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Extended Abstract

The importance of idiosyncratic labor income risk for individuals’ economic choices and, hence,
for allocations and welfare is hard to overstate. The literature that relies on incomplete mar-
kets/heterogeneous agent models is not only vast, but is also continuing to expand at a rapid pace.
Not surprisingly, a crucial ingredient in this research is the precise nature of income risk that re-
searchers feed into their models. This demand for reliable information has led to the development
of an active empirical literature that estimates stochastic processes for individual (labor) earnings,
going back to the early seminal contributions by Lillard and Willis (1978), MaCurdy (1982), and
Abowd and Card (1989), and more recent contributions by Meghir and Pistaferri (2004), Heath-
cote, Storesletten, and Violante (2008), Guvenen (2009), and Altonji, Smith, and Vidangos (2010).
Although these studies have made important contributions to our understanding of idiosyncratic
income risk, an important shortcoming is that they rely on very noisy survey data, with small
sample sizes—most commonly, the Panel Study of Income Dynamics (PSID).

The goal of this paper is to shed new light on income risk by using—for the first time—a panel
dataset on labor earnings obtained from administrative records that has three key advantages: (i)
very large sample size with a long average time span (7 to 20 times the size of PSID samples used
in the existing literature), (ii) minimal measurement error, (iii) no top-coding.1

First, as I elaborate in the data description below, the smallest sample we use has about 188,000
observations on approximately 19,000 individuals (compared to 10,000 to 35,000 observations on
500 to 2000 individuals, in most existing work). Furthermore, what is also critical is that more than
half of all individuals in our sample (ie., 10,000+ individuals) are observed for 15 years or more,
which is about 10 times larger than the number of individuals observed for the same duration in
PSID. As discussed in Guvenen (2009), a long time dimension is essential for constructing higher-
order autocovariances, which are critical for identification between alternative income processes.
Unfortunately, due to attrition, in most survey data sets few individuals are observed for 15 to 20
years, which has been an important obstacle for precise empirical identification in existing work.

∗Author affiliations: University of Minnesota, US Department of Treasury, Federal Reserve Board, Federal Reserve
Board, New York University.

1Although some recent studies have used different versions of US administrative data (Haider and Solon (2006);
Kopczuk, Saez, and Song (2010)), these studies do not estimate stochastic processes for labor income that can be
used to guide parametrizations of economic models. Schulhofer-Wohl and Norets (2010) is a partial exception: they
use wage data from the Social Security Administration and provide an interesting approach by estimating a Bayesian
econometric model of individual incomes. However, their data source is top-coded and (in their current version)
the multi-dimensional distribution for parameters generated by Bayesian estimation does not lend itself easily to
calibrating existing incomplete markets models.
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To discuss some specific examples of the unresolved empirical issues, consider the following
stochastic process for log labor income of individual i with h years of labor market experience:

yih = g(θ0, Xh)︸ ︷︷ ︸
common life-cycle component

+
[
αi + βih

]︸ ︷︷ ︸
profile heterogeneity

+
[
pih + zih + εih

]︸ ︷︷ ︸
stochastic component

(1)

pih = pih−1 + νih, zih = ρzih−1 + ηih, εih, η
i
h, ν

i
h ∼ i.i.d

This specification is fairly general (in fact, much more general than what is typically used to
calibrate economic models) and, thus, provides a good framework for discussion. The first function,
g, captures the life-cycle variation in labor income that is common to all individuals—notice the
lack of i superscript in θ0—with given observable characteristics Xh (such as age, education, etc.).
The second component captures potential individual-specific differences in income levels and, more
importantly, growth rates. Such differences would be implied, for example, by a human capital
model with heterogeneity in learning ability (Huggett, Ventura, and Yaron (2007); Guvenen and
Kuruscu (2009)). Finally, the terms in the last bracket represent the stochastic variation in income,
which is written here as the sum of a random walk, an AR(1) component and a purely transitory
shock.

A vast empirical literature has estimated various versions of (1) in an attempt to quantify the
importance of different components, yet no consensus has been reached. For example, studies that
allow for the second term (profile heterogeneity) find it to be quantitatively important and also
estimate the stochastic component to have low persistence (for example, νh = 0 and ρ� 1). Other
studies set βi ≡ 0 a priori, and, with this restriction, they estimate a nearly unit root shock process
(e.g, σν � 0 and ρ = 0 or 1). So, after decades of research, the literature has still not been able to
provide an unequivocal answer to a seemingly very simple question: what is the persistence of income
shocks? But clearly, the answer is crucial for a range of economic questions. Furthermore, and as
can be evident from this discussion, decomposing the fraction of the stochastic component that is
a unit root versus a persistent process has proved almost hopeless. Clearly, this lack of conclusive
evidence is not a reflection of researchers’ diligence or competence; rather it is a direct consequence
of the strong limitations imposed by the PSID data set, in terms of sample size, attrition patterns,
and significant measurement error that may not be of classical form.

The present paper aims to make significant progress on these (and related) questions, thanks to
the substantial sample size as well as high signal-to-noise ratio offered by the administrative data
we have available. The goal is to estimate several variants of the specification given in (1) as well as
some richer variants that have been considered in past work but have then been discarded due to
the difficulty of obtaining precise estimates with the small PSID samples. We hope that this paper
can provide a reliable “user guide” for quantitative economists who can find precisely estimated
parameters of income specifications most suitable for their model, ranging from the very simple to
the very rich ones.

A second important advantage of our data set is that it has no top-coding, so every income level
is recorded no matter how high they may be. In contrast, for example, Haider and Solon (2006) and
Kopczuk, Saez, and Song (2010) focus on earlier periods (starting from the 1950s) and obtain their
data from the Social Security Administration, which only records incomes up to the social security
contribution limit. Because this limit was very low in the 1960s and 1970s, about 2/3 of Haider
and Solon (2006)’s observations are top-coded during this period. Kopczuk, Saez, and Song (2010)
have been able to obtain non-top-coded data for one quarter each year. In any case, these studies
focus on different questions than those this paper aims to address.
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Finally, there is strong reason to suspect that the answers this paper will obtain from the
administrative data could be substantively different from those obtained from PSID. For example, a
large number of studies have documented from the PSID that since the late 1970s income inequality
rose because of a rise in permanent inequality in the 1980s, followed by a rise in transitory inequality
in the 1990s. In contrast, Kopczuk, Saez, and Song (2010) conclude from administrative records
data that earnings mobility has remained virtually unchanged during the same period, which is
hard to square with the PSID results that would imply a change in mobility during this period.

Data Description

The main data source for this paper is the IRS Continuous Work History Subsample (CWHS) and
includes detailed information about labor earnings as well as non-labor earnings at the individual
level, as well as demographic information on age and gender. It should be stressed that these data
are not publicly available. We are able to access this dataset through our collaboration with a
researcher in the Treasury Department, Bradley Heim.

We plan to use a twenty-year panel of tax returns that spans the period 1987-2006. This panel
is created by merging tax returns from an existing panel, known as the 1987-96 Family Panel,
with returns from cross-sectional files from 1997-2006. The 1987-96 Family Panel was collected by
the Statistics of Income (SOI) division of the IRS, and started with a stratified random sample of
taxpayers who filed in 1987. Over the following nine years, any return filed that reported any panel
member as a primary or secondary taxpayer were included in the sample, including tax returns
filed by panel members who were dependents of another taxpayer. In addition to information from
each taxpayer’s Form 1040, the dataset includes information on age and gender of the primary and
secondary filers, information on wages and contributions to employer-based retirement plans from
W-2 forms, and information on contributions to tax-preferred savings accounts from form 5498.

The 1997-2006 data come from yearly cross-sections that are also collected by the SOI. Like the
1987-1996 sample described above, in each of these years a stratified random sample was collected
consisting of a strictly random sample based on the last four digits of the primary filer’s SSN and a
high income oversample. Over these years, the size of the strictly random sample grew—consisting of
two four-digit endings in 1997, five endings from 1998-2005, and ten endings starting in 2006. Each
cross-section contains information from the taxpayer’s Form 1040 and a number of other forms and
schedules. To these data, we merged in information on age and gender of the primary and secondary
filers, information on wages and contributions to employer-based retirement plans from W-2 forms,
and information on contributions to tax-preferred savings accounts from Form 5498. The merged
dataset represents a one-in-5,000 random sample of taxpayers followed over 1987-2006. The panel
is not balanced, and so some taxpayers drop out of the sample due to death, emigration, or falling
below the tax filing thresholds, while others enter because of immigration or becoming filers.

After the sample has been cleaned up, the primary sample has about 188,000 observations over
20 years. This is substantially larger than the typical PSID samples. For example, MaCurdy (1982)’s
analysis was based on about 10,000 observations; Abowd and Card (1989) had about 15,000; even
more recent studies by Guvenen (2009) and Heathcote, Storesletten, and Violante (2008) have about
35,000 observations. Moreover, these PSID samples are marred by pervasive measurement error,
which is a much minor problem in the IRS administrative data.
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