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Non-technical summary

There is intense public interest in the spreachobimes in society between the rich and the
poor and those in the middle, and whether inconps g@ve been growing larger over time.
Although it is widely agreed that income inequalitythe USA rose during the 1980s, there
is less agreement about what happened during tB8sland later. There are two main
sources of data that researchers might use totigaes this topic. The first is the income
information collected from respondents to largdessairveys of households, and the second
is administrative data on income that are keptheyWS income tax authorities. Both sources
have some advantages and some disadvantages, emahgi@ment each other.

We analyze trends in US income inequality betwe@n5land 2004, using data from the
March Current Population Survey (CPS), the sourostnsommonly used to address this
topic. An important limitation of the CPS data tlaae made available to researchers (the
‘public use’ data) is that they are censored (‘tmfmd’). In order to protect respondent
confidentiality and for other reasons, the veryeist incomes reported in interviews are not
included in the data; instead they are replacetthenpublic use data with some lower value
(the ‘topcode’). Not only does censoring reduce suezd inequality, but changes over time
in topcoding practices complicate assessmentsenid$ in inequality. To investigate the
effects of censoring problems in public-use CP&,dak secured unprecedented access to
CPS internal data. Although there is some censonnghe internal data as well, its
prevalence is relatively small and, moreover, welesna statistical technique that enables
us to impute plausible values to the small numlbéh@ very richest people for whom actual
incomes are not included in the internal data.V@th access to the public use and internal
CPS data, we can examine how trends in income i&gehbanged over time, and check the
robustness of our findings using a number of défifierdata series. We also use several
methods for summarizing inequality itself.

We find, as others have, that income inequalityaased during the 1980s. However, we also
show that the upward trend in income inequalityv&ld significantly after 1993.

To investigate the robustness of the slowdown figdive compared our CPS-derived results
with those derived from information about incomesived from administrative record data
from the US Internal Revenue Service and reportedesearch by Thomas Piketty and
Emanuel Saez. The focus is on trends in top incelmaees — the share of total income that is
held by the richest 1%, 2%, 5%, and so on. We sthattvour CPS estimates of trends in top
income shares match the estimates of trends repbytéiketty and Saez, except for within
the top 1% of the distribution. Thus, we argue tlilaincome inequality in the USA has
increased substantially since 1993, such increasegonfined to this very highest income

group.
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Abstract

Using internal and public use March Current PopoitaSurvey data, we analyze trends in
US income inequality (1975-2004). Using a multiphgutation approach where values for
censored observations are imputed using draws &daeneralized Beta distribution of the
Second Kind, we find that the upward trend in ineoimequality significantly slowed after
1993. Our results closely match the income sharels reported by Piketty and Saez (2003)
except for within the top 1 percent of the disttibn. Thus, we argue that if inequality has
increased substantially since 1993, such increasesconfined to this very high income

group.
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Introduction

The public use version of the March Current PoputaSurvey (CPS) is the primary data
source used by public policy researchers and adtramors to investigate trends in average
income and its distribution in the United Statesna#l as in cross-national comparisons of
income inequality with other countries. (For sysédic reviews of the cross-national income
inequality literature, see Atkinson, Rainwater afdneeding, 1995, Gottschalk and
Smeeding, 1997, Atkinson and Brandolini, 2001. fore recent examples of the use of the
public use CPS in measuring income inequality tseindthe United States see: Burkhauser,
Couch, Houtenville and Rovba 2003-2004, Gottsclaa@ Danziger, 2005 and Kruger and
Perri, 2006.) The consensus of this research, basguublic use CPS data is that income
inequality in the United States increased subsidytin the 1970s and 1980s and also
increased relative to other OECD countries.

Despite the widely held view that income inequaligs increased substantially since
the 1980s, most of the evidence of a large increaseome inequality since 1993 has come
from Internal Revenue Service (IRS) administratigeord data based on personal adjusted
gross income that the IRS has made available tadbearch community in tabular form
(Piketty and Saez, 2003). In contrast, we argué {barly income inequality increases are
small, and significantly smaller than the increasesr the nearly two decades of CPS data
available to us prior to 1993.

We compare our CPS-based estimates of inequadibd$r with those of Piketty and
Saez (2003) based on IRS data. When, like Piketty $aez, we focus on the share of
reported income held by subgroups within the rithiesth of the distribution, our trends
fairly closely match their trends, except for tlop tL percent of the distribution over the
period 1975-2004. On the basis of these findingsamgue that if income inequality has been
substantially increasing since 1993 in the USAhsuacreases have been confined to the very
upper tail of the income distribution.

Our analysis derives from unprecedented accesstdmnal CPS data. To protect the
confidentiality of its respondents, the Census Bureensors each source of income of
individuals above specified topcoded levels in public use data made available to the
research community. However, for its official worksearchers at the Census Bureau have
access to the internal March CPS that is less sgveensored. For instance, the yearly
income and income inequality values reported in.WC8nsus Bureau (various years) are
based on the internal March CPS data. We use tfetad00.



We analyze trends in the inequality of size-adigiee-tax post-transfer household
income in the USA between 1975 and 2004. Estinatasequality levels and trends derived
from CPS internal data are compared with estimiates several series derived from public
use data. In particular, using the internal daederive a cell mean series in which topcoded
incomes in the public use data, for each year bacddQ75, are replaced by the mean of all
income values above the topcode for any incomecsoof any individual in the public use
that has been topcodédhis cell mean series can be used in conjunctiith gell means
provided by the Census Bureau for later years éater a complete set of cell means for
topcoded observations. See Larrimore, BurkhausemgFand Zayatz (forthcoming) for a
detailed discussion of the creation of this celamseries and all cell mean values.

When we use the public use data augmented with tatipnos for topcoded
observations from the extended cell mean series;legely match yearly mean income and
income inequality levels and trends in the Unitadt€s population derived from internal
data® Internal data are themselves censored albeitsobatantially smaller extent than the
public use data, and there are time-inconsistenciesnsoring practices in the internal data.
However, we show using consistent censoring mettinalsthe trends in inequality derived
from our public use extended cell mean series ate significantly affected by time-
inconsistent censoring levels. The exception isvbeh 1992 and 1993, when the public use
extended cell mean series overstates the rise @quality because it does not take full
account of the significant increases in internaiscging levels that took effect in 1993, and
other CPS redesign aspects.

Because consistently censored public use and altdata do not contain information
about the very highest incomes, they understatdetved of income inequality. However,
once the break between 1992 and 1993 is contrfiledhcome inequality based on all these

! Each CPS survey measures income from the previalemdar year. In this paper, all references artheo
income year, so when we discuss the year 1975rdfess to income from various sources that memobgktise
household received in 1975 reported at the Mardt6 Lurrent Population Survey interview.

%|n 2006, we were granted permission to use therrial March CPS to test the sensitivity of measimedme
inequality in the public use CPS. We were givereasdo internal March CPS records from 1975-2004s&
data include information on income above the pubfie topcode thresholds for respondents in the M@RS
survey up to th@rocessing limit in the March CPS data. The internal March CPS tteaCensus Bureau uses
to produce the statistics in its official Censulmations are subject to these same processiritglidowever
these processing limits are lower than tlaa collection limits for income in the March CPS, which are the
limits on the actual values collected in the Ma@RS. (See Welniak, 2003 for a more complete dismoiss
the processing limits and data collection limitaldhough we had access to the same income infoomatie
Census Bureau uses to produce its official Censb$igations, since our research project was limttedhow
topcoding in the public files and censoring in thiernal files affect measurement of inequalityhie USA, the
files do not contain the responses to all of the-imcome related questions in the March CPS data$etse
omissions occur because the U.S. Census Bureats iimérnal data availability to data within theope of the
project.



data series yield the same trends, namely a risequality between 1975 and 1992 followed
by a significantly smaller increase in inequalifyea 1993. Our key findings are generally
robust to whether income inequality is summarizsithgi the Gini coefficient or three other
widely-used indices.

Because of the censoring in the internal CPS @&tn) our extended cell mean series
does not incorporate information about the veryhbgy incomes. To address this issue, we
use a multiple imputation approach in which, foclegear, values for censored observations
in the internal data are imputed using draws frorGemeralized Beta distribution of the
Second Kind (GB2) fitted to internal data. Using ttugmented internal data, we investigate
the extent to which the systematic exclusion of tbp part of the distribution affects
estimates of the level and trends in inequalitysiprisingly, we find that compared to
estimates derived from the multiple imputation @agh, the unadjusted internal data as well
as the consistently censored public use and iftdata all understate the level of inequality
in all years. However, all the series reveal thees#&rends: an increase in inequality over the
entire period 1975-2004, but with a rate of incesiasticeably lower after 1993 compared to
before 1993.

Finally, we compare our CPS-based estimates ofisrentop income shares based on
distributions of size-adjusted pre-tax post-trangfeusehold income distributions to the
estimates of top income shares derived by Piketty $aez (2003) from IRS administrative
data on adjusted personal gross tax unit incom#é Bor and their estimates of the income
share of the 90-95" percentile group have a relatively flat trend dgrihe period 1975—
2004, although the Piketty and Saez (2003) valuveslaghtly higher in level. Similarly, for
the shares of the #599" percentile group, despite slight differences irels, the two series
exhibit remarkably similar trends over the 30 ypariod. In contrast, while the share of
income held by the richest 1 percent increasedtantially over this period according to both
our CPS-based and the IRS-based Piketty and S863)(2stimates, their estimates of the
size of the income shares and of the magnitudbeoincrease over time are much larger than
ours.

In the next section, we explain the nature of cengoin the CPS public use and
internal data, and explain the several methods lighwwe address this issue. In particular,
we explain how we derive a public use data senggnented by cell mean imputations for
topcoded observations based on the censored ihttatea We also explain how we derive
other data series in which public use and intedsh are augmented by imputations for

censored observations using draws from a parametiene distribution model fitted to the



data. And we explain our method of ‘consistent’ sming. At the heart of the paper are
comparisons of estimates derived from the vario®S @ata series of income inequality
levels and trends for the period 1975-2004. Thetliosection provides a comparison of
CPS-based estimate of trends in top income shaitastive trends reported by Piketty and
Saez (2003) using IRS administrative record dakee flnal section of the paper presents a
summary and conclusions.

Throughout the paper, income is defined as preptast-transfer household income
excluding capital gains, adjusted for differencehousehold size using the square root of
household siz& Each individual is attributed with the size-ad@gstncome of the household
to which he or she belongs. Income refers to incéoneghe calendar year preceding the
March interview. We convert the small number of atege and zero household income
values each year to one dollar prior to our catocuta because a number of inequality indices
are defined only for positive income values. Oungkes for each year are all individuals in
CPS respondent households, excluding individualsggnoup quarters or in households
containing a member of the military. All statistiese calculated using the relevant CPS
sampling weights.

Censoring in the March CPS

Topcoding in CPS public use data

In the March CPS, a respondent in each househotsked a series of questions on the
sources of income for the household. Starting in519espondents reported income from 11
sources and since 1987 they have done so for inbmme24 sources. See Appendix Table 1
for a list of these income sources. Rather thamplgitopcoding high total household income
values in the public use data, the US Census Bummodes high values for each source of
household income. See Larrimore, Burkhauser, Famdj,Zayatz (forthcoming) for a full list
of topcode values over time in the public use dater to 1995, the Census Bureau assigned
the topcode value from that source of income taogitoded income values in the public use
data. Since then, they have substituted a cell meaare derived from the internal data to

each topcoded value in the public use data.

% We follow the same procedure for generating sijested household income as discussed in Burkhaurskr
Larrimore, 2008. These procedures, particularéyube of the square root of household membersjtstaor
household size are standard in the internationadpasative income distribution literature: see fostance
Atkinson, Rainwater and Smeeding (1995). Its usedseasing in studies of US income distributicentits. See
Burkhauser, Couch, Houtenville and Rovba (2004)ttsebalk and Danziger (2005), and Burkhauser, Qsaki
and Rovba (2008).



Because the Census Bureau cell means seriesiataf85, using the public use data
without correcting for this major change in theued included for the highest incomes,
source by source, results in a significant increaseeasured income and income inequality
in 1995 and subsequently simply because of theeclosrrespondence between the true
reported income and the value included in the puldie file. Hence, whereas the use of cell
mean imputations after 1995 makes the public use loetter conform to the internal data,
not taking this improvement in measurement intooaot overestimates how much actual
income increased in 1995 among those at the higheste levels and the overall levels of
income inequality. An additional complication istthousehold income is the aggregation of
multiple income sources (income types and househwdbers), each of which may be
topcoded. As a result, the prevalence of topcodmdousehold income is significantly
greater than for any particular income source, tapdoded household income values are not
necessarily the highest incomes — they may ocaougfhout the income distribution. Thus
using the ratio of the d0percentile to the TDpercentile (the ‘P90/P10 ratio’) to minimize
the impact of topcoding on inequality estimates!| wibt be entirely successful: see
Burkhauser, Feng, and Jenkins (2007).

The major change in the public use data in 1998 specific example of the more
general problem that income topcoding presentsarelers interested in measuring levels
and trends in the income and income distributiontred US population. Inconsistently-
defined topcode values lead to artificial increaseslecreases in mean income and income
inequality, since different fractions of the popida are subject to topcoding each yé@his
is a legitimate concern since topcodes in the puldie data have, in general, increased in a
non-systematic manner over its history, and pathefapparent trend in average income and
income dispersion over time in the uncorrected dataused by topcoding capturing a larger
portion of the income distribution. Using cell meamputations for topcoded observations
substantially alleviates this problem after 199Bcea cell means provide the information
necessary to capture the income distribution reyotesl by the internal data. As a result, even
if public topcodes are inconsistently adjustedhe public use data, mean income for the
entire population in the internal data can be medohith the public use data using cell mean
imputations.

Despite the Census Bureau’s attempt to alleviageptibblem of topcoding, their cell
means have generally been ignored by researchetgirs long-term income trends in the

*See Levy and Murnane (1992) for an early reviewthef income distribution literature and a more fafm
statement of this problem.



USA, since to do otherwise exacerbates time-insbescies that arise from using unadjusted
public use data for the pre-1995 period and CP8& dih cell mean imputations thereatfter.
Instead, researchers analyzing CPS data that elyéars prior to 1995 use other methods
of controlling for inconsistent topcoding in thehbte use data. These methods include
measuring inequality with P90/P10 ratios (e.g. Dgerzand Gottschalk, 1993; Gottschalk
and Danziger, 2005; Daly and Valletta, 2006); etfly truncating the data by removing the
highest and lowest two percent of observations Wejch, 1999); or artificially lowering the
topcodes to create a series in which for each ieceource, a constant percentage of that
source’s income distribution is censored in thedat each year (e.g. Karoly and Burtless,
1995; Burkhauser, Butler, Feng, and Houtenvill€)80This is referred to as the consistent
censoring method. While each of these methodsefeable to using unadjusted data, each
has drawbacks.

Burkhauser, Feng, and Jenkins (2007) show thatguBi®0/P10 ratios does not
completely alleviate topcoding problems, since mes are topcoded by income source (not
by total income) and so there are topcoded incdmeésw the 98 percentile. Additionally,
the P90/P10 ratio captures different aspects ofindeme distribution than widely-used
measures of dispersion such as the Gini coeffimenhembers of the Generalized Entropy
family.

Consistent censoring of the public use data cam @sise problems. The percentage
of individuals with topcoded incomes, whether basadheir own income or the income of
others in their household each year in the pulde data, has grown sporadically over time
from just under 1 percent in 1975 to nearly 6 perae 2006: see Figure 1. Unless public use
data topcodes are systematically increased over dsnincome increases, these topcodes cut
deeper into the income distribution. In that casensistent censoring methods do an
increasingly poorer job of capturing trends at tbp of the income distribution as they

remove larger fractions of the population to mamtheir consistency.



Figure 1
Percentage of Individuals with Censored Householdncome in March CPS, by year

A -

Percentage Topcoded

I:I i T T T T T T T T T T T T T T T
1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005
Year
—#—Fuhlic CF3 Internal CPS

Internal data were not available for years aft€d420
Source: Authors’ calculations from internal and lpubse data files of March CPS.

Censoring in CPSinternal data

Using public use data with cell mean imputationancd solve the problem of censoring
entirely, because the internal data from which ¢e# means are derived are themselves
censored, albeit to a lesser degree than the puddiciata: see Figure 1.

Censoring in the internal data was initially implmed due to data-storage
limitations in the computing systems of the 1970sicv necessitated truncating written
records to 5 digits. This was most binding on wagmme, self-employment income and
farm income. While these data storage limitatiors @o longer a constraint, the Census
Bureau continues its internal censoring practiegtly due to concerns about data reliability
of individuals who report an extremely high incoraue and partly due to concerns about

confidentiality.



In 1985 censoring limits were raised to $250,00@ach source of labor earnings and
internal censoring fell close to zero. Subsequetriteases in censoring values have kept the
percentage of censored individuals in the intemaia well below 1 percent although
increases in censoring from non-labor income sauit¢he past few years has increased the
share of censored individuals somewhat since 1%e Larrimore, Burkhauser, Feng, and
Zayatz (forthcoming) for the censoring levels otmare for each income source in the internal
data and see Ryscavage (1995), Jones and Weir#tr@)( Welniak (2003), and Burkhauser
et al. (2004), for earlier discussions of the peofd of censoring in the public use and
internal data.

Because we had access to the internal CPS datarevable for the first time to
correct for censoring in these data back to 1914l laence provide a more consistent
measure of trends in the income distribution andpare these trends with those found with

the public use data.

A Consistent Censoring Approach

Consistent censoring (e.g. Karoly and Burtless, 519Burkhauser, Butler, Feng, and
Houtenville, 2004) creates censoring points forhemcome source that captures the same
percentile of that source’s income in every yeacdise total household income is derived
as the sum of all of the individual sources of meoin a household, it is necessary to create a
consistent censoring point for each of these ssuofencome over all years. We do so by
finding the year at which the censoring point fagieen source is at the lowest point in the
distribution of income within that source and thesing that percentile as our cutoff point for
that source for all years. Since the sources afmmereported by the Census Bureau changed
in 1987, we recode income and censoring pointsyéars after this time to the pre-1987
sources in order to create a time consistent sadesss the entire 30 year period between
1975 and 2004. Appendix Table 2 reports the peagenof the distribution affected by our
censoring points and the year in which the mogtiotise censoring points occurred for each
source of income in both the public use and infedlata sets.

The consistent censoring approach makes no patiametsumptions about the
underlying income distribution, and maximizes thse wf the common proportion of the
available income information. Nevertheless, by tmmtsion, the approach ignores the very
highest incomes in the distribution each year,smd will underestimate levels of inequality.

However, the fractions omitted do not vary overdjmand so this approach provides time-



consistent trends of inequality for the part of th&tribution below a certain fixed percentile

that it does capture.

A Multiple Imputation Approach

To correct for censoring and also capture the whdgibution, we develop the imputation

idea in a different direction. The key differendesm the cell mean approach are, first, we
attempt to account for censoring in the internalad@s well as in public use data) and,
second, we derive imputations for censored valisgsgua parametric model of the income
distribution (since, by definition, the ‘true’ unt®red underlying income in the internal data
are not available to us). Third, while the cell megproach leads to a single imputation for
each topcoded value, we derive multiple imputecueslusing a suitable randomization
procedure which leads to multiple distributions feach year, and account for potential
stochastic imputation error by averaging estim@tesce the label ‘multiple imputation’).

The parametric model of the income distributiondug® the imputation model is the
Generalized Beta of the Second Kind (GB2). The @&B2 flexible form widely used in the
income distribution literature, and a number ofdsta have shown that it fits income
distributions extremely well across different timeesl countries: see e.g. Bordley, McDonald
and Mantrala (1996), Brachmann, Stich and Tred®q),%nd Bandourian, McDonald, and
Turley (2002). Feng, Burkhauser, and Butler (2G@&d GB2 distributions to labor earnings
using public use CPS data and argue that their Giafficients calculated from the fitted
GB2 distributions provide more plausible estimabésnequality trends than do the Gini
coefficients derived from unadjusted internal dafaorted by the Census Bureau.

Our multiple imputation approach differs from earlistudies that used parametric
models to derive imputed values for topcoded incmsee Fichtenbaum and Shahidi (1988)
and Bishop, Chiou, and Formby (1994). First, thagéhors fitted a one-parameter Pareto
distribution to the upper ranges of the incomerithistion, rather than the more flexible four-
parameter GB2 model. Second, our approach takesiaicof the fact that, rather than being
common to all individuals, censoring levels varyass individuals (because censoring is
done at the level of each income source rather #tatine level of aggregate household
income). Third, by using multiple imputation metlpdather than a single imputation, we
account for the variability intrinsic in the imptitan process.

Our multiple imputation approach involves five fepirst, for each year’s data, we fit
a GB2 distribution by maximum likelihood, accoumgtifor individual level right-censoring.

In fitting the GB2 distribution, we model individubousehold size-adjusted income at the



aggregate level, not for each income source seggratDoing so the other way would
require modeling the joint distribution of 24 incensources (11 before 1987) for various
members of each household and as a result ouragpre more parsimonious and tractable.
To ensure that model fit is maximized at the topghaf distribution, the GB2 is fitted using
observations in the richest 70 percent of the iBigion only (using appropriate corrections
for left truncation in the ML procedure). Secondy fach observation with a censored
income, we draw a value from the income distributtbat is implied by the fitted GB2
distribution, using an appropriate stochastic pdoce. Third, using the distribution
comprising imputations for censored observationd abserved incomes for non-censored
observations, we estimate our various inequalitjces. Fourth, we repeated steps 2 and 3
one hundred times, and finally, we combine the loumedred sets of estimates from each of
the one hundred data sets for each year usin@teedging’ rules proposed by Rubin (1987)
and modified by Reiter (2003) for the case of ipliyt synthetic data. See Jenkins,
Burkhauser, Feng and Larrimore (2008) for furthetads of our multiple imputation
approach.

In what follows we estimate inequality levels anehtls using different series defined
according to the method by which we take accoureatoring, and whether the basis source
is the public use or internal data. The series, thedacronyms by which we refer to them

subsequently, are summarized in Table 1.
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Table 1
Income Distribution Series Derived from the March (PS,
by Source and Method for Addressing Censoring

Acronym Source Method for Addressing Censoringdssu

Internal-CC Internal Consistently Censoring

Internal-Unadjusted  Internal Uses internal datgprasided in Census Bureau files,
without any adjustments

Internal-Ml Internal Topcoded observations replabgdmputations derived

from GB2 imputation model fitted to internal data;
inequality estimates derived using multiple impiotat
combination methods.

Public-CC Public Use Consistently Censoring

Public-Unadjusted Public Use Uses public use dafaravided in Census Bureau files;
includes Census Bureau cell mean imputations for
topcoded observations from 1995 onwards

Public-CM Public Use Uses public use data as pemvid Census Bureau files;
includes cell mean imputations for topcoded
observations for all years

Public-NoCM Public Use Uses public use data asigealin Census Bureau files,
except that no cell mean imputations used for aagry
(topcoded values used ‘as is’).

Public-MlI Public Use Topcoded observations replalsgdmputations derived
from GB2 imputation model fitted to public use data
inequality estimates derived using multiple impiotat
combination methods.

See main text for further details of the method=dus address censoring issues.

Estimates of inequality levels and trends, 1975-260

Therevised cell mean series (Public-CM)

Figure 2 reports our estimates of income inequéigls and trends derived from four series:
Public-NoCM, Public-Unadjusted, Public-CM, and hmi&-Unadjusted. Inequality is
summarized using the Gini coefficient. Because ipubise data are topcoded, mean
household income and Gini coefficients derived frdram will be understated relative to
those estimated from the internal data unlessnoe#in imputations are used, since cell means

provide more information about individuals at tbp of the income distribution.
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Figure 2
Gini Coefficient Estimates for Four Censoring Adjusment Methods, 1975-2006

0.44
0.43
0.42
0.41
0.40
039

0.3%

ind Coefficient

0.37

0.364

035

I:|34 T T T T T T T T T T T T T T T

1975 1977 1979 1981 1983 1983 1987 1989 1991 1993 19953 1997 1999 2001 2003 2003
Year

—4—TPublic-Unadjusted Public-H ol —de— Public-Chi ——=Internal-Tnadjusted

Internal data were not available for years aft€y220
Source: Authors’ calculations from internal and lpuibse data files of March CPS.

In all years, the Gini estimates based on the BINHCM series are below those from
the Internal-Unadjusted series. To correct for thierence (and for several other reasons),
the Census Bureau revised its topcoding procedureecome year 1995. The result is
reflected in the difference between the Gini estesalerived from the Public-NoCM and
Public-Unadjusted series. Prior to 1995 the seaes identical. After 1995 the Public-
Unadjusted Gini values equal the Internal-Unadpis@ni values, and are dramatically
greater than those derived from the Public-NoCMeser(Note that this is not the case in
1999. We believe this is the result of an uncoe@ctrror in the Census Bureau cell mean
series.) While the Gini values from the Public-Upnated series now better represents the
Gini values derived from the Internal-Unadjustetagdanyone uncritically using Gini values
from the Public-Unadjusted data to describe changescome inequality in the United

States would greatly exaggerate its increase i5.199
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Our Public-CM series corrects this problem — thei @stimates derived from these
data match those derived from the Internal-Unadjlistata in all years including 1999: see
Figure 2. Thus the addition of our cell mean impates to the CPS public use data allows
researchers without access to the Internal-Unasfjudaita to produce the same inequality
levels and trends found in the Internal-Unadjustath. But anyone uncritically using Gini
values based on the Internal-Unadjusted data teribeschanges in income inequality would
greatly exaggerate its increase in 1993 when n@ganges occurred in the way the CPS was
collected including significant changes in the cgimg) points in the internal CPS data

Long termtrendsin USincome inequality

We now extend our analysis of long term trendsgusieiditional data series. There are six in
total: Public-Unadjusted; Public-CC; Public-MI, énbhal-Unadjusted; Internal-CC, and
Internal-MI. Figure 3 depicts the trends over tleeiqd 1975-2004 in the Gini coefficients
derived from each of the series. We stop at 20@4use that is the last year of internal CPS
data to which we had access.

As discussed above, the use of cell means sincg it9the Public-Unadjusted data
allows researchers to estimate Gini coefficieng thosely match those estimated using the
Internal-Unadjusted data since then. But using Public-Unadjusted Gini estimates to
describe trends in income inequality before andraf®95 distorts these trends. When we
consistently censor public use data (Public-CCesgrithe Gini estimate for each year is
below the corresponding estimate from the Publiadjusted data: see Figure 3. But the
artificial jump in 1995 in the Public-Unadjustednvalues is gone and the trend in Public-
CC Gini values more closely follows the trendsraated using the Internal-Unadjusted data,
including a noticeable rise in inequality betwe®92 and 1993.
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Figure 3
Gini Coefficient Estimates for Six Censoring Adjusinent Methods, 1975-2004
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Source: Authors’ calculations from internal and lpubse data files of March CPS.

When we repeat this exercise by consistently camganternal data (Internal-CC
series), once again the Gini estimates are snthberthose based on the Internal-Unadjusted
data but they are much closer to those estimated fhe Internal-Unadjusted data than those
based on the Public-CC data. This is unsurprissing;e the Internal-CC data now reach a
higher percentile of the Internal Unadjusted dathere remains a pronounced rise in
inequality based on the Internal-CC data betwee®? 18nd 1993, but that rise is much
smaller that the rise shown by the Internal-Unaépisseries between those years. This
suggests that part of the 1993 jump is due to aamg censoring levels in the Internal-
Unadjusted data in 1993. But even the smaller bonngunced increase in the Gini between
1992 and 1993 that remains in the Internal-CC sageunlikely to come from a genuine
change in income inequality and suggests that ath@nges in CPS data collection methods
are responsible. (See Ryscavage, 1995 and Jon&¥@interg, 2000.)
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Because both the Public-MI and Internal-MI seriaptare the very highest incomes,
it is not surprising that both lead to higher meadunequality levels than their respective
unadjusted counterparts. Unlike the Public-Unadisteries, the Public-MI series does not
jump in 1995, suggesting that the jump in the RdUlhadjusted series at this point is purely
due to introducing cell mean imputations into thlr use data. On the other hand, the Gini
estimates derived from the Internal Ml series relsarply in year 1993, showing the same
pattern as Internal-Unadjusted series. This isteaidil evidence that the 1993 jump in Gini
is primarily due to other survey design changesearathan data problems related to censoring.

Gini estimates derived from the Public-MI and Ing¢MI series are relatively close
to each other, suggesting that our assumptionstaheuparametric form of the income
distribution work consistently despite the diffecen in censoring prevalence in the public
use and internal CPS data. Before 1993, the twiessare nearly identical. They diverged
somewhat between the 1993 to 2004 period, buttdreetatively close overall. The average
of the Public-MI Gini coefficients since 1993 481, only slightly lower than the 0.439
average for the Internal-Ml series.

We now use regression analysis to more formallgstigate whether the differences
in levels and trends in inequality differ betwebr tlata series. Table 2 reports the results of
our analysis of differences between the Gini ed@saerived from Public-CC, Internal-CC,
Public-MI, Internal-MI and those derived from Imtet-Unadjusted CPS data. We do not
consider the Public-Unadjusted series as it costieas information than the internal CPS
data and its artificial 1995 jump makes it flaweninpared to the other alternatives.

The dependent variablg)(in the regressions is a Gini estimate for a giyear and
data series. The explanatory variables are: a aonsivhich is the Gini derived from the
Internal-Unadjusted data; a time trend=(1, 2, .., 30), which summarizes the trend in this
Gini; four dummy variables to represent other Giata sources and thereby control for the
difference between the Gini estimates from eaclkesend the corresponding estimate from
the Internal-Unadjusted serigx(= 1 if the series is Public-CC and 0 otherwises 1 if the
series is Internal-CC and 0 otherwipm = 1 if the series is Public-MI and O otherwig®e;=
1 if the series is Internal-MI and O otherwise}gnactions between each of the series dummy
variables pc, ic, pm, andim) and time 1), which controls for the difference between the
trends across series; a dummy variable for posg-18@rs () which controls for a change in
the levels after 1992 using the internal data;radgons between each of the Gini source
variables fc, ic, pm, andim) separately interacted witly which controls for divergence in

levels after 1992; an interaction betweéemdu, which controls for changes in the trend after
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1992 using internal data; and the Gini source béegm pc, ic, pm, andim) separately
interacted witht andu, which controls for divergence between trendsr dfé92.

First we discuss our results with respect to Gistingates from the Internal-
Unadjusted series. The significant positive coedfit for time trend tj shown in Table 2,
column 1, shows that inequality rose between 19itb1892. After 1992, although inequality
continued to rise, the rate of increase slowedifstgimtly compared to the pre-1993 period
(note the coefficients onand especially*u). There was also a significant jump in inequality
in the post-1992 years compared to pre-1993 yeaalyserve the statistically significant
positive coefficient fou. However, much of this increase in inequality fessfrom changes
in survey methods and internal censoring pointsy@aslemonstrate by comparisons with the
other Gini series.

The coefficients fopc and for interactions with it allow us to comparmiGstimates
from the Public-CC series to the Internal-Unadjdsteries. Because consistent censoring in
the public use data imposes topcodes below thasedfon unadjusted public use data, it is
unsurprising that the level of inequality is sigraintly lower using the Public-CC series than
using the Internal-Unadjusted one. This can be deenyears prior to 1993 from the
statistically significant negative coefficient fqc and, for years after 1992, from the
statistically significant negative coefficient fmteractionpc*u. Additionally, in 1993, when
censoring points increased dramatically, we seevthde inequality increased according to
the Public-CC series (look at the coefficientsuonpc* u), the magnitude of the increase was
substantially smaller than that in the Internal-tjoated series. This is also not surprising
since consistent censoring dampens Gini levelsveryeyear, and so is more likely to
mitigate changes.

Despite the statistically significant differencel@vels of inequality and the artificial
jump in inequality in 1992, in years other than 299993 the trends in inequality shown by
the Internal-Unadjusted series are not signifigadifferent from those shown by the Public-
CC series: the coefficient opc*t is not statistically significant. An F-test of theull
hypothesis thapc*t + pc*t*u= 0 is not rejected, indicating that after 1992 thequality

trends in the two series are not significantlyeliént.
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Table 2

Differences in Inequality Levels and Trends BasedroRegression Analyses

Gini 1(0) (1) 1(2)
constant 0.3528** 0.2850** 0.2121** 0.2489**
(0.0018) (0.0048) (0.0029) (0.0082)
t (time trend) 0.0030** 0.0044** 0.0042** 0.0066**
(0.0002) (0.0004) (0.0003) (0.0008)
u (=1 if post-1992) 0.0592** 0.0190 0.1117** 0.3849**
(0.0047) (0.0261) (0.0099) (0.0454)
t*u —0.0023** 0.0002 —0.0032** —0.0071**
(0.0002) (0.0011) (0.0005) (0.0021)
pc (=1 if public CC) —0.0158** -0.0173* —0.0250** —0.0535**
(0.0025) (0.0073) (0.0035) (0.0085)
pc*t —-0.0003 —0.0005 —0.0009* —0.0026**
(0.0002) (0.0006) (0.0003) (0.0008)
pc*u —0.0282** -0.0410 —0.0801** —0.3586**
(0.0067) (0.0365) (0.0119) (0.0464)
pc*t*u 0.0006 0.0009 0.0015* 0.0059**
(0.0003) (0.0016) (0.0006) (0.0022)
ic (=1 if internal CC) -0.0041 -0.0048 —0.0080* -0.0204*
(0.0026) (0.0074) (0.0037) (0.0088)
ic*t -0.0002 -0.0003 —0.0005 -0.0017*
(0.0002) (0.0006) (0.0003) (0.0008)
icku -0.0176* -0.0274 —0.0632** —0.3338**
(0.0067) (0.0376) (0.0126) (0.0497)
ic*t*u 0.0004 0.0006 0.0012* 0.0061**
(0.0003) (0.0016) (0.0006) (0.0023)
pm (=1 if public MI) 0.0046* 0.0059 0.0115** 0.0382**
(0.0023) (0.0069) (0.0038) (0.0143)
pm*t 0.0001 0.0002 0.0006 0.0043**
(0.0002) (0.0006) (0.0004) (0.0015)
pm* u -0.0188* -0.0265 —0.0498* -0.2143
(0.0087) (0.0361) (0.0238) (0.1565)
pm*t*u 0.0005 0.0007 0.0010 0.0055
(0.0004) (0.0015) (0.0010) (0.0065)
im (=1 if internal MI) 0.0043 0.0057 0.0122** 0.0508**
(0.0026) (0.0072) (0.0040) (0.0135)
im*t 0.0001 0.0001 0.0003 0.0029
(0.0003) (0.0006) (0.0005) (0.0018)
im*u -0.0026 -0.0032 0.0002 0.1110
(0.0073) (0.0359) (0.0256) (0.2586)
im*t*u 0.0003 0.0005 0.0010 0.0114
(0.0004) (0.0015) (0.0012) (0.0115)

The baseline data source is Internal-Unadjustedhiduis reported in parentheses are standard erf@mgynificant at
the 1% level. * Significant at the 5% level. Sourdethors’ calculations from internal and publicutata files of

March CPS.
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We showed previously that the Gini estimates derivem Internal-Unadjusted data
can be replicated using the Public-CM series. ®octhmparison just undertaken could be
repeated with a comparison between inequality $evddrived from the Public-CC and
Public-CM series. But the Public-CC series is dledominated by the Internal-CC series
because internal data allow us to observe the t&ghoncomes of a greater share of the
population, while still controlling for problems tifme inconsistency in censoring.

Therefore, to check whether inequality trends daqumlity according to Internal-
Unadjusted data differ significantly from those ridu for lower parts of the income
distribution that are consistently censored, we agamined the differences between the
inequality series based on the Internal-CC andnatdJnadjusted series. While the Internal-
CC data imposes censoring points for observationalaes below the incomes for the same
observation in the Internal-Unadjusted data, tlfierdince in levels of inequality is no longer
significant for years prior to 1993: observe thegatere but statistically insignificant
coefficient foric. But the difference for the years after 1993 gnsicantly lower as can be
seen by the statistically significant negative &iost for ic + ic*u. However, once again,
the difference in inequality trends between thermal-CC and Internal-Unadjusted series are
not significantly different either before 1993 (ebge the coefficient oinc*t) or after 1992
(ic*t +ic*tru).

We now examine the levels and time trends showthbywo Gini series using our
multiple imputation method. Because the multipl@utation method imputes income values
for censored observations, both Public-MI and maéMI lead to Gini estimates that are
larger than their Internal-Unadjusted counterpadithough the differences are only
significant at the 5 percent level for the Publit9éries (note the coefficients fpm andim).
The Public-MI series also jumps in 1998« pm*u), but the increase is much less than the
jump shown by the Internal-Unadjusted series (shbwra statistically significant negative
coefficient forpm*u). In contrast, as shown by a small negative aswjimficant coefficient
for im*u, the Internal-MI series jumps in 1993 almost aximas the Internal-Unadjusted
series. This again shows that changes in survelgadstare important factors underlying the
measured change in inequality levels after 1993 @sults are consistent with Census
Bureau warnings that pre-1993 and post-1992 ingguakasures based on data from CPS
internal data are not directly comparable (Joneks\Erinberg 2000).

Nevertheless, both Internal-MI and Public-MI sesé®w the same linear time trend
as the Internal-Unadjusted series, in both thel®@3 and post-1992 periods. This is shown

by the non-significance of the four time trend doednts pm*t, pm*t*u, im*t, andim*t*u).
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Thus, subject to the break in 1993, all five Giaiigs demonstrate the same time trends for
the whole period 1975-2004. Also, the post-199@ cdtincrease is much lower than the pre-
1993 period.

Do results differ if different measures of inequality are used?
The Gini coefficient is just one of many commonked indices of inequality. It incorporates
particular assumptions about how income differeraresaggregated at different parts of the
income distribution: it is relatively sensitive tocome differences in the middle of the
distribution (‘middle sensitive’). This raises tlyggiestion of whether alternative inequality
measures, ones incorporating different aggregasissumptions, might lead to different
conclusions about inequality trends, depending, deample, on whether changes in
dispersion occur mainly at the top or the bottorthefdistribution. We explore the sensitivity
of our results to the choice of inequality measwyreepeating our analysis using three indices
from the Generalized Entropy parametric family.g®eg. Cowell, 2000, or Jenkins and Van
Kerm, 2009.) We employ the three most commonly uSederal Entropy (GE) measures:
1(0), the mean logarithmic deviation (MLD), whichaselatively bottom-sensitive indel}1),
the Theil index, which is relatively middle-senaitj andI(2), half the squared coefficient of
variation, which is an index that is top-sensitive.

We calculated each of these GE indices using eftttesix data series for which we
derived Gini coefficients, and graph the estimateiSigures 4, 5 and 6 fd(0), 1(1) andl(2)
respectively. In all cases, measured inequalitg igiven year is greater in an internal data

series than in its public use data counterpart.
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Figure 4

[(0) Inequality Index Estimates for Six Censoring Agustment Methods, 1975-2004
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Figure 5

(1) Inequality Index Estimates for Six Censoring Ajustment Methods, 1975-2004
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Figure 6
[(2) Inequality Index Estimates for Six Censoring Agustment Methods, 1975-2004
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Once again, the total period can be divided intedlsub-periods, 1975-1992, 1992—
1993, and 1993-2004. For each sub-period, we edbmilthe average annual percentage
change in each GE index and the Gini accordindh¢odifferent series: see Table 3. Once
again, the estimates based on Public-Unadjustedatatnot shown because of the cell mean
problem. Table 3 shows that the change in measumne inequality between 1992 and
1993 is much greater than the average change ¢brafahe years before or after, regardless
of the inequality index or data series used. Thither suggests the changes between 1992
and 1993 represent changes in survey practicerrdifie a genuine change in the distribution
of income.

Table 3 shows that average yearly increase in measoequality is greater in the
years prior to 1993 than in the years after 1993afbmeasures across all data sets, but the

difference is much less for th€) values than for any of the other measures. Bsxthd (0)
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values put more weight on income differences inltaeer ranges of the income distribution,
this suggests that changes in the upper rangdgontome distribution might be driving the
slowdown of the increase in inequality in the peri®93—2004.

Table 3
Average Annual Percentage Change in inequality byeyiod,
using alternative March CPS datasets and inequalityndices
Average annual percentage change
1975-1992 19921993 19932004

Gini Coefficients

Unadjusted Internal 0.74 5.85 0.14
Consistent Censoring Public 0.75 1.93 0.23
Consistent Censoring Internal 0.74 3.24 0.21
MI-GB2 public 0.82 2.34 0.30
MI-GB2 Internal 0.77 6.63 0.20
1(0)
Unadjusted Internal 1.48 12.48 1.20
Consistent Censoring Public 1.49 5.86 1.45
Consistent Censoring Internal 1.48 7.80 1.39
MI-GB2 public 1.63 6.41 1.47
MI-GB2 Internal 1.54 14.04 1.28
(1)
Unadjusted Internal 1.58 22.08 0.26
Consistent Censoring Public 1.63 3.67 0.55
Consistent Censoring Internal 1.61 7.71 0.59
MI-GB2 public 1.97 5.39 0.80
MI-GB2 Internal 1.72 29.32 0.43
1(2)
Unadjusted Internal 1.76 71.82 0.03
Consistent Censoring Public 1.88 4.09 0.88
Consistent Censoring Internal 1.89 12.67 1.10
MI-GB2 public 3.31 11.22 1.69
MI-GB2 Internal 2.21 147.17 0.45

Source: Authors’ calculations from internal and lpubse data files of March CPS.

As we did for our Gini estimates, we now use regjoes analysis to examine more
precisely the differences in the levels and trandsequality according to the different data
series, where inequality is now measured by theetBE indices: see columns 2 through 4 of
Table 2. The explanatory variables in the regressare defined in an analogous fashion to
those employed when comparing Gini levels and send

The results foit(0) clearly differ from those based on the Gini swea: see Table 2,

column 2. While the basic finding of a rise in inefity is still present for the Internal-
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Unadjusted series — the coefficient bis positive and statistically significant — theseno
change in the index’s trend after 1992, as the fiooafit on t*u is not statistically
significantly different from zero. All other seriee@monstrate the same time trend: the F-test
thatt + pc*t, t + ic*t, t + pn*t, andt + im*t each equal zero is soundly rejected at the 1
percent level in each case. Similarly, none ofdtieer series show a slowdown in the rising
trend for the period 1993-2004. Even at the 10 gmdréevel, we cannot reject the null
hypothesis that the coefficients ¢tu+pc*t*u, t*u+ic*t*u, t*u+pm*t*u, andt*u+im*t*u
equal zero.

With the exception that the level of inequality ciiised by the Public-CC series is
significantly lower than the corresponding valuesnf Internal-Unadjusted series — the
coefficient onpc is negative and significant — all other variablasthis regression are
statistically insignificant. In addition, the trendound in all five series are not significantly
different over the entire period. Sint®) is relatively bottom-sensitive, and the diffeces
between these different series arise at the tdpeoflistribution, it is not surprising that the
choice of censoring method makes little differefarehis index.

In contrast, the results for th€l) values are very close to those found for thei Gi
coefficient: see Table 2, column 3. According te tihternal-Unadjusted series, the basic
time trend (coefficient o) is positive and statistically significant, ashe coefficient oru,
while the coefficient on their interactiotiu, is negative and statistically significant. Thas,
for the Gini index, inequality after 1992 accordiod(1) is greater, but the annual increase in
inequality since 1993 is significantly lower thanthe years prior to 1993.

When the Public-CC and Internal-CC series are usgder than the Internal-
Unadjusted one, the pre-1993 levelsl(h) are both significantly lower, as shown by the
coefficients onpc andic. For the post-1992 period, both series show sgantly smaller
jumps in levels: the coefficients gt*u andic*u are negative and statistically significant.
But the post-1992 inequality levels are still sfgraintly higher than those for the pre-1993
period, for both series. The null hypotheses th@c*u andu+ic*u are each equal to zero are
both soundly rejected. With respect to trends, tbefficient onpc*t is negative and
statistically significant, whereas the coefficieoih ic*t is negative but not statistically
significant.

The Public-MI and Internal-MI series both show reglevels of inequality than the
Internal-Unadjusted series for corresponding yea@le Public-MI series show a smaller
jump in post-1993 levels, as shown by the negatnek statistically significant coefficient on

pm*u. Both series, though, show higher levels of inéiguan the post-1993 period than in

24



the pre-1993 period. Both series show a cleariggirend for the whole period, but the rates
of increase in the post-1993 period are signifigasimaller, as shown by F-tests on
t* u+pm* t* u andt* u+im* t* u.

Finally, we turn to examine the levels and tremuld(2): see Table 2, column 4.
According to the Internal-Unadjusted series, theideime trend is positive and significant,
as is the coefficient ofp whilet*u is negative and significant. Therefore, as with @ini and
the I(1) indices, inequality after 1992 is greater theg finnual increase in inequality since
1993 is significantly lower than the increase aweryears prior to 1993.

When the Public-CC and Internal-CC series are coaap# the Internal-Unadjusted
one, the pre-1993 levels ®f2) are significantly lower for both series, as whoby the
coefficients onpc andic. For the post-1993 period, both series also shigwifeantly
smaller degrees of increase in levels becausedé#iaents ofpc*u andic*u are negative
and statistically significant. But for both seridhe post-1993 inequality levels are still
significantly higher than the pre-1993 period. Thél hypotheses that+pc*u andu+ic*u
each equal zero are both rejected. Both the C@ssehow smaller upward trend for the pre-
1993 period than does the Internal-Unadjusted tme:coefficients ompc*t andic*t are
negative and statistically significant. Althougle tRublic-CC series shows a lower trend after
1993 compared to before 1992, we cannot rejechtlighat the time trends before and after
1993 are the same in the Internal-CC series.

According to both the Public-MI and Internal-MI &=,1(2) values are larger than the
corresponding value in the Internal-Unadjustedeserin contrast to the time trend results for
the Gini andi(1), the rates of increase in the post-1993 pesiedthe same as the pre-1993
period. Using F-tests, we find that the coefficeenht*u+pm*t*u andt*u+im*t*u are not
significantly different from zero. These results,veell as the contrast with those for the Gini
and I1(1), may arise becauk@) estimates tend to have larger sampling vaitgbitlative to
these other indices, other things being edlis can also be seen from large year-on-year
changes in(2) values, and the large differences between tReblic-MI and Internal-Ml
estimates, especially in the post-1993 period Bgere 6). Thus, more caution is warranted

when interpreting(2) values.

®1(2) is also relatively prone to non-robustnesshi effects of outliers in the sense discussed byeGand
Victoria-Feser (1996). However, we would stressgampling variability aspect, since the ‘averagipgicess
used to combine the estimates from our 100 multipiguted data sets are likely to smooth out theot$f of
any outliers being added by the imputation process.
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Trends in Top Income Shares

Our results may surprise some readers — occasigeas of the CPS may not be aware of the
problems that inconsistent censoring can cause.ekample, they may not be aware of
comparability issues introduced by the Census BuUsease of cell mean imputations
beginning in 1995, and the changes in the CPS i(pubk and internal data) before and after
1993° Other readers may be surprised by our findingsubse they appear to contradict the
seminal work of Piketty and Saez (2003), who repaldstantial growth in income inequality
as measured by the share of “adjusted gross inc@tme’amount of income that is taxable
under federal income tax laws in place each yeslg by tax units (unadjusted for household
size) at the top of the distribution.

Up to now, we have focused on how best to use GR& td make statements about
levels and trends in income inequality as it hasveationally been measured in the income
distribution literature. (See Gottschalk and Smegdil997, and Atkinson and Brandolini,
2001, for reviews.) In this section, we compare GES-based estimates of levels and trends
in the income distribution with those of PikettydaBaez (2003).In doing so, it is critical to
point out that there are fundamental differencdsvéen the measurement conventions used
when analyzing size-adjusted pre-tax post-transtersehold income of individuals using
cross-sectional surveys like the CPS and usingd&8 on the adjusted gross income of tax
units as done by Piketty and Saez (2003). Pikettly $aez (2003) were primarily interested
in measuring very long run trends (since 1913) $ikicome inequality and, because of data
limitations, focus only on a small part of thattdsution — the share of adjusted gross
income held by the top 10 percent of tax filingtarand how that share is distributed within
this part of the distribution.

In Figure 7 we report our estimates of the sharwiafl income (as discussed in the
first part of this paper) held by the richest 10ceat of the population. We do so by
cumulatively reporting the share held by th&' 96" percentile group and then by this group

® For instance, the most important source of statied cross-sectional micro data on industrialized
countries—the Luxembourg Income Study (LIS)—uses ghblic use version of the CPS for its data on the
USA. On its website (http://www.lisproject.org/kegdires/inegtable.htm), LIS summarizes income inétyua
using P90/P10 and Gini coefficient estimates tlmidt adjust for the topcoding issues discussed. hétor
does LIS currently provide its users with information the degree that topcoding issues of this &ypefound

in its data from other countries. The public udeéSCdata as developed by LIS is also a major sooirce
information about USA inequality in the United NatiUniversity—World Income Inequality Database (UNU
WIDER, 2008). UNU-WIDER also does not alert itserss of topcoding issues on its website
(http://www.wider.unu.edu/research/Database/en @talthse).

" piketty and Saez (2003) only constructed top ireatmares up to year 1998, but they subsequentlgtegd
this series to year 2006, see http://elsa.berlediey—saez/ It is these latter values that we report here.
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plus the next richest 4 percent (989" percentile group) and finally by adding on thersha
held by the top 1 percentile group for each yeat5+2004, based on the Internal-MI series.
We also report the corresponding cumulative shatienates from Piketty and Saez (2003)
for their tax unit samples and use of adjustedgnosome (excluding capital gains).

Figure 7
Estimates of Top Income Shares: Piketty & Saez aniditernal-Ml Series, 1975-2004
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Source:http://elsa.berkeley.edu/~saemid authors’ calculations from internal data fit#s
March CPS.

Our Internal-MI top share estimates are in genem@mewhat lower than the
corresponding ones reported by Piketty and Sae@3j20his is not surprising since two
quite different concepts of income are being u$ed.instance, adjusted gross income does
not include government transfers since this incosnaot taxed. Because a much greater
share of non-taxable government in-cash transfeék&BC/TANF, Social Security benefits,
etc. — are held by those in the poorest 90 pemfethie pre-tax post transfer distribution, and

this income is included in our income measure, weld expect those in the top 10 percent
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of the pre-tax post-transfer income distributiorn&ve a smaller share of total income than of
adjusted gross income in all years, as is the icaSiggure 7.

Nevertheless, for both the income share held byotHe-95" percentile groups and
the 98"-99" percentile groups, the CPS-based and tax datatsesies resemble each other
closely, in terms of both levels and trends. ThEisremarkable given the very different
underlying concepts of income and approaches td&etin the Piketty and Saez (2003) IRS
series and our Internal-MI CPS series suggestttieashare of income held by theé"995"
percentile groups remained relatively stable duthywhole period 1975-2004, accounting
for around 10-12 percent of total income. In tepfithe share of income held by the"95
99" percentile groups, the Piketty and Saez (2003)4RS:d estimate grows slowly from 13
percent in 1975 to 15.1 percent in 2004. Over thmes period, the growth in our
corresponding Internal-MI CPS estimate is remarkabhilar: an increase from 10.5 percent
to 12.5 percent.

In Figure 8, we disaggregate the share of inconte hethe richest 10 percent of the
income distribution further by reporting the shafencome held by percentile groups within
the 98"-99" percentile group according to our Internal-MI CB&ies. Although income
shares increased slightly at the higher percentitesugh to the 99 percentile group, these
increases were relatively modest. Even for th&-98" percentile group, the growth in

income shares from 1975-2004 was less than 1 gageepoint.
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Figure 8
Estimates of Top Income Shares: Internal-MI Series1975-2004
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In contrast to the similar trends found in the shafrincome held by those in the"80
99" percentile group using either the Piketty and $26@3) series or our Internal-MI series,
there are substantial differences between the érieswith respect to the level and trends in
the share of income held by the richest 1 percdéfitile the share of income help by the
richest 1 percent grew substantially over the 12084 period according to both series,
growth in the Piketty and Saez (2003) series ishngreater, from 8.0 percent to 16.1 percent
compared to an increase from 5.4 percent to 9.8epein the Internal-MI CPS series. But
this difference is even greater when it is obsetead one third of the increase in the income
share of the top 1 percent in the Internal-MI sefrem 1975-2004 occurred in 1993, and
which is primarily attributable to the CPS redesigfence a significant minority of this
increase in the share of income held by the toprtgmt in the Internal-Ml series is likely to
be due to better measurement of their income byC#® rather than by an actual increase in
the share of income they held.

This same problem of changes in measurement vetarges in real income held by
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the richest 1 percent of the distribution is alkell to explain at least some part of the rise in
income shares at the top of the income distribuitiotine Piketty and Saez (2003) series. As
can be seen in Figure 7, there is a dramatic 4eptge point jump in the share of gross
taxable income held by the highest 1 percent olitats reported by Piketty and Saez (2003)
between the years 1986 and 1988. This finding nioistpme degree, be the result of changes
in the way the very richest tax units chose to repleeir income as a result of the Tax
Reform Act of 1986 rather than the result of geruaimanges in income inequality. This
legislation provided substantial incentives for #ieey richest tax units to switch income from
Subchapter-S corporations to wage income. (Seer8ttm996, and Reynolds, 2006 for a
fuller discussion of this type of tax elasticitysi® in the Piketty and Saez, 2003 data and
Feenberg and Poterba, 1993 for a more general sdigcu of the problems of measuring
income inequality based on income tax records.)tr@ating the 1986-1988 jump in the
Piketty and Saez series would cut in half the iaseein the share of income held by the
richest 1 percent over the whole period. Their datather years may also be subject to this
same type of tax elasticity behavior, albeit tessker extent. For example, for a group of high
income corporate executives, Goolsbee (2000) shatlvatl almost all of the estimated
responsiveness of taxable wage and salary incomeatginal tax rates from 1991 to 1995
was the result of shifts in the timing of compermatather than permanent shifts in the form
of compensation.

Keeping this in mind, it is difficult to determinehat is going on at the very top of the
income distribution using either the CPS data er RS data. Piketty and Saez (2003) find
greater increases in inequality after 1993 thardweprimarily because of greater growth in
the share of income held by the richest 1 peraertheir IRS data. It is uncertain to what
degree this difference is the result of our deaengaability to capture income at the very
highest income levels, even using internal CPS, @ataf behavioral changes in the way that
individual tax units report their adjusted grossome on their tax returns.

The growth in income in the years just prior to @00 stock market crash was
greater among the highest income groups, and theates of the income share of the richest
1 percent from both series capture this increaseedisas the decline in their share in the
recession that followed the stock market crash. TR& may have been less able to capture
this income going to the top of the income disttilmo. But it also may be the case, as
Reynolds (2006) argues, that a greater increaskeiruse of tax-deferred savings accounts

(401k plans, Keogh plans and IRA tax shelters)himge in richer percentile groups but not in
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the very richest 1 percent of the adjusted grossnre distribution of tax units may also
explain part of the rise in the top income shaporeed by Piketty and Saez (2003).

Additional work is necessary to determine what @&y is happening at the very
highest income levels. But one more piece of evademith respect to the poorest 99 percent
of the distribution — which can be measured withfence in the CPS data — is that our
trends for income inequality are consistent with tfends in wage earnings over this period
found by Autor, Katz and Kearney (2008) using thelig use CPS data.

Conclusions

We analyze trends in income inequality in the US&rahree decades (1975-2004), drawing
on internal CPS data that are not generally availeoresearchers outside the Census Bureau.
Although the CPS is the most authoritative surveyadsource for studying US income
inequality, censoring of each of its many sourceswcome atrtificially lowers the level of
inequality and potentially affects estimates oftiesxds over time, whether one uses public or
internal CPS data. We consider several methodaddressing censoring, and as a byproduct
of this work, derive a revised cell mean imputatgaries that can be applied to public use
data. This series allows researchers to more aetyraapture levels and trends in the
internal data. In addition, we take account of oeing in the internal data using a multiple
imputation approach that uses parametric methodsrge imputations.

Using the Gini coefficient to measure inequality find the level of income inequality
based on our Internal-MI series is slightly higirecorresponding years inequality based on
the Internal-Unadjusted series before 1993 andifgigntly higher after 1993. But despite
this difference in levels, thé&rends in inequality we find using the two series are not
significantly different. Inequality rose over thehae period 1975-2004, but the rate of
increase slowed after 1993. We find this same tresihg our Internal-CC and Public-CC
estimates.

The story about trends differs when we use theetl@& inequality indices, but the
differences are readily explicable in terms of phneperties of the indices, specifically their
differences in sensitivity to income differencedifferent ranges of the income distribution.
1(0) rose steadily during 1975-2004, showing no sijslowing down after 1993. But our
[(1) andI(2) series are similar to our Gini series in thends, subject to the caveat thi)
indices are less precisely estimated, showing lgepe-on-year variation. Becaus@®) is

more bottom-sensitive than the other inequality suess, our results suggest that what is
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happening in the upper part of the income distidsuts responsible for the 1990s slowdown
in rate of inequality increase.

Our results for household income are largely caoestswith other research that has
examined levels and trends in wage inequality ugiaglic use CPS data (see e.g. Autor,
Katz and Kearney, 2008) but differ from the restitisnd by Piketty and Saez (2003) after
1986 almost solely due to different trends in thare of income held by the richest 1 percent.
With IRS data about the distribution of adjustedsgrincome, not only do Piketty and Saez
find higher levels of inequality over all years nhae do, but also a major increase in
inequality between 1986 and 1988 and a greateeaser in income inequality trends in the
post-1993 period. Although the rapid increase @goime inequality in their tax data is caused
in part by changes in the way income is reportéderathan a real change in underlying
income inequality, it is less certain why they fisgch larger increased in income inequality
after 1993.

Our results suggest that, for at least the po@@gtercent of the income distribution,
the increase in inequality since 1993 has beenfgigntly slower in the USA than in the
previous two decades. Based on our Internal-MEsesie find the level of income inequality
rises when we include an estimate that includes/éng top part of the income distribution
censored in the unadjusted internal CPS data. Bt &0 these estimates, the rise in income
inequality slowed after 1993. Our findings are dstesnt with those found by Piketty and
Saez (2003) for the 899" percentile groups. It is only with respect to tidest 1 percent
that we differ. And it is here that we are at timeitls of current knowledge, both with respect
to the CPS data because of its difficulty in oltagninformation on the highest income
households, and with respect to the IRS data beaafusehavioral effects caused by changes
in the tax laws. It is difficult to fully understdrhow much of the yearly changes in inequality
are the result of real changes in the incomes @fvélry richest income tax units and how

much is due simply to changes in the way they tejpat income.
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Appendix Table 1. Income Items Reported in the Curent Population Survey

Name in
Name in Internal
Name Public Files Files Definition
1975-1986
Labor Earnings
Wages I51A WSAL_VAL Wages and Salaries
Self Employment 151B SEMP_VAL Self employment inacam
Farm I51C FRSE_VAL Farmincome
Other Sources
Income from Social Security and/or Railroad
Social Security I52A I52A_VAL Retirement
Supplemental Security 152B SSI_VAL  Supplementalusigg Income
Public Assistance I53A PAW VAL Public Assistance
Interest I153B INT_VAL Interest
Dividends Rentals I53C I53C_VAL Dividends, Rentdls)st Income
Veterans 153D I53D_VAL Veteran's, unemployment, kesls compensation
Retirement I53E I53E_VAL Pension Income
Other I53F I53F VAL Alimony, Child Support, Othercdome
1987-2006
Labor Earnings
Primary earnings ERN_VAL ERN_VAL Primary Earnings
Wages WS_VAL WS_VAL  Wages and Salaries-Second ®ourc
Self Employment SE_VAL SE_VAL Self employment incersecond Source
Farm FRM_VAL FRM_VAL Farmincome -Second Source
Other Sources
Social Security SS VAL SS VAL Social Security Ina®am
Supplemental Security SSI_VAL SSI_VAL  Supplemei@aturity Income
Public Assistance PAW VAL PAW VAL Public AssistankaNelfare Income
Interest INT_VAL INT_VAL Interest
Dividends DIV_VAL DIV_VAL Dividends
Rental RNT_VAL RNT_VAL Rental income
Alimony ALM_VAL ALM_VAL Alimonyincome
Child Support CSP_VAL CSP_VAL  Child Support Income
Unemployment UC_VAL UC VAL  Unemploymentincome
Workers Comp WC_VAL WC_VAL  Worker's compensatiogome
Veterans VET VAL VET VAL Veteran's Benefits

Retirement - Source 1 RET_VAL1 RET_VAL1 Retiremamome - source 1
Retirement - Source 2 RET _VAL2 RET _VAL2 Retiremamome - source 2

Survivors - Source 1 SUR_VAL1 SUR_VAL1 Survivorgdme - source 1
Survivors - Source 2 SUR_VAL2 SUR_VAL2 Survivorgdme - source 2
Disability - Source 1 DIS VAL1 DIS VAL1 Disabilitihcome - source 1
Disability - Source 2 DIS VAL2 DIS VAL2 Disabilitihcome - source 2
Education assistance ED VAL ED VAL Education assise
Financial assistance FIN_VAL FIN_VAL Financial As&ince

Other Ol VAL Ol VAL Other income

Sources: Current Population Survey Annual Demodcalpite Technical Documentation, 1976-2002. Current
Population Survey Annual Social and Economic Suppl& Technical Documentation, 2003-2007
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Appendix Table 2: Rate of censoring when using coistent censoring procedures

Public Consistent Internal Consistent
Censoring Points Censoring Points
Percent Binding Percent Binding
Censored Year Censored Year
Wage 1.31 2001 0.36 1984
Self Employment 3.93 1978 1.38 1984
Farm 2.42 2001 0.28 1983
Public Assistance 0.48 1995 0.48 1995
Supplemental Security 1.94 1994 0.30 1992
Social Security 0.40 1997 0.40 1997
Interest 1.15 2004 0.21 2004
Dividends 1.58 2001 0.15 1984
Veterans / Workers Comp 0.23 1985 0.00 1986
Retirement 0.17 1979 0.10 1984
Other Income 0.17 1979 0.07 1984

Source: Author’s calculations using public use axternal March CPS data
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