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Abstract

Although most research on US income inequalitydseis based on public-use March CPS data,
a new wave of research using IRS tax return da@rte substantially higher levels of inequality
and faster growing trends for recent years. We dhaivthese apparently inconsistent estimates
are largely reconciled when the income distribuaon inequality are defined in the same way.
Using internal CPS data for 1967-2006, we showekamates of top income shares based on
internal CPS data for 1967—-2006 are similar in maspects to the IRS data-based estimates
reported by Piketty and Saez (2003). Our resulf@yirthat changes in US income inequality

since 1993 are largely driven by changes in theesbiathe top 1 percent.
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Introduction

The March Current Population Survey (CPS) pubtie-files have been the primary data
source used to study income inequality trendséniBA?! The consensus finding of research
based on these data is that, excluding capitasghmusehold income inequality increased
substantially in the 1970s and 1980s, and continoiétcrease but at a much slower pace
starting in the 1990s (Gottschalk and Danziger 20@8y and Valetta 2006, and Burkhauser,
Feng, and Jenkins 2009).

The most notable alternative source for studyirgine inequality trends derives from
tax return data. In their seminal paper, Piketty Saez (2003) use data from Internal Revenue
Service (IRS) Statistics of Income tax returnsralgze income inequality trends in the USA.
Their paper used the methods of Piketty (2003)ctwkbnsidered top income shares in France,
and was one of the first in a growing literaturatthas used tax return data to examine income
inequality trends around the world. See Atkinsdd0&) for the UK, Saez and Vaell (2005) for
Canada, Bach, Corneo and Steiner (2009) for Gerpiaely (2005) for Germany and
Switzerland, and Atkinson and Leigh (2007) for Aab&. Atkinson and Piketty (2007),
Atkinson, Piketty and Saez (forthcoming), and Leig0b09) provide comprehensive reviews of
this literature

One of Piketty and Saez’s major contributions degifrom being able to observe income
inequality trends over a much longer period thavious researchers: tax return data are
available for years well before any survey datanaome was collected. However, their findings
have also sparked debate about inequality trendscent years. For a flavor of the debate on
this topic, see the blog postings by leading ecastsnand others on the Economists View

website (2007). Reynolds (2007) provides an ilatgtn of how the work by Piketty and Saez



has altered the popular view of recent trendsaomme inequality and a critique of their results.

In contrast to research based on CPS data that ificdme inequality slowing in the
1990s, Piketty and Saez (2003, 2008) find thashiae of total income, excluding capital gains,
held by the very richest groups grew during theQ8nd, with the exception of the period from
2000-2002, continued to rise rapidly through thgitreing of the 21 century as well. When
including capital gains, they find that top incosteares grew even faster. What explains the
differences in inequality trends found by researslusing these two types of data?

One explanation is that there are deficienciesxmar both of these data sets that limit
researchers’ abilities to observe the true trendsequality. Critics of using the public-use CPS
to measure income inequality argue that topcodinggercoverage, and underreporting of top
incomes restrict the survey’s ability to observeoime changes for those at the top of the
distribution. See inter alia Levy and Murnane (19®emrod (1996), Burkhauser, Couch,
Houtenville and Rovba (2003-2004), Piketty and 260@), and Burkhauser, Feng, and
Jenkins (2009). Thus, to the extent that incomgquaéty changes are due to changes in the
topcoded portion of the CPS, researchers usingldies may mismeasure trends in income
inequality. Furthermore, to the extent that incaneguality changes are due to income sources
not captured in the March CPS, such as capitakg#ie CPS will also mismeasure income
inequality trends

Using IRS data to measure income inequality alsopogential limitations, however.
Critics point out that tax filers have a finandiatentive to report their income in ways that limit
their tax liabilities and, as a result, filing bela is sensitive to changes in the personal income
tax rate. There are several fiscal manipulatioatsgies that are sensitive to changes in marginal

tax rates and income reporting rules. These inctadassifying income as either wage earnings



or business profits depending on which is taxes (8svadasan and Slemrod 2008), receiving
untaxed fringe benefits in lieu of wage compensafiWoodbury and Hammermesh 1992), or
deferring compensation through stock options oetletl compensation packages (Scholes and
Wolfson 1992, Goolsbee 2000). Since high incomeezarare most able to adjust the way that
they receive and report income, tax return data esggcially not be able to capture income at
the top of the distribution accurately. For examfiemrod (1995) suggests that tax law changes
since the 1970s have provided incentives for thg teh to switch their reported income from
Subchapter-C corporation profits, which are nobregd on personal income tax forms, to S-
corporation profits and personal wage income, whiehreported. This, in turn, may lead
researchers using tax return data to overstatadiual rise in income among the very rich. See
Feenberg and Poterba (1993) for an earlier disocnsdithis problem and a summary of the
difficulties measuring top incomes with tax recoddsa.

Piketty and Saez (2003) acknowledge that this tfgescal manipulation may affect
measures of top income shares, but argue thatestettis are problematic only for short-term
trends rather than the long run trends in incorequility which are their primary concern.
However, for researchers interested in the reltisieort-term trends in income inequality of
recent years, time-shifting of income may still @asproblem. Additionally, while time-shifting
of income may only impact income inequality in 8fert-term, income that is received in ways
other than through labor earnings — such as thrbigjtrer non-taxable fringe benefits or the
reporting of wage earnings as business profitsl-never be reported on personal income tax
forms and thus could have implications for long¥tenequality trends. Thus, to the extent that
changes in reporting rules alter the way inconrep®rted at the top of the distribution,

researchers using IRS tax return data may mismeastwal changes in income inequality.



Yet another potential explanation for the differesiin estimated inequality trends is that
they result from differences in the definition o€ome and how its distribution is summarized
rather than differences in the data sources themsehflthough all researchers using public-use
CPS data or IRS tax data examine “inequality” i lbhoad sense, there are substantial
differences in their definitions of “income” (thewrces included — most especially the inclusion
of government transfers and non-taxable incoméerfarmer and its exclusion in the latter —
and whether there is adjustment for differencéa@eds”), the income recipient unit (tax units
versus households and individuals within them), lamd best to measure inequality (in terms of
top income shares versus a more comprehensive measth as the Gini coefficient).

To some extent, these differences in practice bawtred because of the nature of the
data examined. For example, researchers usingcpuddi CPS data, which has a high prevalence
of topcoded values at the top of the income distitlm, often measure inequality using the ratio
of the 90" percentile to the fOpercentiIe (“p90/p10”) to mitigate problems argpiinom
topcoding. (See Burkhauser, Feng, and Jenkins &0@0discussion of the limitations of this
measure, with CPS illustrations.) Researchers uaxgeturn data focus on top income shares
since many low income individuals do not file a taturn. So it is not possible to directly derive
measures of income inequality that directly takepaat of the income of poorer groups (Piketty
and Saez 20@§. To date, no researchers have attempted to btidggap between the CPS- and
IRS-based literatures to determine the extent tclwthe differences in inequality estimates
emanating from these two literatures arise frorfedghces in the ability of these two data
sources to capture top incomes or from the appicatf different income constructs based on
these data sources. In this paper, we do just that.

Using internal CPS data, we examine income inetyuaénds since 1967, excluding



capital gains, using the inequality measures aoone distribution definitions developed by
Piketty and Saez (2003) and others using tax retata. Doing so, we can largely match their
results. Our estimates of top income share levelsti@nds are nearly identical for groups in the
richest tenth with the exception of the richesetcgnt. Even for estimates of the share held by
the top 1 percent, the two data sources are broadlgreement about trends over much of the
past 40 years. It is only during a six year peiiothe late 1990s that the trends diverge for
reasons that are not easily explained by changiéeinature of the two data sources.

Data

Our analysis derives from access to internal CR& which are identical to the data used
by Census Bureau researchers in their official wWede e.g. U.S. Census Bureau, 2009). These
data measure top incomes much better than theelatesed in public-use CPS files. To protect
the confidentiality of its respondents, the CerBuseau censors (“top codes”) each of the
income sources received by individuals. This pcacthust be addressed in order to derive
sensible estimates of top income shares using @RS The advantage of internal data over
public-use data is that the prevalence of topcoidingry much lowef.For example, in 2004,

0.5 percent of individuals lived in a householavinich some source of income was topcoded in
the internal data compared to 4.6 percent in thdiguse data.

Even the small extent of censoring in the inte@@E data produces biased estimates of
top income shares. To address this issue, we osétigle imputation approach in which values
for censored observations in the internal datarargiply imputed using draws from a
parametric model of the income distribution fittedhe internal data. The Generalized Beta of
the Second Kind (GB2) model used here is widelyluse¢he income distribution literature, and

shown to fit income distributions extremely welt@gs different periods and countries: see e.g.



Bordley, McDonald and Mantrala (1996), BrachmartighSand Trede (1996), Bandourian,
McDonald, and Turley (2003), Feng, Burkhauser, Batler (2006), and Jenkins (2009). Since
the GB2 is a four-parameter distribution, its shizpmore flexible than that of the Pareto
distribution which has also widely been used inliteeature to describe the top of the income
distribution.

The multiple imputation approach used here is #mesas that used by Burkhauser et al.
(forthcoming) and described in detail by Jenkinale{forthcoming). This approach first
involves fitting a Generalized Beta of the Secomdd{GB2) distribution for each year’s data by
maximum likelihood, accounting for individual-leveégjht-censoring. We then randomly draw
values from the income distribution that is implledthe fitted GB2 distribution and impute
these to censored observations, estimate inequradityes using the distribution comprising
imputations for censored observations and obsangsanes for non-censored observations, and
repeat the whole process one hundred times for s Estimates of inequality indices such as
top income shares are derived by combining thenastéis from each of the one hundred data sets
for each year using the ‘averaging’ rules propdsg&ubin (1987), and modified by Reiter
(2003), to account for imputation variability. Tliembination of Internal CPS data with
multiply imputed values for censored incomes presithe best available CPS-based estimates
of the income distribution. It is the source fdrtak CPS-based estimates of top income shares
that we compare with the tax record-based estintdtexp income shares of Piketty and Saez
(2003).

We believe that the flexibility of the GB2 distritoan allows for a better fit of top
incomes than the Pareto distribution but acknowdatigt both distributions are widely used to

impute top incomes in the inequality literaturecHtenbaum and Shahidi (1988), Bishop, Chiou,



and Formby (1994), and Piketty and Saez (2003)xxample, use the Pareto distribution. Thus,
in Appendix A, we explore the implications of usiadPareto imputation instead. We compare
the Paret@ coefficients describing the shape of the righttaéthe distribution that are implied
by our CPS data with those that we calculate froendata appendix of Piketty and Saez (2007).
In general, th@ coefficients from our multiply-imputed distributie are slightly smaller than
those derived from Piketty and Saez’s data. Thdgates that, if we had assumed that a Pareto
distribution with the Piketty-Sad¥coefficients described top incomes in the CPS, dagtop 1
percent income share would be larger and evenrdogbeir IRS-based results.

We have also undertaken all our calculations ofitepme shares using CPS internal
data used “as is”, without imputations for censoraldies. All the conclusions regarding income
shares for income groups below the top 1 percentiachanged. For the top 1 percent, using the
unaltered internal data rather than multiply imputgernal data reduces estimates of income
shares, but our conclusions about trends are sirfsitee Appendix A for further detalils.

Methods: Three Definitions of the Income Distributon

There are three substantial methodological diffeesrbetween research based on the
CPS and research based on the IRS tax returnTdegdirst concerns the inequality measures
used. Most CPS research employs either indicesasutie Gini coefficient or Theil index that
use data on all incomes, or indices like p90/pHD igmore incomes at the very top of the income
distribution. In contrast, tax data researchersgam the top of the income distribution, defining
inequality in terms of top income shares — theelodtotal income held by the richest 10
percent, the richest 5 percent, or the richestrégme, and so on — with larger income shares
indicating greater inequality.

The other two differences in method concern thendefns of income, specifically: what



is counted as “income” and what is the income-seogiunit. CPS-based researchers have
typically defined income as pre-tax post-transfieome excluding capital gains: see e.g.
Gottschalk and Danziger (2005) and Burkhauser. ¢faathcoming)? This includes all income
collected on the March CPS questionnaire, whightended to capture almost all cash income
received by individuals. Two notable exceptionsraadized capital gains and profit sharing
income, including stock options, which are not caed in the CPS. (See Weinberg 2006 for a
description of income sources collected and excdudeéhe March CPS data.) This income is
aggregated to the household level, and deflatetyusi equivalence scale to account for
differences in economies of scale and “needs” gth&are root of household size is a commonly-
used scale). Attributing the same size-adjustedgétoaid income to each individual within the
same household, researchers examine the distrbotimcome among individuals.

Piketty and Saez (2003) and other researchers testdata use different definitions.
Piketty and Saez define income to include any ireoeported on IRS personal income tax
returns before deductions and excluding capitalgyaihis encompasses “salaries and wages,
small business and farm income, partnerships ahgtiiry income, dividends, interest, rents,
royalties, and other small income reported as ir€qfRiketty and Saez 2003, pp. 5-6). In
addition to including stock options, which are maluded in the CPS survey, a notable
difference between this income definition and tfS®ne is that the IRS definition excludes
most transfer income, which is generally not tagabid not included in the adjusted gross
income reported on tax returns. Hence it is clogbe individual’s market income, which is also
known as pre-tax pre-transfer income in the broad®me inequality literaturg.See Scholz
and Levine (2002), Corneo and Fong (2008), and Baomeo, and Steiner (2009) for examples

of this type of measure.



Piketty and Saez (2003) aggregate income to thed tdf\the tax unit rather than to the
level of the household, do not adjust for differesin tax unit size, and examine the distribution
among tax units rather than among individuals. Apartant issue in this literature is that not all
individuals in the USA file a tax return, with nditers generally having lower incomes.
Therefore, estimates of the income share of thd @percent of tax filers understate the number
of tax filers relative to the situation in whichmtax filers are included in the base. That is, nvhe
the number of “potential tax filing units” (filegdus non-filers) is the base, a higher share of
actual tax filers and hence a larger share of tefdgre-tax pre-transfer income must be
included in order to correctly measure overall meanequality. To address this issue, Piketty
and Saez (2003) estimate the total number of pateéak units and calculate the number of
returns that make up the top income groups usiisgiimber. They define a potential tax unit as
a married couple of any age, divorced or widowetividual of any age, or single individual
over the age of 20. See the Data Appendix of Bilaitl Saez (2007) for further details.

Definitions of income and the unit of analysis em@ortant because variations in each
can be expected to lead to different inequalityresties. For example, we expect the inclusion of
transfer income in income (as is done by CPS rekegs) to reduce measured inequality
because transfer income is targeted at pooreritamwilhile the inclusion of stock options in the
IRS data likely increases inequality.

Additionally, low income individuals who need toash costs and lower living expenses
are more likely to live in larger households witldividuals outside of their tax unit. Therefore,
aggregating income to the household level rathem the tax unit, and adjusting for economies
of scale using an equivalence scale, may yielchaguality estimate that is lower than for the

distribution of pre-tax pre-transfer income amoayg wnits.



The two types of CPS series that we use are deéiaddllows. First, our “traditional”
CPS series, labeled “CPS-Post-HH”, refers to thienases based on the distribution of size-
adjusted pre-tax post-cash transfer household iscamong individuals, excluding capital gains.
Size adjustment uses the square root of houselrad s

The second CPS-based series, “CPS-Pre-TU”, useiyrkaez-type definitions of the
income distribution. That is, we consider distribas of non-size-adjusted pre-tax pre-transfer
tax unit income, excluding capital gains amonguais. Since tax unit identifiers are not
provided in the CPS, we follow Piketty and Saeztscpdures to determine potential tax units.
All single individuals over the age of 20, marrigmlples, and divorced or widowed individuals
are considered to head a tax unit. Never-marriddrelm under the age of 20 are considered
dependents and are assigned to the tax unit afgheent or guardiahOur measure of pre-tax
pre-transfer income includes income from wagessataries, self-employment, farm income,
interest, dividends, rents, trusts, and retirerpenision income — which closely matches the
taxable income sources included in the IRS taxmedata analyzed by Piketty and Saez.
Although a small number of taxable transfers a@ugled by this definition, the broad income
categories used by the CPS prior to 1987 makdfitwli to separate these taxable transfers from
non-taxable transfers consistently across theeepériod. The vast majority of transfer income
is non-taxable, and so our best approximation ketBi and Saez’s income definition necessarily
excludes this income source.

Matching the procedures used for Piketty and Sgeaisary income series, capital gains
are excluded. This exclusion is both because dajatas are not recorded in the March CPS and
because “[r]ealized capital gains are not an anfhmalof income (in general, capital gains are

realized by individuals in a lumpy way) and formey volatile component of income with large
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aggregate variations from year to year dependingfack price variations.” (Piketty and Saez
2003, p 6). However, as illustrated in the appendiRiketty and Saez (2003), since capital gains
are primarily received by high earners and thigidcas increased over time, including capital
gains would likely raise the level of inequalitydaits increases in recent years. This would be
true both using IRS-based data, where capital gam#cluded by some researchers, and using
the CPS-based data, where capital gains are ggneoaincluded since they would have to be
imputed as an addition to income recorded on tlestipnnaire.

Comparisons between the CPS-Post-HH and CPS-Psefiies are informative about
how much of the difference in top share estimateshe attributed to differences in definitions,
whereas comparisons between the CPS-Pre-TU sadabea “Piketty-Saez” estimates reported
by Piketty and Saez (2003, 2008) are informativeauabow much of the difference in estimates
can be attributed to differences in the underlylatp source.

In order to contrast the three series at sevetatpm the income distribution, we
examine income shares for three groups withiniteest tenth of the distribution each year. We
consider the fortunes of those with incomes betviker®d' and 95' percentiles of the
distribution (the “p90—p95 group”), those with imses between the 8%nd 99' percentiles of
the distribution (the “p95—p99 group”), and thoseédp 1 percent.

Top Income Shares: IRS- and CPS-based Series Comjealr

P90-P95 and P95-P99 income sharbsFigures 1 and 2 we provide our estimates of top
income shares for the first two of the top incoreees defined earlier. The income shares for the
p90—p95 group are presented in Figure 1 and thesiiar the p95—p9§roup are presented in
Figure 2. For both groups, the estimates of incehaes according to the CPS-Post-HH series

are smaller than the corresponding ones from tkettytSaez series. This is unsurprising given
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the two very different income definitions used. Bese a much greater share of non-taxable
government in-cash transfers —Aid to Families vidd¢pendent Children (AFDC), Temporary
Assistance for Needy Families (TANF), Social Segusenefits, etc. — are held by the poorest
90 percent of the pre-tax post-transfer (CPS-Pa$dEfinition) distribution, we would expect
the income share of the top 10 percent of the gxgpost-transfer income distribution to be
smaller than the income share for the top 10 peiethe Piketty-Saez gross income
distribution in all years. This is the case.

But, once we control for differences in definitiotise differences in estimates of income
share held by these high income groups based ora@® 8RS data are much smaller in both
level and trend. This can be seen by comparingespanding estimates in the CPS-Pre-TU and
Piketty-Saez series. For the p90—p95 group (Figjurthe CPS-Pre-TU series and Piketty-Saez
share estimates are almost identical in the beggnai the period. The increase in the CPS-Pre-
TU series p90—p95 group’s income share over thged® period is somewhat greater than the
Piketty-Saez estimates: a rise from 10.9 perceh®1b percent, compared to a rise from 11.0
percent to 11.9 percent. But, even with the sligérid differences, the income shares in each
year are always close to each other. For the p3bgpflp (Figure 2), levels and trends using
the CPS-Pre-TU and Piketty-Saez series are evearclalthough the CPS-Pre-TU series again
shows a slightly greater upward trend than thedgia.

In addition to comparing the income share of the-p®5 and p95—p99 groups, we also
considered the sources from which individuals esthgroups received their income. However,
the GB2-based multiple imputation procedure mugtdrérmed on total household income and
thus cannot distinguish source-level incomes fr @inalysis. While this limits the usefulness of

a comparison for the top 1 percent of the distrdsytsince most individuals in the p90—p95 and
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p95—p99 groups do not have censored incomes waseathe unadjusted internal data to
compare the sources of income for members of theses’ As discussed in Appendix B, for
the p90—p95 and p95-p99 income groups, the soaféesome for members of these groups are
also similar between the CPS Pre-TU series an®iltedty-Saez series. This further supports the
assertion that up through the™®ercentile of the income distribution, the IRS &#IS based
results are similar once controlling for the diffaces in income and sharing unit definitions.

Top 1% income share$hus far, we have restricted our attention to gsowfth incomes
lying between the 9band the 98 percentiles. The similarities between the incolaes in the
IRS and CPS data for individuals in this range sthbe of comfort to both IRS and CPS
researchers. The similarities mean that, up toéng highest incomes, the two datasets are
consistent once there is reconciliation of therdgdinal differences described above. But what
about the income shares of the top 1 percent?

It is only within this group that we see largerfeliEnces in results across the datasets.
Figure 3 shows that the income shares for the %mflthe distribution using each of our three
series. In contrast to the earlier findings for diger two income groups, when using the same
pre-tax pre-transfer income definition, a more aite unexplained gap remains between the
datasets. It is worth emphasizing, however, thatewhe remaining difference is greater than for
the other two income groups analyzed, the diffeeenig absolute terms between the CPS Pre-
TU series and the IRS series are relatively sratilgast in earlier years. Before 1986 the income
share for the top 1 percent is between 1 and Zptage points greater for the Piketty-Saez
estimates relative to the CPS-Pre-TU series, affhahis difference expands in later years.

Trends in income shareArguably, inequality trends over time are of greaterest to

researchers than inequality levels. In both the ERSTU series and the Piketty-Saez series we
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find slower growth in the share of income held ly p90—p95 and p95—p99 groups starting in
the early 1990s than was the case in the 1980s, Dloth the CPS and IRS data sources suggest
that whatever top income concentration occurrethduhe 1990s, it was largely confined to
increases in the share of income held by the tpprdent.

So, what precisely has been happening to the pgrdent’s share? Prior to 1986, the
trends in the income share for this group are rkatdy similar according to all three series.
Table 1 shows the average annual percent incregasies top 1 percent’s income share for seven
sub-periods. The two pre-1986 periods are theivelgtiow inequality growth period of the
1970s and the higher inequality growth period frlt®80-1986. Each of the three series shows
similarly small inequality growth in the 1970s, atheé 1980-1986 period is even more similar as
the Piketty-Saez series and two CPS series showsaidentical average growth in the share
held by the top 1 percent. It is only after 198&t tmore substantial differences between the
series begin to appear. The first of these diffeesroccurs from 1986-1988, when the Piketty-
Saez series shows a dramatic 22.1 percent anramahse in the top 1 percent income share. The
increase according to the CPS-Pre-TU series isra moderate 2.0 percent.

This divergence between series subsides in thegenmediately after 1988. When the
CPS-Pre-TU series is used, the difference in theltpercent’s income share between this series
and the Piketty-Saez one is just 0.2 percent parfyem 1988 to 1992. Thus, when using
similar income definitions, the trends in the in@siare of the top 1 percent are similar in both
data sources for the entire period between 196718848 with the exception of 1986—1988.

From 1992-1993, the trends diverge again acrogsssénm this year, both CPS series
increase by over 40 percent while the IRS serikstig 4.9 percent. It is only from 1993-2000

that the IRS series shows a sustained increade ishiare of income held by the top 1 percent
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relative to CPS-Pre-TU series. Over this period,Riketty-Saez series estimates that the top 1
percent’s share was rising at an accelerated paee4.1 percent annual increase is more than
twice the rate of increase in the early 1980s. @ytrast, the CPS-Pre-TU series yields an annual
increase of only 1.5 percent in the income shataefop 1 percent — which is a slower rate of
increase than seen in the 1980s. But after thegbwee for the 1990s, trends across series
converged again from 2000-2006 and all three sehiew similar increases of between 1.3 and
1.5 percent average annual increases in the tepcemt’s income share.

So, for most periods during the past 40 yearstrérels in top income shares are similar
— once similar income definitions are used. Theeen@ major differences in the trends implied
by the different sources for the income sharefogeé with incomes between thé"%nd 94'
percentiles. It is only during the periods 1986-8,9892-1993, and 1993-2000, that the two
sources show markedly different trends and only foe the top 1 percent of the population.
Explaining the differences in trends in the share fothe top 1 percent

While the p90-p95 and p95-p99 series are quiteechososs the two datasets, what
explains the divergences between series in estintdtihe share of the top 1 percent for the
periods 1986-1988, 1992-1993, and 1993-20007 Wk déingt the results for the first two
periods arise from well-known limitations of theSRax return data and of the CPS, respectively.

For 1986-1988, we argue that the increased shahe abp 1 percent shown by the
Piketty-Saez series primarily reflects a changeupolicy rather than any genuine change in
the incomes controlled by the richest 1 percené Tax Reform Act of 1986 provided
substantial incentives for the very richest taxato switch reported income from Subchapter-C
corporations to Subchapter-S income and wage inc(®ee e.g. Feenberg and Poterba 1993,

Slemrod 1996, Saez 2004, and Atkinson, Piketty,Zaml, forthcoming.) The tax law changes
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likely created a behavioral effect in how incomeegorted, which led to the very large observed
increase in top income shares in IRS personaldtaxm data excluding capital gains over the
course of these two years.

This blip therefore primarily reflects the IRS t@cords improved ability to capture more
of the income of this top income group after th8@Jax Reform Act. The high incomes
observed after the reform were likely receivedrmividuals at the top of the income
distribution prior to the reform as well, but sin@ersonal income tax rates exceeded corporate
tax rates individuals had a financial incentivestiacture their income in ways that prevented it
from appearing on personal income tax forms, oy apbearing on personal income tax forms in
the form of capital gain%.

In contrast, the CPS data shows no such increased&e 1986 and 1988 after the Tax
Reform Act. We suggest that this is because the €Lir®y questions about income are broader
than the detailed questions on IRS tax forms. Assalt, nuances such as Subchapter-C versus
Subchapter-S income that are important for taxgagempleting their tax return, and hence for
the administrative records derived from them, dohawve the same impact on CPS pre-tax
income reporting. Since the CPS inquires simplyualpoe-tax income rather than making
distinctions about whether the income is from achabpter-C or Subchapter-S corporation, the
consequences of this type of reporting are of pessonal consequence. Therefore, March CPS
data are less sensitive than tax record data areatoges in the way in which people distinguish
between different types of income in response anghs in tax laws.

Similarly, the divergence between the series f@&2+4.993 reflects fundamental changes
in the design of the CPS rather than a real changeome inequality. Over these years, the

Census Bureau implemented a major redesign ofutive g instrument, including a change to
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computerized rather than paper-based data colfeotethods. (See Ryscavage 1995 and Jones
and Weinberg 2000 for details.) These changes,mdisn included allowing respondents to
enter higher income values than allowed previousiproved the ability of the CPS to record all
incomes but especially top incomes. We argue thatchange in measurement primarily
explains the increase of more than 40 percentaridp 1 percent’s share in the CPS data during
these years.

In both the case of the 1986-1988 increase inR&tax records and the 1992-1993
increase in the CPS data, the income shares hétdlip should more accurately represent actual
income at the top of the distribution. With the GdRa this is because the survey was
redesigned with the intention of improving its chiity to capture top incomes and with the IRS
data this is because top earners are now repariarg of their income in ways that are captured
on personal income tax records.

Since the 1992-1993 increase in top income shard®iCPS data primarily reflects a
change in survey design and the 1986—88 increa®s@ imcome shares in the IRS tax records
data primarily reflects a change in the way thatumits report their income, we explore the
consequences of controlling for these artifactsvedsurement. Figure 4 illustrates the level of
top 1% income shares in each series over the pagtats, upwardly adjusting the top income
shares prior to the blips as if the better infoiorabn top incomes now observed were available
prior to 1986 in the IRS data and prior to 1992hia CPS datdWhen this is done, the levels of
the top 1 percent’s share remain within 2.2 peagpoints of each other across the two
datasets until 1994 and the trends are quite similer than the previously mentioned
divergence from 1993-2000.

What explains the divergences for 1993-20007? Skfaaiars could distort top income
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share trends in both series. For example, includapgtal gains would likely increase top income
shares in both series. Conversely, including nahdeenefits (e.g. health insurance, food stamps,
rent subsidies, etc.), housing stock appreciabomeasuring post-tax income would likely
decrease top income shares in both series. Howsneg these factors are excluded from both
datasets they will distort top income shares egualboth. Thus, the divergence must result

from income sources that are excluded in one daatencluded in the other and which

changed during the mid-1990s to influence the seAdternatively, the divergence could result
from a shift in the ability of one or both datasetsapture top incomes over this period.

One potential explanation, as Reynolds (2006) sstgges that changes in tax rules,
requiring executive stock options to be reportethaable income, led to the estimated rise in
income share of the top 1 percent in the PikettyzSgersonal income tax series. According to
this hypothesis, this group’s income share hasyswaen higher than observed (implying a
greater difference between the Piketty-Saez and@BS U series). And importantly, trends
according to the two series are more similar orgtioeinds that the more rapid increase in the
Piketty-Saez series in the 1990s was an artifatttedthanges in tax accounting rules.
Alternatively, it is possible that the use of staqiions increased in the 1990s and that the IRS
data accurately captured this increase but thed2a®sdid not since it does not ask about stock
options. Thus, this hypothesis would suggest thatap income shares actually were increasing
in the 1990s but the CPS data simply is unablésee this change.

Another possible explanation is that a greatereiase in the use of tax-deferred savings
accounts (401k plans, Keogh plans and IRA tax stg)lby individual in top income groups
outside the top 1 percent may explain part of ibein the income share of the top 1 percent in

the Piketty-Saez series for the late 1990s. WaBBg) finds that pension assets are much more
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important to individuals outside of the top 1 petoef the wealth distribution. However,
Porterba, Venti, and Wise (2001) show that theratiall pensions including defined benefit
and defined contributions to payroll was steadgulgh at least 1999. Thus, if this explanation
explains the discrepancy it is possible that i@sause income previously received as defined
benefits, which are missed by both the IRS and @R8& prior to retirement, is now received as
defined contribution income, which is missed onptle IRS data. As a result, the CPS data
could artificially observe slower inequality growdl individuals shift from unobserved to
observed pension income. The IRS data, in contnamsitld overstate the levels of top income
shares by excluding this source of income primagheived lower in the distribution, but would
be accurate in the trends.

Each of these explanations for the diverging tresg¢ausible but difficult to investigate
further with either data set. The view that the @REan increasingly poorer job of capturing top
incomes in the late 1990s is also plausible. Buhis is the explanation, the timing of the
differences is curious. After its redesign in 199 CPS was better able to capture top incomes,
as evidenced by the artificial jump in inequalitybioth of our CPS series between 1992 and
1993. Moreover, the prevalence of censoring duttingperiod — after the internal data’s
topcodes were increased — was lower than it witseimid-1980s or in the early 2tentury™°
So the CPS design changes should have increasedrtrey’s ability to accurately observe top
incomes during this period.

How might future research proceed to investiga¢setdivergences further? Since the
two datasets are remarkably similar below th& @ércentile and only diverge in the 1990s for
the top 1 percent, researchers particularly comzewith this additional reconciliation of the

datasets for the late 1990s should focus on elenodrmne or both datasets that effect trends
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differently during this period alone.

For researchers particularly interested in theltgercent income share in the late 1990s,
the Survey of Consumer Finance (SCF) may be dut@iource for comparisons. Wolff and
Zacharias (2009) compare SCF estimates of top iacgimres to those of Piketty and Saez and
find similar levels for the top 1 percent’s shargecent years — although they observe more of
the rise coming prior to 1994 than Piketty and SiezZKennickell (2009) compares SCF
estimates to Piketty and Saez’s estimates for ircmcluding capital gains and finds a top 1
percent income share in 2006 that is less thamceptage point below that reported by Piketty
and Saez, along with similar, but slightly smalteznds in the top 1 percent income share since
1994. Because the SCF produces top income shareates that are in line with those from the
CPS and IRS data, researchers interested in milyeihderstanding the 1993—-2000 discrepancy
between the datasets may be able to gain insighthe precise causes through a careful
analysis that includes all three of these datasets.

Income inequality trends according to Gini coefficents

Thus far we have explored the ability of CPS dateapture trends in the share of pre-tax
pre-transfer income going to top tax units in tR&ltax record data as measured by Piketty and
Saez. But inequality trends can also be influermyethe choice of inequality index. It is less
clear though, whether this choice has a practinpbict on recent inequality trends in the United
States. From country-level time series cross-sedaia, Leigh (2007) concludes that top
income shares track other inequality measures meadpwell. However, to our knowledge, no
previous study has performed a comparison of indggueends using both the Gini coefficient
and top income shares using a long run of comparatit record data from the same country.

Since a top income share is the only inequalitysueathat can be readily derived from
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IRS tax record data we focus this analysis on tR8 @ata. Using the two CPS-based series, we
compare the observed growth in income inequalitygighe Gini coefficient to the trend in the
income share of the top 1 percent and the top fdepeof the population. By using the same
sample to compare results for these three inegualtasures, we can determine the extent to
which the choice of inequality measures influertbesobserved trends in income inequality.

Table 2 shows the average annual percent increagesgthese three income inequality
measures in the CPS data for the seven subperioms1967 and for the entire 40 year period,
suppressing the artificial increase from the 19993lredesigi’ Using either CPS-based
income series, the two top income share seriebixaster inequality growth than the Gini
series when considering the entire 40 year peWdten considering the subperiods, the pattern
is mixed with the top 1 percent’s income share leixing higher growth than the Gini coefficient
in some periods (1980-1988, 1993—-2000, and 2006)20@ slower growth in others (1967-
1980 and 1988-1992). During the period of greatisstgreement between the two literatures —
from the early 1990s through the 2000s where ti®BRsed literature has observed much larger
increases in income inequality — this differencguge large. Using the CPS Pre-TU series, the
growth in inequality as measured by the top 1 paiséncome share grew approximately 1.5
percent per year from 1993 through 2006. This coegpt an average annual growth of just 0.3
percent per year in the Gini coefficient. (The gtiown the top 10 percent’s income share is
much closer to that of the Gini.)

These results also help explain why researchemieisg top income shares using IRS
tax records have found continued inequality grotlitbugh the 1990s while researchers
examining Gini coefficients using CPS data have W& previously observed some differences

in inequality trends between the two datasets duhis period even using the same inequality
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measure. However, Table 2 shows that differencéseimequality trends observed in these two
literatures also stem from differences in the iraifyindex used.

Since there are discrepancies in the top 1 pemceoine shares across the two datasets in
the 1990s, however, this complicates the analgsiselsearchers who prefer the IRS based top 1
percent results but also wish to use the Gini odefit to measure inequality. But since we have
demonstrated that the IRS and CPS data are camsistehrough the 9percentile, it is
possible to incorporate one’s preferred top 1 perseries by using the Gini from the bottom 99
percent of the distribution from the CPS data alaitg information about the top 1 percent of
the distribution from IRS data. This type of apmio@s demonstrated by Atkinson, Piketty, and
Saez (2009). For researchers interested in contpthaedatasets in this way, Gini coefficients
for the bottom 99 percent of the population, alantty those for the complete distribution,
estimated using our CPS-Pre-TU and CPS-Post-Hldssare provided in Appendix Table C1.
Summary and Conclusions

We analyze trends in top income shares in the U&Auding capital gains over four
decades (1967-2006), with the goal of reconcilstgeates derived from the CPS with those
reported by Piketty and Saez (2003) and derivem RS tax return data. Our CPS-based
estimates draw on the internal data used by thewW3eBureau to produce their official income
statistics, which is a much better source for examgiincome distribution trends than CPS
public-use data because the prevalence of topcaslsgbstantially smaller.

When applying a Piketty-Saez-type definition of itheome distribution to CPS data (the
CPS-Pre-TU series), we derive estimates of topmmecshares that are remarkably similar in
terms of both levels and trends to those reporyeiiketty and Saez (2003, 2008) for both the

p90—p95 and p95—p99 groups. The shares grew itAB@s and then slowed starting in the early
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1990s. For the top 1 percent, our CPS-Pre-TU spriesdes a slightly lower share estimates
than the Piketty-Saez series does but, with thepian of the period 1993-2000, the trends in
the series are similar. Thus, we conclude thatifierences in inequality trends observed by
researchers using these two data sources areimaripy due to deficiencies in either data
source but rather to the traditions of income iradityymeasurement used in the two literatures.

To explore this possibility further we also measaeome inequality using Gini
coefficient in the March CPS data, and compareltesuthose using top income shares. When
using identical data, source of income, and incogoeiving units but different inequality
measures, we found that the growth in the inconagesbf the top 1 percent of the population
substantially outpaced measured inequality usiedg3imi coefficient (Table 2). Thus, we
conclude that at least part of the differing viawshe two literatures about recent trends in
income inequality can be attributed to differenicethe literatures’ measures of income
inequality. Specifically, while the income divergerbetween the very top income holders and
the rest of society was growing in the 1990s, tleevth in income inequality across the entire
distribution occurred at a more moderate pace.

When we use the same measure of income inequality income share of the top 1
percent — and similar income definitions — pre4fan tax-unit income excluding capital gains —
with the CPS data we are, for the most part, ableproduce the same levels and trends Piketty
and Saez find using the IRS tax record data. Thedivergence in observed income inequality
unexplained by a known deficiency in either or bdétasets occurs over the period 1993-2000.
It is possible that in this period of rapid economiowth, the CPS was unable to capture the rise
in pre-tax pre-transfer income of the very richg=sbple or that one or both datasets were limited

in their analysis of income trends due to incona it outside the scope of their collection
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procedures. But, despite this limitation, userbath CPS and of IRS tax return data should be
comforted by our finding that, for most groupsted top and for most of the past four decades,
the differences in estimates from the two datassiare minor.

Given that we find that CPS top income trends H@aen broadly consistent with IRS
trends, and given that the CPS data includes magig-slemographic variables that are not
available in tax data, CPS survey data should eadtdglected for the study of top incomes.
Nevertheless, the CPS trends for the top 1% drdskow IRS trends — in part because the CPS
excludes all capital gains and some stock optiodsb@nuses, which are important income
components for some individuals at the top of tis&ritbution. Thus, the two datasets may best
be used jointly with the CPS data providing socsmrographic variables and the IRS data
providing income variables that cannot be obtaumsidg the CPS. Ideally, the Census Bureau
will work jointly with the IRS to match the CPS WwitRS administrative records, as this would

greatly improve the ability of researchers to bériedm the strengths of both datasets.
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Figure 1: Estimates from CPS and IRS tax return daa of the share of total income held by
units with incomes between the 9B and 95" percentiles, 1967—2006
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Sources. The Piketty-Saez series is taken fronttyikad Saez (2003, 2008). It refers to the
distribution of pre-tax pre-transfer income amoag wnits. The CPS-based series were derived
by the authors from CPS internal data. The CPSTRrseries was derived using the Piketty-
Saez definition; the CPS-Post-HH series referbeaistribution of size-adjusted pre-tax post-
transfer household income among individuals. See teat for further details.

Note: Vertical lines delineate time periods disgiyn Table 1 and discussed in the main text.
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Figure 2: Estimates from CPS and IRS tax return daa of the share of total income held by
units with incomes between the 95and 99" percentiles, 1967—2006
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Sources and notes: see Figure 1.
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Figure 3: Estimates from CPS and IRS tax return daa of the share of total income held by
the top 1 percent, 1967—-2006
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Figure 4: Estimates from CPS and IRS tax return daa of the share of total income held by
the top 1 percent, 1967—2006, adjusting for measureent changes between 1986-1988 in
the IRS data and between 1992-1993 in the CPS data.
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Sources and notes: see Figure 1.

Note: The Piketty-Saez series is adjusted upwaad {r 1988 to reflect the systematic
undercounting of tax unit income captured in IRBpaal income tax records prior to the 1986
Tax Reform Act. The CPS series is adjusted upwaad o 1993 to reflect the systematic
undercounting of income from top-income househplusr to the 1993 CPS redesign. To
control for the difference between these measurenfemnges and actual changes in the blip
years, it was assumed that the change in top 1étriashares from the unaffected dataset
reflects the actual change in the top income sbreee the blip years.
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Table 1: Average annual percentage change in inconskare of the top 1 percent, by

subperiod between 1967 and 2006

Subperiod March CPS IRS tax return data
Size-adjusted pre-tax post- Pre-tax pre-transfer tax Pre-tax pre-transfer
transfer household income unit income tax unit income

among individuals among tax units among tax units
(“CPU-Post-HH") (“CPU-Pre-TU") (“Piketty-Saez”)

1967-1980 -0.5 0.2 -0.2

1980-1986 1.7 1.9 1.9

1986-1988 3.2 2.0 22.1

1988-1992 0.0 0.8 0.6

1992-1993 45.0 42.5 -4.9

1993-2000 1.6 15 4.1

2000—2006 1.3 1.4 1.5

Sources: see Figure 1.
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Table 2: Average annual percentage change in inconmr@equality using three inequality
measures, by subperiod between 1967 and 2006, adjng for measurement changes in
1992-1993 in the CPS data.

Subperiod CPS Post-HH CPS Pre-TU
Share of Share of Share of Share of
Gini Top 1% Top 10% Gini  Top 1% Top 10%
1967-1980 0.1 -0.5 -0.2 0.4 0.2 0.5
1980-1986 1.2 1.7 1.1 0.7 1.9 1.1
1986-1988 0.6 3.2 0.9 -0.1 2.0 0.5
1988-1992 0.4 0.0 0.5 0.9 0.8 1.0
1992-1993 -0.8 -4.9 -0.8 -0.8 -4.9 -0.8
1993-2000 0.2 1.6 0.7 0.0 1.5 0.4
2000-2006 0.6 1.3 0.5 0.5 1.4 0.7
1967—-2008 0.4 0.6 0.4 0.4 1.0 0.7

Sources: see Figure 1.

® Following the procedure in Figure 4, the CPS sasedjusted upward prior to 1993 to reflect
the systematic undercounting of income from tomime households prior to the 1993 CPS
redesign. The change between 1992 and 1993 isteepas the corresponding change observed
by Piketty and Saez (2003) using IRS records. Sime&ini coefficient cannot be calculated in
the IRS data, the 1992993 change assumed for the Gini coefficient matthat in the IRS tax
return data for the top 10% income share. Fromrotéars, this appears to be the closest
approximation available in the IRS data.

P Following the procedure in Figure 4, the CPS seisedjusted upward prior to 1993 to reflect
the systematic undercounting of income from tomime households prior to the 1993 CPS
redesign, thus suppressing the 1992-1993 blip @pldceing it with the corresponding change
observed by Piketty and Saez (2003) using IRS dscor
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Appendix A. Sensitivity analysis: Pareto-based imptation and no imputation (unadjusted
internal CPS data)

Imputation of some kind is necessary when one wishealculate income inequality for
the entire income distribution including topcoddxervations, and imputation has therefore
been commonly-used in both the CPS-based inequitditgture and the IRS-based inequality
literature. To account for censoring in the inté@BS data (albeit of limited extent), we used
the multiple imputation (MI) approach describedha main text. To investigate the potential
sensitivity of our results to this choice, we atemsidered the implications of, first, using
imputations based on the assumption that top insdoiw the Pareto distribution and, second,
using no imputation at all, i.e. using unadjustaéinal CPS data. To investigate the Pareto
approach, we computed tRecoefficients implied by our GB2-based multiply-iotpd data and
compared these to tlfiecoefficients from Piketty and Saez’s (2008) resfor any thresholg,
the Paret@ coefficient can be calculated gs y (y)/y, wherey (y) is the mean income above
the income thresholgd If the Pareto distribution correctly describes thstribution above a
particular thresholg®, then estimates ¢gfshould be the same if re-computed using any
threshold y >°. For Pareto-based imputation to be robust, we avhape to observe little
variation in the estimates gfwith different top income thresholds. However, vadues ofp
derived from both Piketty and Saez’s and our dé&adepend on the threshold chosen, and so we
report values calculated for three threshop®9(p95, andp99). We derive them from our
multiply-imputed CPS data for each year using oB6@re-TU income definition and compare
them with thef coefficients derived from Piketty and Saez’s IR$ tecord data using the same
thresholds. The estimates are plotted in Appenijurie Al.

Using each of the three thresholds, gAlfeefficients implied from our GB2 estimation
are somewhat lower than those in the IRS dataeSirttighe) coefficient indicates greater
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concentration in the upper tail of the distributibad we assumed that top incomes fit a Pareto
distribution characterized by the parameters inaptig the IRS data, the top 1 percent income
shares would be slightly greater than those shovthe main body of the paper, and would
likely be even closer to those reported by Pikettg Saez (2003).

We also undertook all our calculations of top ineoshares from unadjusted internal
CPS data used “as is”, i.e. without imputationscemsored values. Appendix Figures A2
through A4 provide the top income shares usingtketax, pre-transfer tax-unit income
definition estimated from both the unadjusted im&ICPS data series and from our CPS data
series which includes GB2-based multiple imputatifor topcoded observations.

For the p90—p95 income group and the p95-p99 ieagnoup, the levels and trends in
income shares derived from the unadjusted CPScttzgaly match those from the Ml series, and
both are close to the levels and trends shown ksttyiand Saez (2003) using IRS tax records.
This is not unexpected as less than 1 percendofiduals lived in a household in which some
source of income was censored in the internal datasoring primarily impacts those in the very
top income group.

For the top 1 percent’s income share, using tlaeusted CPS data rather than the Mi
data results in a lower level of measured incoreguiality and a slightly lower income
inequality growth. The general patterns of inegyaficreases are similar, however, with the top
1 percent’s share increasing at a pace simildrgbshown by Piketty and Saez in the 1980s
(although the unadjusted internal data observeptnease later in the 1980s than the other two
series). As with the MI series, the rate of incesimsthe top 1 percent’s share then slows in the
1990s compared to that reported by Piketty and Bakwe showing similar patterns again in the

early 2f' century.
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Thus, our main findings hold even if no imputati@me made for the small number of
observations censored in the internal CPS datatr@ting for differences in income definitions
and inequality measures, estimates using CPS d@dl#®a are consistent for almost all of the

past 40 years with the exception of the mid- te-E@90s.

38



Appendix Figure Al: Paretop coefficients derived from GB2-based multiply-impued CPS
data and IRS tax data, by top income threshold, 196-2006
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Appendix Figure A2: Internal CPS data estimates othe share of total income held by units
with incomes between the 90 and 95" percentiles, with and without GB2-based multiply-
imputed imputations for censored observations, 1962006
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Sources. The Piketty-Saez series is taken fronttyikad Saez (2003, 2008). It refers to the
distribution of pre-tax pre-transfer income amoag wnits. The CPS-based series were derived
by the authors from CPS internal data. The CPSTRrseries with the GB2 imputation matches
the CPS-Pre-TU series from the main text, using@Bi2 imputation to derive censored incomes
in the internal data. The CPS-Pre-TU series usirggljusted internal data uses the unadjusted
internal data “as is”. See Appendix A and the maxt for further details.
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Appendix Figure A3: Internal CPS data estimates othe share of total income held by units
with incomes between the 9% and 99" percentiles, with and without GB2-based multiply-
imputed imputations for censored observations, 1962006
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Appendix Figure A4: Internal CPS data estimates ofhe share of total income held by the
top 1 percent of units, with and without GB2-basednultiply-imputed imputations for

censored observations, 1967—-2006
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Appendix B. Sources of income: unadjusted internaCPS data versus Piketty-Saez data

Having established that, in general, the sharaadme in March CPS data going to the
top 10 percent of the distribution closely matctied found in IRS tax record data by Piketty
and Saez (2007), we also seek to understand hosothiees of income compare for these
individuals. When doing so, it is necessary tothgeunadjusted internal data rather than the data
based on our GB2-based multiple imputation (Ml)gadure. This is because the MI procedure
is used to impute the total income of right-cendareservations and, hence, income sources
cannot be identified for observations with imputadlies. (It is infeasible to impute each income
source separately and then aggregate across irsmumees. To do so, the imputation model
would have to characterize cross-source correlat@snwell as the marginal distributions — the
number of which would increase substantially in aage.)

By using the unadjusted internal CPS data ratlear the Ml data, we are unable to
observe the actual incomes, or the sources of ihasenes, for observations with censored
income. But since many individuals in the top 1ceet of the income distribution have topcoded
data, we are only able to provide meaningful incamérce information for the p90—p95 and
p95—p99 income groups where censoring is less |amva

As illustrated in Appendix Table B1, the sourcesnabme are similar for the p90—p95
income groups in the CPS and IRS data. The peadentome among members of this group
received from wages ranges from 85.1 to 89.3 péxfancome when using the CPS Pre-TU
data, compared to a range of 86.9 to 91.6 perdantome when using the IRS tax records data.
While there are some year-to-year fluctuationdh@ihcome received from wages, the level is

remarkably stable in both the IRS and CPS data thnee40 year period.
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Among the p95-p99 income group, the income shaeealgo as similar, with the share
of income received from wages ranging from 74.83« percent of income in the CPS data and
from 73.3 to 84.4 percent of income in the IRSrpords data (Appendix Table B2). There are
only 5 years (1983, 1996, 1998, 1999) where therihce in the share of income received from
wages is greater than 4 percent in the two datasdttionally, both datasets show increases in
the portion of wages from income of approximately @ercent over the 40 year period while the
income from entrepreneurial activities declinede Dimly substantial difference between the
series is that the IRS tax records data indicatettie portion of income from assets declined
since 1967, whereas the CPS data suggest thairass®ie increased in importance to these
high-income individuals. In general, however, nolyalo the IRS and CPS data closely match
the share of income received by top earners imnit@me distribution, but they also provide

similar results for the sources of that income.
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ApEendix Table B1: Income composition by source fotax-units with incomes between the
90" and 95" percentiles of the income distribution, 1967—2006

Year CPS Pre-TU (Unadjusted) Piketty-Saez
Wage Entrepreneurial Asset Wage Entrepreneurial Asset

1967 86.3 10.3 3.3 88.2 7.3 4.6
1968 87.3 9.5 3.2 88.6 7.0 4.3
1969 88.8 7.7 3.4 88.6 6.8 4.6
1970 89.3 7.5 3.2 89.2 6.0 4.7
1971 88.1 8.8 3.2 90.1 5.6 4.3
1972 87.9 8.9 3.2 89.6 5.9 4.6
1973 87.3 9.1 3.6 88.8 6.4 4.9
1974 86.9 9.2 3.9 86.9 6.6 6.5
1975 87.5 8.6 3.9 88.7 5.6 5.7
1976 87.9 7.7 4.3 88.4 5.8 5.8
1977 88.2 7.7 4.1 88.7 5.4 5.9
1978 88.7 7.0 4.3 88.4 5.8 5.7
1979 87.8 7.6 4.6 89.1 5.2 5.7
1980 89.1 6.0 5.0 88.6 4.5 6.9
1981 87.3 6.6 6.1 88.1 3.7 8.2
1982 87.2 6.0 6.8 89.2 25 8.3
1983 85.1 7.5 7.3 89.5 3.4 7.1
1984 86.2 6.1 7.7 89.9 3.2 6.8
1985 86.9 5.8 7.4 89.9 3.2 6.8
1986 86.9 6.4 6.6 90.1 3.8 6.0
1987 86.5 8.0 5.4 90.1 4.3 5.6
1988 86.7 6.9 6.4 89.4 4.9 5.8
1989 85.7 7.8 6.5 88.6 4.9 6.5
1990 85.7 7.5 6.8 88.7 4.7 6.6
1991 86.3 7.8 5.9 89.4 4.7 5.9
1992 87.0 7.4 5.7 90.9 4.3 4.8
1993 88.2 6.3 5.6 90.9 5.0 4.2
1994 89.2 5.6 5.2 91.1 5.0 3.9
1995 88.4 5.6 6.0 91.6 4.5 3.9
1996 86.4 6.4 7.2 90.8 4.7 4.6
1997 85.7 6.2 8.2 91.0 4.8 4.2
1998 86.1 6.1 7.8 91.1 4.9 4.0
1999 85.4 6.4 8.2 90.6 5.5 3.9
2000 87.4 5.7 6.9 89.7 5.6 4.7
2001 87.8 5.8 6.5 91.2 5.0 3.8
2002 89.2 55 5.3 89.9 6.2 4.0
2003 88.5 5.4 6.0 90.1 6.3 3.6
2004 88.9 5.3 5.8 89.4 6.8 3.8
2005 88.5 5.0 6.5 88.1 7.5 4.4
2006 86.9 6.1 7.1 88.2 6.8 5.1

Sources: The Piketty-Saez series is calculated Riketty and Saez (2007, 2008). The CPS-Pre-TU
series using unadjusted internal data uses thgusted internal data “as is”. See Appendix A aral th
main text for further detalils.

Entrepreneurial income includes self-employmentfanah income. Asset income includes interest from
interest, dividends, and rents. For comparability she source-decomposition results presented in
Piketty and Saez (2007), income from other souace®xcluded and the sum of incomes from wages,
entrepreneurial activities, and asset income ikedda sum to 100 percent. Other forms of income
represent less than 4 percent of income in allsyear
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95" and 99" percentiles of the income distribution, 1967—2006
Year CPS Pre-TU (Unadjusted) Piketty-Saez
Wage Entrepreneurial Asset Wage Entrepreneurial Asset

1967 74.8 18.8 6.4 73.3 17.4 9.3
1968 76.8 16.8 6.3 73.7 17.2 9.1
1969 77.9 15.3 6.8 75.3 16.1 8.6
1970 78.9 14.7 6.4 77.1 141 8.7
1971 79.1 14.6 6.3 77.6 13.4 9.0
1972 77.8 16.1 6.1 76.4 14.6 9.0
1973 75.9 17.3 6.8 74.2 16.0 9.8
1974 78.1 15.3 6.6 74.3 15.5 10.3
1975 78.9 14.7 6.4 77.4 13.3 9.3
1976 79.4 13.7 6.9 77.9 12.7 9.4
1977 79.0 13.9 7.0 78.1 12.4 9.5
1978 77.8 154 6.8 78.0 12.6 9.4
1979 78.3 13.1 8.6 78.4 11.5 10.1
1980 80.6 11.2 8.2 79.7 8.5 11.9
1981 79.2 11.0 9.8 80.6 6.1 13.2
1982 79.5 10.6 10.0 81.2 5.4 135
1983 78.9 10.8 10.3 83.4 5.7 10.9
1984 78.9 10.3 10.8 81.8 6.3 11.9
1985 81.2 8.7 10.1 82.9 6.6 10.5
1986 81.1 9.9 9.0 83.3 7.3 9.4
1987 80.1 10.5 9.4 81.8 8.9 9.3
1988 80.5 10.6 8.9 80.3 104 9.3
1989 78.1 11.3 10.6 79.3 10.3 10.3
1990 78.9 10.3 10.8 80.5 9.8 9.7
1991 79.1 11.0 9.9 80.8 10.2 9.0
1992 82.3 8.7 9.0 82.6 10.5 6.9
1993 80.8 10.3 9.0 83.2 10.7 6.1
1994 81.5 9.4 9.1 82.9 10.8 6.3
1995 82.8 7.2 10.0 82.9 10.8 6.3
1996 81.9 7.8 10.3 82.4 11.1 6.5
1997 78.1 8.7 13.2 82.0 11.0 7.1
1998 78.7 8.2 13.1 82.2 11.4 6.5
1999 76.8 10.5 12.7 82.2 11.3 6.5
2000 81.5 8.9 9.7 82.3 11.0 6.7
2001 83.5 7.5 9.0 83.2 10.9 5.9
2002 85.7 7.6 6.7 84.1 10.6 5.3
2003 84.1 7.8 8.2 84.4 10.6 5.0
2004 83.5 7.7 8.8 83.2 11.5 5.3
2005 83.5 7.3 9.3 81.5 12.6 5.9
2006 82.3 7.4 10.3 80.9 12.2 6.9

Sources: See note to Appendix Table B1.

ApEendix Table B2: Income composition by source fotax-units with incomes between the
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Appendix Table B3: Income composition by source fotax-units with incomes in the top 1
percent of the income distribution, 1967-2006

Year CPS Pre-TU (Unadjusted) Piketty-Saez
Wage Entrepreneurial Asset Wage Entrepreneurial Asset

1967 55.3 32.6 12.1 41.8 33.1 25.2
1968 52.4 335 141 42.0 315 26.5
1969 494 34.1 16.5 43.9 311 25.0
1970 56.0 29.6 14.4 45.6 30.0 24.3
1971 52.6 33.6 13.8 47.6 28.8 23.7
1972 55.7 30.9 13.4 49.3 27.2 235
1973 56.2 31.4 12.4 49.1 27.2 23.6
1974 54.4 30.3 154 49.4 26.2 24.5
1975 57.3 29.2 13.5 52.9 234 23.7
1976 57.8 28.2 14.0 54.7 22.0 23.3
1977 56.4 26.2 17.3 56.1 21.0 22.9
1978 59.4 27.5 13.2 58.1 19.6 22.3
1979 61.6 22.6 15.8 59.0 17.0 24.0
1980 63.8 17.9 18.3 60.5 13.3 26.2
1981 66.4 171 16.6 62.7 7.8 295
1982 65.1 16.9 18.0 62.6 8.2 29.2
1983 62.8 18.4 18.8 65.5 9.8 24.7
1984 59.9 15.8 24.3 66.1 9.9 24.0
1985 68.6 15.0 16.4 63.6 11.0 254
1986 68.1 15.1 16.8 65.7 111 23.1
1987 70.2 14.5 15.3 63.9 17.2 18.9
1988 69.5 16.2 14.3 59.8 21.2 19.1
1989 704 15.1 14.5 56.7 223 21.0
1990 68.2 15.8 16.0 57.9 223 19.8
1991 69.7 13.9 16.4 57.4 23.0 19.7
1992 73.0 15.2 11.7 61.6 23.6 14.8
1993 76.8 14.6 8.6 62.1 23.8 14.1
1994 81.6 10.9 7.5 59.1 26.8 14.1
1995 80.2 10.8 9.0 59.2 27.3 135
1996 80.7 11.0 8.3 59.7 27.0 13.3
1997 77.7 12.6 9.7 60.3 26.7 13.0
1998 77.3 14.2 8.5 61.1 26.6 12.3
1999 81.7 8.2 10.1 62.1 26.1 11.8
2000 82.0 10.6 7.3 63.0 24.7 12.3
2001 82.9 10.1 7.1 61.7 26.5 11.8
2002 86.9 8.3 4.8 61.2 27.4 114
2003 835 11.0 5.6 60.2 27.7 121
2004 84.7 9.0 6.2 58.4 28.4 13.2
2005 81.8 12.6 5.7 54.8 30.9 14.4
2006 82.0 10.8 7.2 53.5 30.1 16.4

Sources: See note to Appendix Table B1.

Note: Because censoring threshold changes vamydmyrie source, the sources of income in the
Unadjusted CPS data is particularly sensitive nges in the topcode thresholds and, unlike
results in the main text of the paper, these result not adjusted using the GB2-based multiple
imputation procedure. Thus, while income compositesults are provided for the top 1 percent
for completeness and as a reference for the reagatiscourage overanalyzing the composition
of the top 1 percent due to these censoring coacern
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Appendix Table C1: Gini coefficients for the entirepopulation and the bottom 99 percent
of the income distribution using the two CPS-basethcome definitions, 1967-2006

Gini Coefficients Gini Coefficients
Entire Population Excluding the top 1%
CPS Post-HH CPS Pre-TU CPS Post-HH CPS Pre-TU
1967 0.365 0.479 0.339 0.457
1968 0.353 0.474 0.329 0.453
1969 0.354 0.479 0.330 0.458
1970 0.358 0.488 0.335 0.468
1971 0.360 0.496 0.337 0.476
1972 0.363 0.502 0.340 0.481
1973 0.361 0.481 0.338 0.463
1974 0.356 0.492 0.334 0.472
1975 0.361 0.502 0.338 0.482
1976 0.361 0.503 0.338 0.482
1977 0.365 0.505 0.341 0.484
1978 0.365 0.502 0.342 0.481
1979 0.369 0.503 0.345 0.481
1980 0.370 0.506 0.347 0.486
1981 0.376 0.514 0.354 0.493
1982 0.388 0.524 0.364 0.503
1983 0.394 0.526 0.370 0.503
1984 0.395 0.523 0.369 0.500
1985 0.391 0.522 0.369 0.502
1986 0.397 0.526 0.372 0.504
1987 0.397 0.525 0.372 0.501
1988 0.401 0.526 0.374 0.501
1989 0.408 0.533 0.376 0.503
1990 0.404 0.532 0.375 0.506
1991 0.402 0.536 0.376 0.513
1992 0.408 0.544 0.382 0.520
1993 0.435 0.569 0.392 0.530
1994 0.434 0.569 0.394 0.532
1995 0.431 0.565 0.389 0.526
1996 0.436 0.568 0.391 0.527
1997 0.440 0.569 0.394 0.527
1998 0.439 0.566 0.393 0.523
1999 0.438 0.565 0.395 0.526
2000 0.443 0.570 0.393 0.524
2001 0.448 0.578 0.396 0.532
2002 0.440 0.576 0.396 0.536
2003 0.442 0.576 0.400 0.540
2004 0.445 0.581 0.400 0.541
2005 0.452 0.583 0.404 0.541
2006 0.457 0.588 0.404 0.540

Sources: Authors’ calculations using Internal Ma@iPS data

Note: No adjustment is made for the blip in the ClRa& between 1992 and 1993. A
corresponding series adjusting for the 1992-1948uding the methods described in the main
text of the paper is available upon request froenahithors.

48



Endnotes

! See Atkinson, Rainwater, and Smeeding (1995), Atkinand Brandolini (2001) and
Gottschalk and Smeeding (1997) for reviews of tio®me distribution literature. For more
recent examples of the use of the public-use CR&e@suring inequality trends in the USA, see
Gottschalk and Danziger (2005), and Burkhauserg el Jenkins (2009).

2 For many indices of income inequality such asGivé coefficient and members of the General
Entropy class, researchers can replicate resuligedefrom internal CPS data by using cell-
means of topcoded incomes that are provided batR76 by Larrimore, et al. (2008). However,
by construction, cell-means assume that all topgaaldividuals have the same income. As a
result, using cell-means to approximate top incsiraes with the public-use CPS data will lead
to an overestimation of the income held by th8 @099" percentile groups and an
underestimation of the income held by the top tegerof the distribution.

®To ensure that model fit is maximized at the toghefdistribution, the GB2 is fitted using
observations in the richest 70 percent of theibistion only, with appropriate corrections for
left truncation in the ML procedure.

% In international comparisons of income inequaiitys most common to include the effect of
both government transfer programs and tax poligyesieasuring post-tax, post-transfer income.
See Atkinson and Brandolini (2001) and Gottschalik 8meeding (1997) for reviews of this
literature.

> In the wage inequality literature researchers tertimarily be interested in how different
types of workers — e.g. low vs. high skilled, wonwsnmen, etc. — are rewarded in the labor
market. Hence in this literature it is common tcaswee pre-tax wage rates or labor earnings.

Pre-tax pre-transfer market income is an extensidhis concept to cover all factors of
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production. Traditionally, researchers interestecthcome inequality have focused on how it
relates to one’s ability to consume and hence delgovernment transfers in the US literature
and both taxes and transfers in the internatiomparative literature. In those literatures, pre-
tax pre-transfer income is rarely used by itsetfrather to distinguish between incomes
generated in the absence of government and a fukasure of income which includes
government taxes and transfers. In the CPS-basedtiire this has generally meant including
cash transfers in income, thus using a pre-tax;tpassfer income definition for inequality
estimation. Some researchers, including the Natieeaearch Council Panel on Poverty and
Family Assistance, have advocated moving evendaftbm the pre-tax, pre-transfer market
income definition when analyzing poverty by incluglitaxes and non-cash transfers in US
income inequality calculations. For a further dssion of the effect of such proposals on
poverty rates and income inequality, see BurtlessSmeeding (2002).

® In the small number of cases where never-marridividuals under age 20 live in a household
without a parent or guardian, we assigned therhadéax-unit of the primary family in the
household or the oldest adult in the household where is no primary family. Only if there are
no adults over the age of 20 in the householdhae ¢onsidered their own tax-unit. Different
procedures for classifying these individuals westdd, including removing them from the
sample, and assigning them their own tax unitsckvproduced substantively similar results.

" While we provide the income source analysis ferttp 1 percent in Appendix B, along with
that for the lower income groups, we strongly cautgainst overanalyzing the results for this
group because changes in censoring thresholdgimedramatically alter the makeup of
income for this group which is not corrected fonsering using the GB2-based multiple

imputation procedure.
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8 In the appendix of Piketty and Saez (2003), thieséncluding capital gains illustrates a
decline in the top 1 percent income share from 2888 rather than the large increase shown
for the top 1 percent income share when includeqgtal gains. This suggests that the blip
observed in the IRS data excluding capital gairtb@se years is partially attributable to income
shifting to minimize tax liabilities. However, siacapital gains income increased for top earners
in the 1990s, when including capital gains theeegaeater increases in the top 1 percent income
share in the IRS data in the 1990s (Piketty and,S2093). These would likely exist in the CPS
data as well if capital gains were captured there.

° In both cases, it is assumed that the changeifi%income shares from the other unaffected
dataset captures the actual change in top incoare siver the blip year. So, for 1986-1988, the
change in the blip-adjusted IRS series is assumedual the 4.1 percent increase in the top 1
percent share seen in the CPS data and, for 1992+t change in the blip-adjusted CPS
series is assumed to equal the 4.9 percent declihe top 1 percent share seen in the IRS data.
The blip-adjustments also have a limited effectt@p90-p95 and p95-p99 income shares as the
share assigned to the top 1 percent shifts. Figluegating the blip-adjusted income shares for
these series are available upon request from titeeu

19 See Larrimore et al. (2008) for detailed informatabout the prevalence of censoring in the
internal CPS data year by year.

1 For 1992-1993, since no Gini index is availabléhm IRS data when approximating the
amount of the inequality increase that is real #fwedamount attributable to the redesign, it is
assumed that the actual Gini increase matchesitheaise seen for the top 10% income share.
This one-year assumption is only relevant for therage change over the entire 40 year period

and the choice of this, or another reasonable gstsom should not greatly impact those results.
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