 2 yc

i,a21

�yc
a

� �
, (2)

where yc
i,a21 represents earnings from 1-year-lagged age and �yc

a represents
the cohort average of individual earnings across the two ages. Although
we allocate individuals to single-year birth cohorts, for parsimony in re-
porting results we aggregate single-year cohorts to the decadal level. For ex-
ample, this means anyone born from 1950 to 1959 will be allocated to the
1950 birth cohort, and likewise for other decadal birth cohorts.

B. Permanent and Transitory Variance

The literature on permanent and transitory decompositions of earnings is
rich and, building on the seminal work of Gottschalk andMoffitt (1994), has
expanded greatly to incorporate persistence in shocks of varying duration,
dependence in the variance of shocks by time and age, and latent heterogene-
ity in profiles of shocks. Tofix ideas, we focus our discussion on the life cycle
permanent and transitory earnings process over cohorts using a specification
that combines features found in Blundell, Pistaferri, and Preston (2008) and
Blundell, Graber, and Mogstad (2015). The basic ideas are the same for the
more familiar earnings decomposition over time, with the time subscript re-
placing the age subscript and suppressing cohort differences.
Define the natural log of real earnings for individual i at age a in cohort

c as
3 The arc percent change is bounded and symmetric between 22 and 2. In cases
where earnings are negative from self-employment losses, earnings are then replaced
by their absolute value at the loss of symmetry. Administrative earnings in our appli-
cation are strictly nonnegative.
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ln yc
i,a 5 ac

i 1 o
K

k51

bc
i,k ac

i 2 25ð Þk 1 mc
i,a 1 uci,a, (3)

where ac
i represents latent heterogeneity that varies across individuals in

a cohort but not time, bc
i,k represents an idiosyncratic age profile of order

k normalized around the (assumed) labor-market entry age of 25, mc
i,a is a

permanent component allowed to vary by age, and uci,a is an age-varying
transitory component. We define the permanent component as an auto-
regressive process

mc
i,a 5 rcmc

i,a21 1 hc
i,a, (4)

where jrcj ≤ 1 and hc
i,a is a mean-zero serially uncorrelated shock that is also

uncorrelated with the lagged permanent component. The corresponding
transitory component is assumed to follow an MA(1) process as

uci,a 5 εci,a 1 vcεci,a21, (5)

where εci,a is a serially uncorrelated mean-zero shock that is uncorrelated
with its lagged value and with any permanent component.
Equations (3)–(5) provide a fairly general system for the earnings process.

Much of the extant literature on volatility over time assumes that the perma-
nent component follows a random walk and imposes rc 5 1. Blundell,
Graber, and Mogstad (2015) estimate r using administrative panel data from
Norway, with estimates in the range of 0.98–1. Blundell, Pistaferri, and Pres-
ton (2008) use the PSID and find that a randomwalk on the permanent com-
ponent coupled with an MA(1) in the transitory error captures the earnings
process of men well, though they do find that an MA(0) in the transitory er-
ror yields similar results.We proceed by assuming a randomwalk in the per-
manent component but allow vc to differ fromzero and thus permit anMA(1)
transitory error. The appendix contains estimates where the transitory com-
ponent has no memory (vc 5 0). In addition, we assume that the normalized
age profiles vary across cohorts but are constant within a cohort (bc

i 5 bc)
and that the age profile follows a quadratic (k 5 2). With these assumptions,
we then substitute equations (4) and (5) into (3) and takefirst differences, yielding

Dln yc
i,a 5 o

2

k51

bc
kD ac

i 2 25ð Þk 1 hc
i,a 1 εci,a 1 vc 2 1ð Þεci,a21 2 vcεci,a22: (6)

Setting the age profile to zero for ease of presentation (bc 5 0), the variance
of the change in log earnings at a given age and cohort is

var Dln yc
i,a

� �
5 var hc

i,að Þ 1 var εci,að Þ 1 vc 2 1ð Þ2var εci,a21ð Þ

1 vcð Þ2var εci,a22ð Þ:
(7)

Following Blundell, Graber, andMogstad (2015), we estimate the system
implied above using a GMM approach. A key assumption is that the shocks
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are independent across age (or time in the time-series case). Equation (7)
combined with covariances of two leads given as

cov Dlnyc
i,a, Dlny

c
i,a11

� �
5 vc 2 1ð Þvar εci,að Þ 2 vc 2 1ð Þ vcð Þvar εci,a21ð Þ, (8a)

cov Dlnyc
i,a, Dlny

c
i,a12

� �
5 2 vcð Þ2var εci,að Þ (8b)

identifies the permanent and transitory variances, as well as the persistence
parameter vc.While this represents three equations in four unknowns, when
an additional age (or year) is added, this rises to six equations while adding
only two additional variance terms.With multiple ages (or years), the entire
system is overidentified. The approach is greatly simplified if vc is assumed
to be zero.We estimate this model (results are reported in the appendix) fol-
lowing Meghir and Pistaferri (2004) and Blundell, Pistaferri, and Preston
(2008) using only three moments based on 1-period leads and lags

var hc
i,að Þ 5 cov Dlnyc

i,a,Dlny
c
i,a21 1 Dlnyc

i,a 1 Dlnyc
i,a11

� �
, (9a)

var εci,að Þ 5 2cov Dlnyc
i,a, Dlny

c
i,a11

� �
, (9b)

var εci,a21ð Þ 5 2cov Dlnyc
i,a, Dlny

c
i,a21

� �
: (9c)

Moffitt and Gottschalk (2002, 2012) emphasize the importance of con-
trolling for aggregate shocks in variance decompositions, which Blundell,
Lopez, and Ziliak (2023) also found to be important in understanding life
cycle wage profiles across cohorts. Thus, in lieu of using the change in
log earnings to estimate the covariance structure, we first regress log earn-
ings for each gender-race-education group on a full vector of year fixed ef-
fects and save the residuals. We then take those residuals and net out the age
profile from equation (3) by regressing the first-stage residuals on a qua-
dratic in age separately for each decadal cohort in each gender-race-education
group. The residuals from this second step are then used for estimation of the
variances and covariances in equations (7)–(8b).

III. Data

The data used in our analysis are a restricted-access panel of Social Security
Administration Detailed Earnings Records (DERs) for tax years 1978–2019
linked to those individuals found in the CPS ASEC for survey years 1996–
2020. The DER is an extract of Social Security’s Master Earnings File and
includes data on total earnings as reported on a worker’s W-2 form, wages/
salaries and income from (positive) self-employment subject to Federal In-
suranceContributionsAct and/or Self-EmploymentContributionsAct tax-
ation reported on Form 1099, and deferred contributions to 401(k), 403(b),
408(k), 457(b), and 501(c) retirement and trust plans. We include all of these
sources in our earningsmeasure. ForworkerswithmultipleW-2s or 1099s in a
givenyear,we aggregate across all jobs toyieldone annual earnings observation
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per worker. Wage earnings are uncapped in the DER, but self-employment
earnings are capped at the Social Security taxable limit until 1993 and then
uncapped thereafter. We convert nominal earnings to real values using the
personal consumption expenditure deflator with 2019 base year.
The DER file contains no demographic information on the individual;

however, this is obtained from the link to the ASEC using a unique identifier
called a Protected Identification Key (PIK) that is available on each file. The
PIK enables us to link each cross section of the ASEC from survey years
1996–2020 to the individual’s full history of earnings in the DER. Individual
PIKs through the 2004 tax year were based on Social Security numbers, but
because refusal rates were high, in the 2005 tax year the Census Bureau
switched to a model-based procedure to construct PIKs for data linkages
(Wagner and Layne 2014). The change in procedure results in about 90%
of individuals being linked to the DER, compared with about 70% in the pe-
riod based on Social Security numbers. A possible concern with this change
in linkage rate is that the distribution of earnings could change and possibly
affect the trends in volatility. Appendix figure 1 (app. figs. 1–19 are available
online) depicts ventiles of the real DER earnings distribution pooled across
the 2002–4 and 2006–8 tax years, omitting the transition year 2005. This fig-
ure shows that there is no substantive change in the distribution after the
switch to model-based linking. Bollinger et al. (2019) report that failure to
link is more prevalent among low earners and in particular among the popu-
lation of noncitizens of Hispanic ethnicity for whom either Social Security
numbers do not exist or not enough information is known to construct a
probabilistic estimate.As volatility tends to be higher among low earners, this
failure to link is expected to reduce the level of volatility but not necessarily
the trends.
From the linked ASEC-DER file, we select a sample of men and women

aged 25–59, which capturesmost of the potential prime-age labor force after
formal schooling is completed and before retirement. Based on age and year
in the sample, each individual is assigned to a birth cohort, which we aggre-
gate to the decadal level for the 1920s–1990s. Beyond age and gender, the real
value added of the DER link to the ASEC is access to the individual’s human
capital and race.We focus on two education groups—some college or less and
college or more—and two racial groups of White alone and Black alone.4

While the split between college educated and not is not new in and of itself
given the substantial evidence pointing to economic gains accruing mostly
among the highly educated (Katz and Autor 1999; Card and DiNardo 2002),
there has been much less work examining differences in volatility across ed-
ucation groups, especially in administrative earnings data. Moreover, the focus
on Black-White differences is based on long-term interest in understanding
4 Individuals reporting multiple races are omitted. However, each included racial
group has individuals that self-identify as Hispanic or non-Hispanic ethnicity.
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structural impediments to labor-market success of Blackworkers (Smith and
Welch 1989; Donohue and Heckman 1991; Neal and Johnson 1996; Bayer
and Charles 2019), where again little is known about volatility levels and
trends across racial groups. In our case, we examine the intersection of race
and education by gender. There are 1,680,000 individuals and 36,360,000
person years ofDER earnings from the linkedASEC-DER sample.5 Appen-
dix table 1 (available online) presents the distribution of observations across
gender, education, and race.
For our summary volatility measures described above, we do not require

individuals to work in all years, and subsequently we treat missing DER val-
ues (among the population linked) as periods of nonwork. Figure 1 presents
the fraction of the sample with nonzeroDER earnings from 1978 to 2019 for
each demographic group. The figure shows substantial employment cycli-
cality among both men and women with some college or less. This is partic-
ularly sharp for Blackmen in the years around theGreat Recession of 2007–9
and among Black women in the late 1990s and again around theGreat Reces-
sion. For menwith less than college, there is also a secular decline in employ-
ment rates and a sizable racial gap that widened over time with Black men’s
employment falling relative to White men. Among women with less than a
college education, however, employment rates increase until 2000 and then
stabilize. Turning to the college educated, employment rates of both men
andwomen are relatively stable, at least after 1990, as is the racial employment
FIG. 1.—Trends in employment rates in the DER. Employment rates are the
action of individuals with positive earnings from an employer or self-employment.
he sample is individuals aged 25–59 in a given year. College1 5 college or more;
C 5 some college. Source: US Census Bureau, CPS, 1996–2020 ASEC; Social Se-
urity Administration, DER, 1978–2019.
5 Numbers are rounded to four significant digits as per census disclosure avoid-
ance rules.
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gap. However, the gaps are reversed between men and women—White men
have higher employment rates thanBlackmen, but Blackwomen have higher
rates than White women.
To assess how closely the employment rates in figure 1 compare with a

random cross section of 25–59-year-olds, in appendix figure 2 we depict
annual employment rates from the public ASEC for the 1978–2019 calendar
years for the same demographic groups.6 The appendix figure shows
broadly similar employment patterns for all eight groups. In the early years
of the sample, DER employment falls below ASEC employment, and this
reflects the fact that theDER sample is tilted toward younger workers at the
start of the sample relative to a random cross section of the population. To
be in the DER sample, the individual must appear in the ASEC at least once
starting in 1996, and workers cannot be younger than 25 or older than
59, which means that the DER sample is younger at the beginning of the
sample.
Finally, we note that some of these missing DER values may stem from

earnings unreported to tax authorities and not nonwork, but we are not able
to distinguish the reasons for missing data. Ziliak, Hokayem, and Bollinger
(2023) use a more restrictive contemporaneously 2-year linked ASEC-
DER sample than we do here and find that treating missing DER earnings
as zero earnings aligns the time-series trends in summary volatility between the
DER and the ASEC (with zeros included). As noted in the above section,
the decompositions into permanent and transitory components are based
on the log transform, and periods of zero earnings are dropped in that part
of our analysis. Thus, we also estimate our summary volatility models using
the variance of change in log real earnings, finding very similar patterns.

IV. Results

We organize this section by first presenting estimates of summary volatil-
ity over time (eq. [1]) and then the life cycle of cohorts (eq. [2]). This is then
followed by variance components estimates of equations (7)–(8b) over time
and the life cycle. Because a key contribution of our analysis is volatility
by gender, race, and education, we present all estimates separately for these
demographic groups. The first- and second-stage regressions to net out ag-
gregate shocks and cohort-specific age profiles are estimated separately by
gender, race, and education, allowing these macro and age profiles to differ
by demographic group.
6 The employment rates in app. fig. 2 are defined in the same way as in the main
text—namely, a person is defined as employed if they have any earnings in the cal-
endar year preceding the survey date. The employment rates in the appendix are
weighted using the individual ASEC weight in each year, while those in the main
text are unweighted.
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A. Summary Volatility over Time and the Life Cycle

Figure 2 presents the time series of arc percent change volatility over 1978–
2019. Figure 2A shows that earnings volatility of men with some college or
less demonstrates considerable business cycle sensitivity, especially in the
years surrounding the deep recession of 1981–82 and the Great Recession
of 2007–9. The trend of male earnings instability is negative until the mid-
1990s, notably among White college-educated men and to a lesser extent
Black college-educated men, but then stabilizes among the college educated
over the subsequent two decades and even reverses to become slightly posi-
tive for men with less than a college education. The latter suggests that in-
creasing earnings risk shifted to the less skilled and coincided with increased
employment risk as seen in figure 1. This risk is particularly pronounced
among Black men lacking a college education, as both their employment
has fallen more rapidly relative to White men over the last 20 years and the
volatility of their earnings has increased.
Figure 2B shows that forwomen there is a sharp secular decline in earnings

volatility again until themid-1990s, which is then followed by a decade of rel-
ative stability, followed by another decade of decline. This pattern is broadly
consistent across race and education.Unlike formen, there is a comparatively
small business cycle component of earnings volatility for women, and in gen-
eral the volatility of White women’s earnings exceeds that of Black women,
except for the last decade when they are of comparable levels within educa-
tion group. Because of the secular decline in the earnings volatility ofwomen,
FIG. 2.—Summary volatility over time. Summary volatility is measured as the
variance of the arc percent change. The sample is individuals aged 25–59 in a given
year and includes those without earnings in one of the 2 years. College1 5 college
or more; SC 5 some college. Source: US Census Bureau, CPS, 1996–2020 ASEC;
Social Security Administration, DER, 1978–2019.
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the striking result is that over the last decade earnings volatility is highest
among Black men with less than 4 years of college.
Figure 3 repeats the analysis of figure 2 but insteadmeasures summary vol-

atility using the variance of the difference in log earnings. In this case, periods
of no earnings are dropped and are treated as missing at random. The time-
series volatility patterns infigure 3 are broadly similar to those in figure 2with
the arc percent change, with a few differences. First, the secular decline inmale
earnings volatility before 1995, while still evident, is attenuated. Second, the
volatility of Black men with college is the same as that of White men without
college. Third, over much of the sample period, the volatility of Black women
without college exceeds that of White women of the same education group.
Most of these differences are small compared with overall patterns, and thus
while allowing for periods of no earnings provides a more complete portrait
of volatility, it does not have a substantive effect on time-series trends.
Figures 4 and 5, respectively, present arc percent life cycle earnings volatility

of men and women across cohorts from the 1920s to the 1990s. Because birth
cohorts age in and out of the sample, only the 1950 and 1960 cohorts provide
data for every period over ages 25–59, and the remaining cohorts provide sub-
sets of life cycle profiles. The figures show that there is a definitive U shape to
life cycle earnings variability, especially pronounced amongWhitemenwith a
college education, and for bothmen andwomen there is a clear downward and
leftward shift in volatility across successive cohorts. The implication of the
downward shift across successive cohorts is falling cross-sectional volatility
over time, while that of the leftward shift suggests that volatility is increasing
FIG. 3.—Summary volatility over time: difference in log earnings. Summary vol-
atility is measured as the variance of the arc percent change. The sample is individ-
uals aged 25–59 in a given year and drops those without earnings in both years.
College1 5 college or more; SC 5 some college. Source: US Census Bureau, CPS,
1996–2020 ASEC; Social Security Administration, DER, 1978–2019.
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at younger ages amongmore recent cohorts.7 This is particularly pronounced
amongmenwith at least a college degree andwomenwith orwithout a college
degree. Again, the notable exception to these patterns is Black men without a
college degree where there are few cohort differences in volatility across the
FIG. 4.—Summary volatility of men over cohorts and life cycle. Summary vol-
tility is measured as the variance of the arc percent change. The sample is men
ged 25–59 in a given year and includes those without earnings in one of the 2 years.
ource: US Census Bureau, CPS, 1996–2020 ASEC; Social Security Administra-
on, DER, 1978–2019.
7 Mincer (1974) presents the well-known result of the U shape of life cycle earn-
ings variance. His result is for the level of earnings over the life cycle and not nec-
essarily the growth rate. Equation (4.1) of his book relates growth in earnings to the
return on postschool skill investment as gt 5 rtkt1(d=dt) ln(1 2 kt), where the left
side represents earnings growth, rt represents the return on postschool investment,
kt represents the fraction of time at work spent on skill investment, and the last term
is a time derivative of the log of time spent in work. FollowingMincer, if we assume
that the return is constant over time and the time derivative term is negligible, then
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life cycle. Appendix figures 3 and 4 repeat the exercise of figures 4 and 5 but
instead use the variance of the difference in log earnings. These figures show
similar life cycle profiles, albeit more noisy within cohorts given they mea-
sure a point percent change rather than an average change. We examine this
further in the next section on the permanent and transitory decomposition.
FIG. 5.—Summary volatility of women over cohorts and life cycle. Summary
volatility is measured as the variance of the arc percent change. The sample is women
aged 25–59 in a given year and includes those without earnings in one of the 2 years.
Source: US Census Bureau, CPS, 1996–2020 ASEC; Social Security Administration,
DER, 1978–2019.
the variance of earnings growth is var(gt) 5 r2var(kt). The U shape in earnings
growth (volatility) in this case would stem from a U shape in the cross-sectional
variance in time spent in productive work across the life cycle. Such a pattern seems
quite plausible, even more so if the model is amended to be a function of net invest-
ment time defined as investment time less skill depreciation (see eqq. [1.20]–[1.23]
of Mincer 1974).
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In the appendix, we explore several sensitivity checks on the summary vol-
atility estimates over time and the life cycle. One concern with the adminis-
trative data is that they contain many low-wage short-spell jobs and that this
could skew the volatility estimates. Several authors, such as Sabelhaus and
Song (2010), Bloom et al. (2018), andGuvenen et al. (2021), trim the earnings
distribution to remove extreme values in the left tail. For example, Sabelhaus
and Song require earnings to be in excess of the minimum earnings threshold
to qualify for a year toward Social Security benefit eligibility, while Bloom
et al. require earnings to be in excess of what one would earn working full
time for a quarter of the year at half the minimum wage. Carr and Weimers
(2021), however, caution against this practice of using real dollar trims be-
cause they can affect volatility trends if the trends in the left tail differ from
other parts of the distribution or if the earnings levels in the tails are changing.
Instead, if trimming is done it should be based onpercentile points. Appendix
figures 5, 6, 8, 9, 11, and 12 show how the time series and cohort summary
volatility series change when trimming the top and bottom 1% of the group-
by-year earnings distribution, respectively.As seen there, the percentile point
trims attenuate only the level of volatility, not the patterns over time or the life
cycle. Appendix figures 7, 10, and 13 replace the variance of the arc percent
change with the 90/10 difference, and again this has no substantive effect
on the patterns of summary volatility.

B. Permanent and Transitory Variance over Time and the Life Cycle

In this subsection, we present our estimates of the persistence parameter in
the transitory error component, alongwith the permanent and transitory var-
iances from equations (7)–(8b). Table 1 contains GMM estimates and stan-
dard errors of v̂, the parameter governing the transitory errormoving-average
process from the time-series model. The estimates range from 0.18 to 0.21
for men and from 0.20 to 0.27 for women and are statistically significantly
Table 1
Estimates of MA(1) Parameter (v) for Time-Series Permanent
and Transitory Model

Men Women

White Black White Black

Some college or less .180 .183 .230 .203
(.001) (.003) (.002) (.003)

Observations 584,000 87,500 605,000 106,000
College or more .196 .209 .265 .223

(.003) (.008) (.003) (.007)
Observations 182,000 14,500 188,000 21,000
SOURCE.—US Census Bureau, CPS, 1996–2020 ASEC; Social Security Administration,
DER, 1978–2019.

NOTE.—Model estimated via GMM with standard errors shown in parentheses. See the
main text for details.
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different from zero. The estimates for men lie slightly above those in
Blundell, Pistaferri, and Preston (2008) in a sample of men from the PSID
who find the MA(1) parameter to range between 0.11 and 0.17 and lie below
those inBlundell,Graber, andMogstad (2015) in a sample ofNorwegianmen
where they estimate theMA(1) parameter to range between 0.24 and 0.29 de-
pending on the education of the worker. To the best of our knowledge, these
are thefirst estimates for women and thus there is no extant literature to com-
pare with, though they are comparable with those of men.
Figure 6 presents the corresponding estimates and standard errors of the

MA(1) parameter from the cohort life cycle model for men and women by
race and education attainment. The model yields separate estimates for each
birth cohort, and as the figure highlights, most are statistically greater than
zero and tend to fall near 0.2. A notable increasing pattern is found among
college-educated men and women across races among more recent cohorts
of workers. For example, White men with at least college born in the 1920s
have an estimated v̂ of zero, while those born in the 1980s have the same pa-
rameter closer to 0.3. We see this same pattern among the other highly ed-
ucated groups, albeit less pronounced. This suggests that 1-period-lagged
FIG. 6.—Cohort estimates of MA(1) parameter (vc). The moving average param-
eter (theta) is estimated by gender, education, and cohort group using GMM. The
sample is men and women aged 25–59 in a given year. Source: US Census Bureau,
CPS, 1996–2020 ASEC; Social Security Administration, DER, 1978–2019.
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transitory shocks have a larger effect on current-period earnings among
younger cohorts of skilled workers.
Figure 7 depicts the time-series permanent and transitory variances esti-

mates for men, with figure 7A for White men and figure 7B for Black men.
For the transitory variance, we present the total gender-race-education
group variance—that is,

var(Dvar ut)) 5 var(εtð Þ 1 v̂ 2 1
� �2

var εt21ð Þ 1 v̂
� �2

var εt22ð Þ, (10)

where v̂ represents the gender-race-education group estimate from table 1.
Within each education group, adding up the permanent variance and transitory
FIG. 7.—Permanent and transitory variance of men over time. Variance compo-
nents are measured using the change in log earnings net of aggregate time effects
and cohort-specific quadratic age profiles. The sample is men aged 25–59 in a given
year and drops those without earnings. Source: US Census Bureau, CPS, 1996–
2020 ASEC; Social Security Administration, DER, 1978–2019.
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variance in (10) for any given year yields the corresponding estimate of volatil-
itymeasured by the variance of the difference in log earnings. This is exactly the
estimate of “summary volatility” as depicted in figure 3 (see app. figs. 3 and 4
for the cohort estimates below).
Figure 7 shows that permanent shocks facing men were stable from 1978

to 2000, while there was a sharp reduction in transitory variances, and thus
the secular decline in volatility over that period seen previously in figures 2
and 3 stems from a decline in transitory variances. However, the substantial
increase in variance around the Great Recession for White and Black men
with less than college education and for Black men with college or more
was an acute increase in both permanent and transitory variances. Indeed,
across the whole sample period we see significant transitory variance asso-
ciated with recessionary periods, but in a typical year since 2000 most vol-
atility in earnings has been equally distributed across permanent and tran-
sitory shocks, while among White men with college or more has stemmed
from permanent shocks.
In figure 8, we present the corresponding permanent and transitory time-

series decomposition for women. Similar to men, there is a sharp reduction
in transitory variances in the first two decades, but for the remaining two
decades there are different trajectories for White and Black women. For
White women, the transitory variance continued to decline, but perhaps
more importantly, the variance in the permanent shock also declined (albeit
much more slowly), meaning that White women’s decline in earnings vol-
atility after 2000 stemmed from reductions in both temporary and persis-
tent shocks. For Black women, however, transitory and permanent vari-
ances were stable and more equal throughout most of the period after the
1980s, until the period after the Great Recession among the college edu-
cated, which helps account for the patterns depicted in figure 3. The other
notable feature in figure 8 compared with men in figure 7 is the compara-
tively muted business cycle sensitivity in transitory variances (though this
is more pronounced for Black women than for White women).
We return to life cycle volatility in figures 9–12, where we present persis-

tent variances at the cohort level for men and women in figures 9 and 11, re-
spectively, and the corresponding cohort transitory variances in figures 10
and 12.8

Figure 9 makes clear that the U shape of men’s earnings volatility seen in
figure 4, as well as appendix figure 3, stems from permanent shocks across
the life cycle. To interpret this pattern, we can point to frequent job changes
and promotions driving up volatility early in the working life as individuals
8 Following from eq. (10), for the transitory variance we present the total cohort
variance for each gender-race-education group—i.e., var(Dvar(uca)) 5 var(εca) 1 (bvc2
1)2var(εca21) 1 (bvc)2var(εca22), where bvc represents the cohort-gender-race-education
group estimate from fig. 6.
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sort into their longer-run careers. This is followed by relative stability from
ages 35 to 50, after which permanent shocks that are of equal or larger mag-
nitude emerge.9 The sources of these later working life changes could stem
from health-related shocks but could also reflect permanent layoffs and re-
structuring. Figure 10 then shows that the fanning out across cohorts and
FIG. 8.—Permanent and transitory variance of women over time. Variance com-
ponents are measured using the change in log earnings net of aggregate time effects
and cohort-specific quadratic age profiles. The sample is women aged 25–59 in a
given year and drops those without earnings. Source: US Census Bureau, CPS,
1996–2020 ASEC; Social Security Administration, DER, 1978–2019.
9 Note that because we need at least four ages to construct the transitory vari-
ance, we expand the age range of the data to begin at age 23 and then present the
permanent and transitory variances starting at age 27. For some cohorts, we can
present variances starting at age 26, picking up the higher volatility at those early
ages and yielding the sharp U shape.
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decline in theMincer overtaking age infigure 4 has been the result of reduced
life cycle transitory shocks across cohorts. This is especially pronounced
among White men, both with and without a 4-year college education, and
to a lesser extent Black men with at least a college education. Transitory var-
iance tends to be monotonically declining with age within cohorts of men,
especially thosewith some college or less, although this decline emerges only
among White men starting with the 1950s birth cohort. Among college-
educated men of both races, these life cycle transitory variances tend to be
more constant between ages 35 and 50 for cohorts after the 1940s.
The life cycle permanent earnings shocks ofwomen infigure 11 have a sim-

ilarly U-shaped profile as with the men but with two important differences.
FIG. 9.—Permanent variance of men over cohorts and the life cycle. Variance
components are measured using the change in log earnings net of aggregate time
effects and cohort-specific quadratic age profiles. The sample is men aged 25–59
in a given year and drops those without earnings. Source: US Census Bureau, CPS,
1996–2020 ASEC; Social Security Administration, DER, 1978–2019.
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First, there is a substantial decline in permanent variance amongWhitewomen
at younger ages in more recent cohorts, so that much of the across-cohort
fanning out of summary volatility infigure 4 (and app.fig. 3) was a reduction
in permanent shocks inmore recent cohorts. Second, unlikeWhitemen,who
have permanent shocks later in the working life of larger magnitude than
those early in the life cycle, White women have more comparable-sized per-
manent shocks later in the working life relative to early ages. This is less so
with Black women with a college education, who, like men, tend to have
large permanent shocks later in theworking life. The transitory shocks infig-
ure 12 tell a story similar to what we saw with men in figure 10—there are
significant reductions in transitory variances amongyounger cohorts pulling
FIG. 10.—Transitory variance of men over cohorts and the life cycle. Variance
components are measured using the change in log earnings net of aggregate time
effects and cohort-specific quadratic age profiles. The sample is men aged 25–59 in
a given year and drops those without earnings. Source: US Census Bureau, CPS,
1996–2020 ASEC; Social Security Administration, DER, 1978–2019.
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down the overtaking age over the life cycle, especially among White and
Black college-educated women. If anything, these transitory variances tend
to decline across the working life with any given cohort even more sharply
among women than among men.
In the appendix, we present the full set of time-series and life cycle cohort

permanent and transitory variances under the simplifying assumption of no
persistence in the transitory shock (v 5 0) as described in equations (9a)–
(9c). Appendix figures 14–19 demonstrate that the substantive pattern of
permanent and transitory variances hold under the more restrictive model,
with the notable difference in the time-series estimates with much more
FIG. 11.—Permanent variance of women over cohorts and the life cycle. Vari-
ance components are measured using the change in log earnings net of aggregate
time effects and cohort-specific quadratic age profiles. The sample is women aged 25–
59 in a given year and drops those without earnings. Source: US Census Bureau,
CPS, 1996–2020 ASEC; Social Security Administration, DER, 1978–2019.
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weight given to the permanent component than the transitory, compared
with the less restrictive model presented in figures 7 and 8.

V. Conclusion

In this paper, we presented new estimates of earnings volatility over time
and the life cycle formen andwomenby race andhuman capital. Using a long
panel of restricted-access administrative Social Security earnings linked to the
CPS, we estimated volatility with both transparent summary measures, as
well as decompositions into permanent and transitory variance components
for both men and women separately by race and education attainment.
FIG. 12.—Transitory variance of women over cohorts and the life cycle. Vari-
ance components are measured using the change in log earnings net of aggregate
time effects and cohort-specific quadratic age profiles. The sample is women aged 25–
59 in a given year and drops those without earnings. Source: US Census Bureau,
CPS, 1996–2020 ASEC; Social Security Administration, DER, 1978–2019.
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Our results for men suggested that from the late 1970s to the mid-1990s
there was a strong negative trend in earnings volatility, followed by two de-
cades of comparatively little trend but substantial business cycle sensitivity, es-
pecially in the years surrounding the Great Recession. Both the trend decline
and business cycle sensitivity stemmed from transitory variances, but after
2000 there was an upward trend in the variance of permanent shocks among
workers without a college education, particularly Black men. A rise in the var-
iance of permanent shocks to earnings is likely to bemuchmore costly in terms
of householdwelfare.Consequently, anoverall decline in earnings volatility ac-
companied by a rise in the variance of permanent shocks may not necessarily
translate into a fall in key labor market risks or an improvement in welfare.
The cohort estimates demonstrated a strong U-shape profile of earnings

variance over the life cycle, especially among White college-educated men,
but these profiles shifted downward and leftward in more recent cohorts.
The U-shape profile comes from permanent shocks across the life cycle,
while declining volatility and the reduction in the age of minimum volatility
came from reduced transitory variances among younger cohorts of men.
The latter was less in evidence among Black men, keeping the volatility of
earnings elevated compared with White men. These patterns were broadly
similar for women and men, with the notable difference that women’s earn-
ings exhibited little business cycle variation compared with men’s. These
differences appeared more for White women than for Black women.
References

Abowd, John, and David Card. 1989. On the covariance structure of earn-
ings and hours changes. Econometrica 57, no. 2:411–45.

Abraham, Katherine G., and Melissa S. Kearney. 2020. Explaining the de-
cline in the US employment-to-population ratio: A review of the evi-
dence. Journal of Economic Literature 58, no. 3:585–643.

Altonji, Joseph G., Anthony A. Smith, and Ivan Vidangos. 2013. Modeling
earnings dynamics. Econometrica 81, no. 4:1395–454.

Arellano,Manuel, Richard Blundell, and Stephane Bonhomme. 2017. Earn-
ings and consumption dynamics: A nonlinear panel data framework.
Econometrica 85, no. 3:693–734.

———. 2018.Nonlinear persistence and partial insurance: Income and con-
sumption dynamics in the PSID.AmericanEconomic Review: Papers and
Proceedings 108:281–86.

Bayer, Patrick, and Kerwin Charles. 2019. Divergent paths: A new perspec-
tive on earnings differences between black and white men since 1940.
Quarterly Journal of Economics 133, no. 3:1459–501.

Bloom, Nicholas, Fatih Guvenen, Luigi Pistaferri, John Sabelhaus, Sergio
Salgado, and Jae Song. 2018. The great micro moderation. Unpublished
manuscript, Graduate School of Business, Stanford University.



S80 Blundell et al.
Blundell, Richard, Michael Graber, and Magne Mogstad. 2015. Labor in-
come dynamics and the insurance from taxes, transfers, and the family.
Journal of Public Economics 127:58–73.

Blundell, Richard, Hugo Lopez, and James P. Ziliak. 2023. Labour market
inequality and the changing life cycle profile of male and female wages.
Working Paper no. 23/16, Institute for Fiscal Studies, London.

Blundell, Richard, Luigi Pistaferri, and Ian Preston. 2008. Consumption in-
equality and partial insurance.American Economic Review 98, no. 5:1887–
921.

Bollinger, Christopher, Barry Hirsch, Charles Hokayem, and James P.
Ziliak. 2019. Trouble in the tails? What we know about earnings nonre-
sponse 30 years after Lillard, Smith, andWelch. Journal of Political Econ-
omy 127, no. 5:2143–85.

Bonhomme, Stephane, and Jean-Marc Robin. 2010. Generalized non-
parametric deconvolution with an application to earnings dynamics. Re-
view of Economic Studies 77, no. 2:491–533.

Braxton, J. Carter, Kyle Herkenhoff, Jonathan Rothbaum, and Lawrence
Schmidt. 2023. Changing income risk across the US skill distribution:
Evidence from a generalized Kalman filter. NBER Working Paper
no. 29567, National Bureau of Economic Research, Cambridge, MA.

Browning, Martin, Mette Ejrnaes, and Javier Alvarez. 2010. Modeling in-
come processes with lots of heterogeneity. Review of Economic Studies
77, no. 4:1353–81.

Cameron, Stephen, and Joseph Tracy. 1998. Earnings variability in the
United States: An examination using matched-CPS data. Unpublished
manuscript, Federal Reserve Bank of New York.

Card, David, and John E. DiNardo. 2002. Skill-biased technological change
and risingwage inequality: Some problems and puzzles. Journal of Labor
Economics 20, no. 4:733–83.

Carr, Michael D., Robert A. Moffitt, and Emily E. Wiemers. 2023. Recon-
ciling trends in male earnings volatility: Evidence from the SIPP survey
and administrative data. Journal of Business and Economic Statistics 41,
no. 1:26–32.

Carr, Michael D., and Emily E. Wiemers. 2021. The role of low earnings in
differing trends in earnings volatility. Economics Letters 199:109702.

Carroll, Christopher. 1992. The buffer-stock theory of saving: Some mac-
roeconomic evidence. Brookings Papers on Economic Activity 2:61–135.

Celik, Sule, Chinhui Juhn, Kristin McCue, and Jesse Thompson. 2012. Re-
cent trends in earnings volatility: Evidence from survey and administra-
tive data. B.E. Journal of Economic Analysis and Policy 12:1–26.

Dahl, Molly, ThomasDeLeire, and Jonathan Schwabish. 2011. Estimates of
year-to-year volatility in earnings and in household incomes from ad-
ministrative, survey, and matched data. Journal of Human Resources
46:750–74.



Life Cycle Earnings Volatility S81
Donohue, John J., and James J. Heckman. 1991. Continuous versus epi-
sodic change: The impact of civil rights policy on the economic status
of Blacks. Journal of Economic Literature 29:1603–43.

Dynan, Karen E., Douglas Elmendorf, and Daniel Sichel. 2012. The evolu-
tion of household income volatility. B.E. Journal of Economic Analysis
and Policy: Advances 12:1–40.

Gottschalk, Peter, and Robert A. Moffitt. 1994. The growth of earnings in-
stability in the U.S. labor market. Brookings Papers on Economic Activity
1:217–54.

———. 2009. The rising instability of U.S. earnings. Journal of Economic
Perspectives 23, no. 4:3–24.

Guvenen, Fatih, FatihKarahan, SerdarOzkan, and Jae Song. 2021.What do
data on millions of U.S. workers reveal about lifecycle earnings dynam-
ics? Econometrica 89, no. 5:2303–39.

Guvenen, Fatih, and Anthony Smith. 2014. Inferring labor income risk and
partial insurance from economic choices. Econometrica 82, no. 6:2085–129.

Haider, Steven. 2001. Earnings instability and earnings inequality of males in
theUnited States: 1967–1991. Journal of LaborEconomics 19, no. 4:799–836.

Hryshko, Dmytro, Chinhui Juhn, and Kristin McCue. 2017. Trends in
earnings inequality and earnings instability among U.S. couples: How
important is assortative matching? Labour Economics 48:168–82.

Jensen, Shane T., and Stephen H. Shore. 2015. Changes in the distribution
of income volatility. Journal of Human Resources 50, no. 3:811–36.

Katz, Lawrence F., and David H. Autor. 1999. Changes in the wage struc-
ture and earnings inequality. In Handbook of Labor Economics, vol. 3,
ed. Orley Ashenfelter and David Card, 1463–555. Amsterdam: North-
Holland.

Koo, Kyong H. 2016. The evolution of earnings volatility during and after
the Great Recession. Industrial Relations 55:705–32.

MaCurdy, Thomas E. 1982. The use of time series processes to model the
error structure of earnings in a longitudinal data analysis. Journal of
Econometrics 18, no. 1:83–114.

McKinney, Kevin, John Abowd, and Hubert Janicki. 2022. U.S. long-term
earnings outcomes by sex, race, ethnicity, and place of birth. Quantita-
tive Economics 13:1879–945.

Meghir, Costas, and Luigi Pistaferri. 2004. Income variance dynamics and
heterogeneity. Econometrica 72, no. 1:1–32.

Mincer, Jacob. 1974. Schooling, experience, and earnings. New York: Co-
lumbia University Press.

Moffit, Robert A., John Abowd, Christopher Bollinger, Michael Carr,
Charles Hokayem, Kevin McKinney, Emily Weimers, Sisi Zhang, and
James P. Ziliak. 2023. Reconciling trends in U.S. male earnings volatility:
Results from survey and administrative data. Journal of Business andEco-
nomic Statistics 41, no. 1:1–11.



S82 Blundell et al.
Moffitt, Robert A., and Peter Gottschalk. 2002. Trends in the transitory var-
iance of earnings in the United States. Economic Journal 112:C68–C73.

———. 2012. Trends in the transitory variance of male earnings: Methods
and evidence. Journal of Human Resources 47:204–36.

Moffitt, Robert A., and Sisi Zhang. 2018. Income volatility and the PSID:
Past research and new results. American Economic Review: Papers and
Proceedings 108:277–80.

Neal, Derek, andWilliam R. Johnson. 1996. The role of pre-market factors
in Black-White wage differences. Journal of Political Economy 104, no. 5:
869–95.

Sabelhaus, John, and Jae Song. 2010. The great moderation in micro labor
earnings. Journal of Monetary Economics 57:391–403.

Shin, Donggyun, andGary Solon. 2011. Trends inmen’s earnings volatility:
What does the Panel Study of IncomeDynamics show? Journal of Public
Economics 95:973–82.

Smith, James P., and Finis R. Welch. 1989. Black economic progress after
Myrdal. Journal of Economic Literature 27, no. 2:519–64.

Stock, James, and Mark Watson. 2003. Has the business cycle changed and
why? In NBER Macroeconomics Annual, vol. 17, ed. Mark Gertler and
Kenneth Rogoff, 159–218. Cambridge, MA: MIT Press.

Wagner, Deborah, andMary Layne. 2014. The person identification valida-
tion system (PVS): Applying the Center for Administrative Records Re-
search and Applications’ (CARRA) record linkage software. CARRA
Working Paper no. 2014-01, US Census Bureau, Suitland, MD.

Ziliak, James P., Bradley Hardy, and Christopher R. Bollinger. 2011. Earn-
ings volatility in America: Evidence from matched CPS. Labour Eco-
nomics 18:742–54.

Ziliak, James P., Charles Hokayem, and Christopher R. Bollinger. 2023.
Trends in earnings volatility using linked administrative and survey data.
Journal of Business and Economic Statistics 41, no. 1:12–19.


