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Abstract

Measures of U.S. earnings (and income) inequality rely heavily on the Current Popul ation
Survey Annual Social and Economic Supplement (ASEC). A substantial and increasing share of
individuals and households surveyed in the CPS either do not participate in the ASEC
supplement, or participate but fail to report earnings. Imputation procedures assume that
nonresponse is missing at random, conditional on measured covariates (MAR). Yet littleis
known how deviations from MAR affect inequality measures. We explore how nonresponse bias
affects measures of the level and trends in earnings inequality using ASEC datafor calendar
years 1997-2010 matched to Social Security Detailed Earnings administrative tax records (DER).
We find that nonresponse bias causes inequality to be understated, with ASEC earnings
responses including too few low earners and too few very high earners. Census hot-deck
imputations for nonrespondents do not fully correct the bias. Earnings shares among the top 1%
of earners are lower by at least 20 percent in the ASEC compared to matched administrative tax
records, with about half accounted for nonresponse and half to topcoding in the ASEC. Hybrid
measures using ASEC earnings for CPS respondents and administrative DER earnings for
nonrespondents produce intermediate estimates.
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In the literature examining the levels and trends in earnings and income inequality in the
United States, the principal data source has been public use files from the Current Popul ation
Survey (CPS). These studies have typically used either the CPS Outgoing Rotation Group (ORG)
monthly files that measure earnings on the primary job during the survey reference week or the
CPS Annua Socia and Economic Supplement (ASEC) administered each March, providing
information on earnings and income sources during the previous calendar year, or both (e.g.,
Bound and Johnson 1992; Juhn, Murphy, and Pierce 1993; DiNardo, Fortin, and Lemieux 1996;
Card and DiNardo 2002; Lemieux 2006; Autor, Katz, and Kearney 2008). Burkhauser et al.
(2012) have authored a series of papers examining trends in income inequality using internal
ASEC filesthat have the advantage of earnings topcodes extending well beyond those in the
public use files. Less common have been studies of inequality using administrative tax data
(Piketty and Saez 2003; Kopczuk, Saez, and Song 2010; Chetty et al. 2014; Spletzer 2014). In
this paper, we use both—internal ASEC data that is matched to administrative tax data on

earnings—to estimate levels and trends in earnings inequality.

A complicating factor in the analysis of earnings inequality has been the substantial
increase in earnings nonresponse in the CPS (Hirsch and Schumacher 2004; Bollinger and
Hirsch 2013; Hokayem, Bollinger, and Ziliak 2015). Today over 30 percent of earningsvaluesin
the ASEC and ORG are imputed (allocated) based on the earnings of “donors” matched to
nonrespondents in Census hot deck procedures, which is double the rate of two decades ago.
Depending on the questions being addressed and the reasons for nonresponse, use of imputed
values can either have little effect or can produce severe “match bias” in standard measures of
wage gaps (Hirsch and Schumacher 2004; Bollinger and Hirsch 2006, Heckman and LaFontaine
2006). If the earnings data are “missing completely at random” (MCAR), then nonresponse is not
dependent on earnings, even absent covariates; if earnings are “missing at random” (MAR), then
nonresponse is not dependent on earnings after conditioning on covariates, and if earnings are
“not missing at random” (NMAR), then nonresponse depends on the value of missing earnings
even after conditioning on covariates (Rubin 1976; Little and Rubin 2002). It isthis|atter case
that is generally referred to as “nonresponse bias.” Both Census imputation procedures and
common methods to deal with nonresponse assume that nonresponse isignorable; that is, those
not reporting earnings have earnings similar to those with equivalent measured attributes. If this

MAR assumption is violated, then measures of inequality will be biased. Indeed, some inequality
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studies have excluded imputed earners (Lemieux 2006; Autor, Katz, and Kearney 2008), while
others have not (e.g., Burkhauser et al. 2012).

Although the literature has made progress in understanding how treatment of imputed
earners affects wage equation coefficients and measures of wage gaps across groups (Bollinger
and Hirsch 2006; Kline and Santos 2013; Bollinger et al. 2014), there islittle knowledge
regarding how earnings nonresponse affects the measurement of inequality. Understanding how
nonresponse might affect inequality is not straightforward. One needs to identify who failsto
respond, how nonresponse differs with respect to true and typically unobserved earnings
(conditional on covariates), how any such nonresponse bias might differ across the earnings
distribution, and how one can best treat topcoded earnings. Census uses different topcode values
depending on earnings source, and these limits differ between internal and public release
versions of the ASEC.

To address these questions, we use restricted-access ASEC datafor calendar years 1997
through 2010, matched to administrative tax data on wage and salary and self-employment
earnings from the Social Security Detailed Earnings Records (DER). A key advantage of the
DER datais that earnings are not topcoded, thus permitting a direct comparison of estimates of
upper-tail inequality from tax records to topcoded survey responses. Thisisthe first such direct
comparison from matched individual survey and tax data on how nonresponse and topcoding
affects earnings inequality estimates. We estimate several leading measures of inequality
emphasized in the recent literature—including the Gini coefficient, the earnings share accruing
to the top 1% of earners, and the 90/50 and 50/10 percentile ratios—for aternative earnings
definitions. The latter include the internal ASEC datainclusive of Census hot-deck imputations
for nonrespondents, ASEC with nonrespondents dropped, and replacement of ASEC earnings
with DER earnings. We also explore possible “fixes” for nonresponse in publicly available
ASEC data, including re-weighting techniques for nonresponse and replacement of topcoded
valuesin the ASEC with newly estimated values based on the Pareto distribution methods
proposed by Armour, et a. (2014).

Our results indicate that nonresponse bias causes inequality to be understated, with ASEC
earnings responses including too few low earners and too few very high earners. That is,
compared to measures for the same individuals from administrative tax data, the Census hot-deck

procedure based on the MAR assumption assigns missing earnings that are too high for low-



wage workers and too low for very high-wage workers, compressing the overall distribution of
earnings. Earnings shares among the top 1% of earners are lower by at least 20 percent in the
ASEC compared to matched administrative tax records, with about half accounted for by
nonresponse and half to topcoding in the ASEC. This gap between the ASEC and data from the
DER appears to have worsened in recent years, primarily among men. Our hybrid measures
using ASEC earnings for CPS respondents and administrative DER earnings for nonrespondents
produce intermediate estimates. Users of public ASEC data should incorporate both the new
rank-swap topcode series recently made available by Census, and should incorporate the Pareto
topcode adjustments to better account for upper-tail inequality.

l. Census Imputation and Topcoding Procedures and Implications for Inequality

Earnings (and income) nonresponse in the ASEC has increased over time, particularly
following changes in the survey in 1994. Although thisiswidely known, less well known is that
in addition to item nonresponse with respect to earnings and other CPS questions, there exists
A SEC supplement nonresponse. This occurs when households participating and responding in
the monthly CPS refuse to participate in the ASEC supplement. When this occurs, Census
imputes the entire household record (so-called whole imputes) by replacing the blank supplement
of the nonresponding household with the completed supplement of another household. Since the
late 1990s, item nonresponse to the earnings question in the ASEC has been just over 20 percent
and supplement whole imputes about 10 percent, resulting in total earnings nonresponse ratesin
excess of 30 percent (Bollinger et a. 2014; Hokayem et a. 2015).*

A. Imputations for Nonresponse

The Census Bureau has used a hot deck procedure for imputing missing income since
1962, with the current system in place with few changes since 1989 (Welniak 1990).> The ASEC
uses a sequential hot deck procedure to address item nonresponse for missing earnings data by
assigning individuals with missing earnings values that come from individuals (“donors”) with

similar characteristics. The ASEC sequential hot deck procedure for earnings variables first

! Another manifestation of earnings nonresponse is unit nonresponse, whereby the prospective sample member
refuses or cannot be contacted for the initial CPS (monthly) survey. Dixon (2012) reports rates of unit nonresponse
in CPS in the 8-9 percent range during our sample period. Korinek et a. (2007) provide evidence suggesting that
there is negative selection into response, with households in higher income areas less likely to participate.

2 The sequential hot deck procedures used in the March survey prior to 1989 were fairly primitive, with schooling
not a match variable until 1975. Lillard, Smith, and Welch (1986) provided an influential critique of Census
methods. Welniak (1990) documents changes over time in Census hot deck methods for the March CPS.



divides individuals with missing data into one of 12 allocation groups defined by the pattern of
nonresponse (e.g., only missing earnings from longest job, or missing both longest job
information and earnings). Second, an observation in each allocation group is matched to a donor
with complete data based on alarge set of socioeconomic match variables. If no match isfound
based on the large set of variables, then amatch variable is dropped and variable definitions
collapsed (i.e., categories are broadened) to be less restrictive. This process is repeated until a
match is found. When a match is found, the missing earnings amount is replaced with the
reported earnings from the first available matched donor.

The Census also uses a hot deck procedure for whole supplement nonresponse. Instead of
12 allocation groups, the whole imputation procedure uses 8 allocation groups. Moreover, the set
of match variablesis smaller than the set used for item nonresponse, consisting solely of
variables from the basic monthly CPS. To be considered a donor for whole imputations, an
ASEC respondent has to meet the minimum requirement that at least one person in the household
has answered one of the following questions: worked at ajob or businessin the last year;
received federal or state unemployment compensation in the last year; received supplemental
unemployment benefitsin the last year; received union unemployment or strike benefit in the last
year; or lived in the same house one year ago. This requirement implies that whole supplement
donors do not have to answer al the ASEC questions and can have item imputations. Similar to
the sequentia hot deck procedure for item nonresponse, the match process sequentially drops
variables and makes them less restrictive until adonor is found.

B. Nonresponse and Inequality Measurement

Whether and to what extent unconditional (i.e. “raw”) or conditional (i.e. residual)
measures of inequality using ASEC are affected by nonresponse depends on the type of
nonresponse. Assuming that earnings nonrespondents are missing completely at random, raw
inequality measures are expected to be unbiased and equivaent for large samples that include
and exclude imputed earners. Under the MCAR assumption, the quality of the imputation
procedure should not affect measures of unconditional inequality. Even with MCAR, however,
the quality and specific details of the imputation procedure do affect measures of conditional or
residual inequality owing to “match bias” (Hirsch and Schumacher 2004; Bollinger and Hirsch
2006). If covariates used in the hot deck imputation procedure are broader (more crude) than in

the researcher’s model, measures of residual inequality will be larger using the full sample than



the sample that excludes imputed earners. For example, if the researcher conditions the earnings
dispersion measure on worker industry and location (e.g., state), but these are not hot deck match

criteria, inclusion of imputed earners causes residual inequality to be overstated.

Of course, the MCAR assumption does not hold. Nonresponse varies with respect to
measurable demographic and geographic descriptors (e.g., race, city size), some of which are
correlated with earnings. The more common and pertinent assumption for researchers and
statistical agenciesis MAR — missing at random conditional on measured covariates. Under
MAR, unconditioned measures of inequality may differ between the full sample with
imputations and a sample omitting imputed earners. And it is not clear a priori which of these
two imperfect samples provides the better measure. The full sampleislikely to provide a good
measure of unconditional inequality if the covariates used in the imputation procedure provide an
unbiased measure of earnings and maintain variance. Using only respondents (non-imputes)
provides more accurate earnings responses, but risks bias (absent reweighting) to the extent that
nonresponse rates differ across the earnings distribution, as we subsequently show. The full
sample with imputes is not appropriate for examining conditional inequality, however, because
the relationship between inequality and the multivariate correl ations with respect to
demographic, geographical, and job attributes not used (or used fully) in the imputation process
will be biased (i.e., the “match bias” previously discussed). Retaining imputed earners does not
account for nonresponse bias (NMAR) since individuals not reporting earnings are assigned
earnings from donors who respond. Stated simply, nearly al imputation procedures assume that
nonresponse is MAR with respect to covariates used in a given hot deck matching process. The

exception would be a procedure that explicitly corrects for selection (nonresponse) bias.

The respondent-only sample has the important advantage of including only those for
whom we observe earnings (we ignore other reporting and measurement issues), but has the
disadvantage that it need not be a representative sample with respect to observables, some of
which may be correl ated with earnings and earnings dispersion. A straightforward way to
remedy the non-representativeness of the respondent sample isto rebalance the sample using
inverse probability weights (IPW), giving larger weight to those with attributes associated with
high nonresponse (e.g., residing in alarge urban area) and low weights to those with lower rates
of nonresponse (white, high school graduates). The expectation under MAR isthat a properly

rebalanced respondent-only sample should provide measures of unconditional inequality similar
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to that for afull sample including imputes. The rebalanced respondent sample, moreover, has the
advantage of being appropriate for analysis of residual inequality, whereas a sample containing
imputed earnersis not, absent an imputation process that assigns earnings using the same set of
covariates as in the researcher’s analysis. For those using public use CPS files, rebalanced
respondent-only samples from the CPS may be appropriate although not necessarily
advantageous for analyses of unconditional inequality, while in most cases are essential for

analyses measuring residual inequality under MAR.

The focus of our paper is to examine the more difficult issue of earnings not missing at
random conditional on covariates (NMAR); that is, nonignorable nonresponse. If thisis so,
neither the full sample with imputes nor the respondent-only sample provides unbiased measures
of earnings and earnings inequality. The full sampleis flawed by some unknown degree of
nonresponse bias, while at the same time subject to match bias in analyses of residual inequality.
A rebalanced respondent sample is not subject to match bias but, like the full sample, may
produce biased estimates of inequality (unconditional or conditional) due to unobserved
differences in earnings among those who do and do not respond.

Thereis surprisingly limited knowledge of the pattern or strength of nonresponse biasin
the CPS. Older studies using small CPS samples of married males matched to administrative
earnings data (e.g., Greenlees et al. 1982 use a 1973 CPS sample) concluded that there was
negative selection into nonresponse; that is, those with higher earnings, conditioned on
covariates, being least likely to respond (Kline and Santos (2013) use this same 1973 CPS
sample). Bollinger and Hirsch (2013), using a Heckman selection model with public use CPS
files, also conclude that there is a central tendency toward negative selection (particularly so

among men), but that this tendency is weak.

More recently, Hokayem, Bollinger, and Ziliak (2015) and Bollinger, Hirsch, Hokayem,
and Ziliak (2014) examined nonresponse bias using internal ASEC files matched to
administrative earnings data (DER), the data set used in this paper. In contrast to prior studies,
they do not assume that there is common selection into nonresponse across the distribution. In
their analysis, Hokayem et al. address the related issue of how nonresponse affects the
measurement of poverty, finding that the official Census poverty rate is biased downward by

about a percentage point due to nonresponse, meaning poverty is undercounted by about 3



million personsin atypical year. Bollinger et al. focus on residual nonresponse among full-
time/full-year wage and salary workers. They conclude that nonresponse is U-shaped over the
wage distribution, being constant over most of the distribution, but substantially higher in the left
and right tails; that is, there exists strong positive selection into response in the | ft tail and
strong negative selection in the far right tail. This evidence confirmsthe Lillard, Smith, and
Welch (1986) conjecture of U-shaped nonresponse, for which Kline and Santos (2013) found
support using data from the early 1970s. Bollinger et a., however, only examine full-time/full-
year workers and do not examine how nonresponse affects the level and trendsin inequality as

we do here.

C. Measuring Inequality with Topcoding

Income and earnings variables in the CPS are topcoded not only in public use files, but
also ininternal Censusfiles, though at substantially different levels. For example, the interna
topcode for the person’s earnings from longest job is $1,099,999, whereas in public-rel ease
versions of the ASEC it is $250,000. Prior to the 1996 survey year, Census only released the
topcode value in the public versions of the data. Starting in 1996, they instead released the
average value of earnings among those topcoded based on the broad groups of gender,
race/ethnicity, and worker status.® The mean values were constructed based on earnings values
between the public topcode value and the internal topcode value. Starting with the 2011 survey
year, Census adopted a new approach called “rank proximity swapping,” whereby they now
order topcoded earners from lowest to highest and randomly swap out earnings between
individual s within a bounded range (and again, below the internal topcode). Unlike the cell-mean

series, this new approach preserves the distribution of earnings above the topcode.*

In our analysis we present several measures of inequality—the Gini coefficient, the top
1% share, and 90/50 and 50/10 percentile ratios. The Gini coefficient is a preferred summary
measure of the entire distribution of earnings (Burkhauser et a. 2012), the share accruing to the
top 1% isafoca measure in the recent administrative tax-record literature (Piketty and Saez
2003), and the percentile ratio has been a standard method in the residual inequality literature
(Autor et al. 2008). The assignment of topcodes has a mechanical effect on summary inequality

3 Larrimore et al. (2008) used internal ASEC data to construct the cell-mean series back to the 1976 survey year.

* Census has made available to the user community the rank-proximity swapped values for topcoded persons back to
1975 at https.//www.census.gov/housing/extract_files/data%20extracts/income%20data%20files/. To further protect
respondent confidentiality, Census rounds swapped val ues.



dispersion measures such as earnings shares and Gini — the higher the topcode value, the higher
is measured inequality. By contrast, treatment of topcodes has no effect on percentile ratios as

long as the topcoded value exceeds earnings at the percentile selected for the ratio’s numerator.>

What can be disputed is the choice of an appropriate topcode adjustment. A typical
approach by researchers using public usefilesisto apply afixed topcode multiple for al workers
and years, say multiplying the topcode by 1.4 or 1.5, which isintended to represent the mean
level of earnings for those at and above the topcode based on the Pareto distribution. Somewhat
problematic is the use of a single topcode multiple; at a minimum one might vary the topcode
multiple based on differences by gender and year as we do below. Armour et al. (2014) recently
provided a lucid discussion of problems with topcoded earnings in the CPS. Asthey highlight,
the standard approach is to assume a two-point distribution to estimate the Pareto shape
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In equation (1) it is assumed that the earnings distribution is characterized by the Pareto above a
lower cutoff value, X, and a second, and higher cutoff value, X, is required to estimate the
shape parameter. Choice of these two points is somewhat arbitrary, but an obvious one for the
former isthe earnings of the 99th percentile, and for the latter is the earnings value of the
topcode value. In this case, C then represents the number of persons with earnings above the
lower cutoff (i.e. the 99th percentile), and T is the number of persons with earnings above the
higher cutoff (i.e. the topcoded value). Armour et al. (2014) suggest a more robust maximum
likelihood estimator of the shape parameter (@) that utilizes the actual earnings of individuas
between the two cut points (in fact the sum of (fog) earnings between the points), and not just the

two points themselves, defined as
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® Likewise, bottom codes also have a predictable effect; for example researcher choices regarding such things as the
lowest wage measures to include (say, none below the minimum wage), the inclusion of zero earnings, and the
inclusion of earnings losses among the self-employed.



where M is the number of persons with earnings between the 99th percentile and the topcode,
In(x;) isthe natural log of earnings of individual i, and In(X;) and In(Xy) arethe same asin

equation (1).

Like Armour et a., our internal ASEC data set alows us to observe topcodes higher than
in the public usefiles. In addition, however, we al so have non-topcoded measures of earnings
from linked administrative DER records. In our analysis, we construct the alternative measures
of inequality using the DER, the ASEC earnings reports with and without imputed values, and
ASEC data with three different adjustments to the internal topcode—a fixed multiple of 1.4, and
the Pareto shape parameters in equations (1) and (2). The Pareto shape parameters are estimated
separately by year and sample, both using the internal ASEC alone and the ASEC in conjunction
with the DER.

. Data Description

The data used in our analysis are ASEC person records matched to the DER file for
survey years 1998-2011, reporting earnings for calendar years 1997-2010. Our estimation sample
includes all wage and salary and self-employed workers, ages 18-64, not enrolled in school. We
separately provide analyses using the full sample, men aone, women alone, and only full-time,
full-year (FT/FY) workers (men and women combined). We identify FT/FY workers based on
annual hours worked, the product of weeks worked (WK SWORK) and usual hours worked per
week (HRSWK), requiring that a FT/FY worker has worked at least 50 weeks in the prior year
and at least 35 hours per week. All estimates are weighted by the ASEC supplement weight.

A. Detailed Earnings Records and ASEC-DER Match Rates across the Distribution

The DER file is an extract of SSA’s Master Earnings File and includes data on total
earnings, including wages and salaries subject to taxation under the Federal Insurance
Contributions Act (FICA) and earnings from self-employment subject to taxation under the Self-
Employment Contributions Act (SECA). Only positive self-employment earnings are reported in
DER because individuals do not make SECA contributions if they have self-employment losses
(Nicholas and Wiseman 2009). The DER file contains all earnings reported on workers’ W-2 tax
forms (and Form 1099 if self employed). These earnings are not capped at the FICA contribution
amounts and include earnings not covered by Old Age Survivor’s Disability Insurance but
subject to the Medicare tax. Unlike ASEC earnings records, the DER earnings are not topcoded.



Thisisimportant given that there are substantial concerns regarding nonresponse and
nonresponse bias in the right tail of the distribution, but knowledge on these issuesis quite
limited. The DER file also contains deferred wages such as contributions to 401(k), 403(b),
408(k), 457(b), and 501(c) retirement plans, as well as health savings accounts. However, as
described in Abowd and Stinson (2013), some forms gross compensation are not in DER such as
pre-tax health insurance premiums and education benefits. Of potentially greater concern,
particularly for the left tail of the earnings distribution, isthat DER cannot measure earnings that
are off-the-books, or are not subject to FICA taxation such as public employees in certain states
with solely state-funded pension plans, and thus not reported to SSA.

Workersin the DER file areidentified by a Protected Identification Key (PIK), a
confidentiality-protected version of the Socia Security Number (SSN) assigned by Census. DER
files are matched to ASEC files by the Census Bureau’s Center for Administrative Records
Research and Applications (CARRA). Since the CPS no longer asks respondents for a SSN,
CARRA usesits own record linkage software system, the Person Validation System, to assign a
model-based SSN (Wagner and Layne 2014). This assignment relies on a probabilistic matching
model based on name, address, date of birth, and gender. The SSN is then converted to a PIK.
The SSN from the DER file received from SSA is aso converted to a PIK, and the two files are
matched based on the PIK and do not contain SSN.

[Figures 1laand 1b here]

Figure 1 shows how the DER match rates vary across the ASEC earnings distribution,
with Figure 1a depicting match ratesin the first half of the sample period 1997-2004 and Figure
1b for the second half spanning 2005-2010. We split the sample in presenting the match rates
because Census changed its consent protocol for matching respondents to administrative data
beginning with the 2006 ASEC. Prior to this CPS collected respondent Social Security Numbers
and an affirmative agreement allowing a match to administrative data; i.e., an “opt-in” consent
option, with “no consent” being the default. Beginning with survey year 2006, this changed to a
consent default coupled with an “opt-out” option — respondents not wanting to be matched to
administrative data had to notify the Census Bureau through the website or use a special mail-in
response. If the Census Bureau doesn’t receive this notification, the respondent is assigned a

SSN using the Person Validation System. Comparing Figures 1a and 1b, the switch to a consent
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default increased the match rate by 20 percentage points in most of the distribution, from 60-70
percent to 80-90 percent. However, regardless of default or the sample (gender and FT/FY), the
match patterns across the distribution are similar—match rates are lower for those in the | eft tail
of the distribution, but rates vary little throughout the rest of the distribution.

B. Earnings Nonresponse across the DER Distribution

Workers can appear in the DER files more than once each year if they have several jobs.
We collapse the DER records into one earnings observation per worker per year by aggregating
total earnings from Box 1 of the W-2 (labeled “Wages, tips, other compensation”) across each
worker’s wage and salary employers, plus the higher of Box 3 (Social Security earnings) and
Box 5 (Medicare wages and tips) across each worker’s self-employment earnings sources. We
also collapse total deferred contributions. That is, earnings and total contributions are summed
across all of an individual’s employers and businesses. The wage and salary portion of total DER
earnings is most compatible with CPS earnings from all wage and salary jobs (ERN-VAL plus
WSAL-VAL). The self-employed portion of total DER earnings most closely corresponds to SE-
VAL and the farm portion to FRM-VAL. We classify aworker as having imputed ASEC
earnings (i.e., nonresponse) if any component of wages and salary, self-employed, or farm

earningsisimputed, or the entire ASEC supplement isimputed (flag FL-665).
[Table 1 here]

Table 1 provides descriptive statistics for the full sample, for both men and women
separately, and for the narrower sample of FT/FY workers over the entire 1997-2010 period.
Earnings are reported in constant 2012 dollars using the Personal Consumption Expenditure
deflator. For the full sample, just under 25% of workers have earnings imputed (item plus whole
nonresponse), more than 5 percentage points less than the ASEC nonresponse rate not
conditioned on the DER match, indicating that those not matched to the DER exhibit higher
ASEC nonresponse. Roughly 6% of workers have topcoded earningsin the internal ASEC (from
any earnings source), but thisis far more prevalent among men than women (10% versus 2%).
Mean ASEC and DER earnings are shown separately for workers who are ASEC respondents
and nonrespondents. The ASEC earnings shown for nonrespondents include the Census imputed
values. In contrast, DER earnings shown for ASEC nonrespondents (and respondents) are

individuals’ administrative earnings and not imputed values. In all cases, mean earnings for
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respondents and nonrespondents, using both ASEC and DER and for men and women, are
reasonably close in value. The one exception is among men, where DER earnings of

nonrespondents exceeds that of respondents by $2,000.
[Figure 2 here]

ASEC nonresponse may be higher than average among those difficult to match based on
information provided to Census and IRS, or workers with earnings off-the-books. Such
individuals are likely to be concentrated in the tails of the DER earnings distribution. Indeed this
appears to be the case, as seen in Figure 2, which depicts the unconditional nonresponse rate for
each of the four samples across each group’s DER earnings distribution.® There we see that the
nonresponse rate (item and whole) is U-shaped. Nonresponse is substantially higher in the lower
and extreme upper tails of the distribution. High rates of right-tail nonresponse are limited to
earnings above the CPS public-use topcode values. The U-shaped nonresponse pattern implies
that nonresponse bias is not a constant, but varies in magnitude and form across the distribution.
In the lower tail of the wage distribution there is positive selection into survey response, those
with unusually low earnings being most likely not to report earnings. Thisis most pronounced
among men and FT/FY workers. In the far right tail of the distribution there is negative selection
into response, those with very high earnings being most likely to not report earnings. We note
that this pattern is unchanged if we examine the sub-periods of 1997-2000, 2001-2004, and
2005-2010 (not shown in the figure), suggesting that the U-shaped nonresponse is not an artifact
of business-cycle contractions nor of the “opt-in” versus “opt-out” ASEC-DER merge process.
Moreover, Bollinger et a. (2014) find asimilar U-pattern of nonresponse, conditioned on
covariates, in asample of FT/FY wage and salary workers. Although nonignorable nonresponse
(NMAR) does not appear to be a serious issue over most of the distribution, the finding that there
exists “trouble in the tails” leaves open the possibility that nonresponse has substantive effects on
measures of inequality. Indeed, although not shown in Table 1, the standard deviation of
earnings for nonrespondents is substantially higher than for respondents, consistent with
nonrespondents being overrepresented (underrepresented) in the tails (middle) of the earnings
distribution. We turn to such evidence below.

® Because each group has a different distribution, earnings values at each percentile differ by group. Percentile
earnings values are higher for men than women, and higher for the FT/FY workers than for the full sample.
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1. Evidence on Nonresponse and Topcoding on Levels and Trends in Earnings Inequality
We begin our analysis of the effects of nonresponse and topcoding on earnings inequality
by presenting trends in the Gini coefficient for four earnings measures. (1) the ASEC with
Census imputes included; (2) the ASEC with Census imputes excluded; (3) the DER for all
matched respondents and nonrespondents; (4) and the ASEC for respondents and DER for
matched nonrespondents. In constructing the latter two DER measures we use ASEC earnings
(including imputes) for those workers without a DER match in order to keep the sample
composition the same across measures. All inequality series are unconditioned, i.e. do not
control for covariates. We present results first for the full sample of workers, and then examine

heterogeneity in patterns among the three subsamples.
[Figure 3 here]

In Figure 3 we show the earnings Gini for the full sample of workers. Shown in diamonds
with abluelineisthe full ASEC sample, in squares with an orange lineis the ASEC with
imputes excluded, in triangles with agray lineisthe DER for all matched workers (ASEC for
non-matched), and in crosses with ayellow lineisthe ASEC for responders and DER for
matched nonrespondents (ASEC for all others). Comparing the full ASEC with imputes
(diamonds) versus respondents only (squares), one sees that the respondent-only sample shows
too low alevel of inequality owing to the omission of nonrespondents disproportionately
represented in the far left and right tails. Hence, omission of imputes is inappropriate for
measuring unconditioned inequality, absent a proper reweighting of the respondent sample that
gives heavy weight to low and very high earners as we discuss below.”

As compared to the two DER measures, the ASEC measures show different levels and
trends in earnings inequality. Earnings inequality in the ASEC islargely flat over the sample
period, and everywhere below the DER. Using DER earnings for the sample of workers, we find
ahigher degree of inequality and an upward trend over the period. Note that some of the upward
trend coincides with the change in the CPS-DER matching procedure in 2005 from a default opt-
out to default opt-in. The increase in inequality in the middle of the decade, however, aso
coincides with trends in general IRS Form 1040 tax data (Saez 2015), suggesting that the DER

" Recall that if the focus were on residual inequality, it might not be appropriate to include imputed earners since
correlation with covariates omitted from the hot deck match would be attenuated (Bollinger and Hirsch 2006).
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trend is not primarily due to the broader DER sample resulting from the new opt-in procedure.
The hybrid DER measure that uses DER earnings for nonrespondents and ASEC earnings for
respondents produces a Gini level roughly halfway between the pure ASEC (with Census
imputations) and DER measures. Comparing the hybrid measures to the pure ASEC measures
supports the conclusion that response bias (NMAR) causes an understatement in the level and

trend in earnings inequality based solely on ASEC.
[Figure 4 here]

We next turn to trends in the share of earnings accruing to the top 1% of workersin
Figure 4, the most prominent inequality measure presented from tax data (Piketty and Saez
2003). Here we see pronounced differences between the ASEC and the DER. Among all
workers, there is amodest downward trend in the top 1% share in the ASEC, and a slight upward
trend in the DER. Averaged over all years, the DER measure of the top centileis 2.1 percentage
points higher than the ASEC measure, or 21% higher than the ASEC mean share of 9.95%. This
gap grew over time, with the DER-ASEC gap averaging 1.7 percentage pointsin thefirst half of
the sample period, and 2.7 percentage points in the second half. There are two key takeaways
from Figures 3 and 4. First, ASEC measures of inequality tend to understate inequality because
the Census hot deck (owing to nonresponse bias) imputes earnings for nonrespondents that are
too high in the left tail and too low in the right tail, thus understating inequality. Second, even
with DER earnings assigned to nonrespondents, the Gini based solely on DER values (triangles)
is systematically higher than the hybrid series (crosses). Thus, there is greater variability shown
in DER than in ASEC reported earnings.

[Figures 5-6 here]

In Figures 5 and 6 we present 50/10 and 90/50 percentile ratios, both as away to isolate
upper-haf from lower-half inequality and to mitigate undue influence of very high or very low
earnings that may be present in the Gini and top 1% shares (Autor et al. 2008). The percentile
ratios avoid use of earnings in the most extreme tails where there exist the highest rates of
nonresponse and the most noisy reporting of earnings, particularly so in the left tail where some
earnings are off the books or not subject to FICA taxation and many have worked minimal hours

during the prior year. In the right tail, the 90" percentile is well below the topcodes in both the
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ASEC internal and public CPS files. The downside is that the percentile ratios do not reflect just

how low and how high are earningsin the tails.

The 50/10 trends in Figure 5 show clear-cut declinesin the late 1990s across all four
earnings series, reflecting more rapid growth in earnings at the 10" percentile than the median.
After 2000, the two ASEC series see-sawed up, then down, and then up again with the onset of
the Great Recession in 2007. The DER series, however, maintained a similar but more steady
pattern after 2000. While earnings at both the 10" and 50™ percentiles declined during the Great
Recession, the decline was more pronounced at the 10" percentile, leading to an uptick in lower-

tail inequality in recent years (though still lower than at the start of the sample period).

The 90/50 ratio for al workersin Figure 6, on the other hand, shows an overall increase
in upper-half inequality over the sample period across al four measures. Focusing on the late
1990s, the declining 50/10 coupled with the flat or increasing 90/50 ratios reflected continuing
hollowing out of occupations and earnings in the middle of the distribution. There are no doubt
multiple explanations, among them technological change, increased globalization, and the
decline in private sector unionization. Polarization in the labor market has been shown to be
associated with task-based skilled biased technological change due to information technology,
which in turn results in employment and earnings declines in many middle class occupations
with programmable (routinizable) tasks, while having lesser effects on low-skill service
occupations that involve tasks not readily programmable (Autor, Levy, and Murnane 2003). That
said, polarization slowed markedly after about 2000 (Autor 2015), with increasing inequality
since that time driven by earnings growth at the top (such a conclusion also follows based on a
combination of Figures 5 and 6). Thisincrease is most pronounced in the DER series, and as
with the Gini coefficients in Figure 3, the hybrid DER seriesliesin between the full ASEC and
the DER, suggesting that nonresponse accounts for a substantive share of the differencein

inequality across survey and administrative data.
A. Alternative Earnings Measures using the DER and ASEC

We next consider several refinements on our earnings measures to explore further the
role of nonresponse and topcoded earnings in the ASEC. We focus initially on the DER, where
we present three alternatives to the prior series. First, in the prior graphs we replaced the ASEC
with the DER for any worker with a match to the DER regardless of imputation status, or
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aternatively, for matched nonrespondents. Because the latter two groups include a convolution
of nonrespondents and topcoded workers, it is less obvious what direct role the topcode in the
internal ASEC plays vis-a-vis administrative tax data. To examine this, we compare the baselone
DER seriesto a series where the DER is used only for topcoded ASEC values with a DER match
(in both cases the ASEC is used when a DER match is not available to hold sample composition
constant). Second, because the DER does not capture earnings off-the-book (or for a small
number of workers not subject to FICA/SECA taxation), the higher level of inequality observed
in the DER might be an artifact of underreported earnings in the lower half of the distribution. To
test this, we replace the ASEC with the DER for workers in the top but not bottom half of the
ASEC earnings distribution, regardless of imputation or topcode status. Third, we use the DER
to extend the hot deck procedure to predict ASEC earnings for nonrespondents and those

topcoded. Specifically, we run the following regression

() y#55¢ = ap + By RER + Xieve + wis

where y/5EC refers to earnings in the ASEC, yRER is earningsin the DER, and X;; is a vector of

demographics including a quartic in age, and indicators for race, education, industry, and
occupation. We estimate this model for matched respondents who are not topcoded, and then
replace the imputed or topcoded ASEC values with the fitted value 97°5¢ for matched
nonrespondents and matched topcoded workers (and use the actual ASEC reports for all others).
In effect, this approach extends the MAR assumption to the case where ASEC earnings are

missing (or topcoded) at random conditional on covariates and the DER.
[Figures 7-8 hereg]

In Figures 7 and 8 we present the Gini coefficients and top 1% earnings shares,
respectively, for the all-DER earnings and the three alternatives using information from the DER
to supplement ASEC values. A common theme in Figures 7 and 8 is that topcoded earnings
aonein theinternal ASEC are not the primary cause of the gap in inequality estimates from tax
datain the DER versus ASEC survey data. The DER-only series (diamonds) shows substantially
higher and rising inequality as compared to ASEC earnings with DER replacing ASEC topcodes
(shown in squares). In addition, the majority of the gap between the DER and ASEC earnings
inequality arises from earnings in the upper half of the ASEC distribution, and not from off-the-

books underreporting in the lower half. This conclusion is based on the minimal differences
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between the DER-only series (diamonds) and the hybrid ASEC-DER series with DER earnings
replacing the ASEC in the top half of the ASEC distribution (triangles). Moreover, our use of
DER earningsin aregression-based ASEC hot deck does not ameliorate violations of MAR,
producing estimates of inequality much lower than those seen directly using DER earnings

(compare DER earnings in diamonds to the Predicted ASEC(DER) series in crosses).

We next return to the internal ASEC to examine possible “fixes” to the topcode.
Specificaly, we consider three variants of the Pareto shape parameter—a fixed multiple of 1.4,
the time-varying baseline Pareto estimate shown previously in equation (1), and the time-varying
MLE Pareto estimate in equation (2). In the case of the fixed multiple, if any of the four earnings
components, i.e. ERN-VAL, WS-VAL, SE-VAL, and FRM-VAL, are topcoded then we replace
the topcode with 1.4 times that value, and aggregate the adjusted series to construct total
earnings. For the other two approaches to Pareto shape parameters, we only estimate the shape of
the distribution for ERN-V AL because the number of topcoded individuals in the other three
earnings components are too few to provide reliable estimates. As a consequence, for the
baseline and MLE Pareto series we apply the fixed multiple of 1.4 to topcoded valuesin WS-
VAL, SE-VAL, and FRM-VAL, but use the time-varying shape parameters estimated in
equations (1) and (2) for ERN-VAL. As before, we aggregate across the adjusted components to

arrive at arevised total earnings to construct the inequality measures.
[Table 2 here]

Table 2 presents the estimated baseline and MLE shape parameters using the internal
ASEC for the full sample and the three subsamples. Thereit is clear that the fixed multiple of 1.4
provides a substantial underestimate of the shape of the distribution in the upper tail in nearly all
years and samples. Moreover, with few exceptions, the MLE version provides alarger estimate
than the baseline. In the full sample (bottom line), the average baseline Pareto parameter is 1.76
and the MLE is1.99; in the subsamples they are 1.75(1.91), 1.77(1.94), 1.79(2.43) for the full -

time/full-year, men, and women samples, respectively (with the MLE average in parentheses).®

8 We also considered two additional variants to estimating the Pareto parameters, each using a combination of the
ASEC with the DER. In one case, we replaced the estimated 99th percentile (X) from the ASEC in equation (1) and
(2) with the corresponding 99" percentile estimated from the DER. In the second case, we also replaced the fixed
topcode value from the internal CPS with a value derived from the DER. Specifically, for each year and sample, we
computed the fraction of personstopcoded in ERN-VAL inthe ASEC, and then computed the corresponding (1-x)%
percentile from the DER distribution. For example, if the sample has 10,000 persons, and 10 are topcoded, then
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[Figures 9 and 10 here]

Figures 9 and 10 present estimates of the Gini coefficients and the top 1% shares using
the three Pareto shape parameter adjustments. For sake of comparison, we also present the
corresponding estimates from the full ASEC and the DER regardless of imputation status. A
different story emergesin the two figures. In Figure 9, the Pareto adjustments do little to close
the gap between the ASEC and the DER in terms of summary inequality measures like the Gini.
In Figure 10, however, it appears that the Pareto adjustments, especially the MLE variant from
eguation (2), provide a considerable improvement over the ASEC in estimating upper-tail
inequality. Indeed, in several years the Pareto M LE adjustment provides estimates of the top 1%
share comparable to those in DER (and in most years does better than a series that replaces
ASEC with DER earnings for nonrespondents, but not respondents). This suggests that
researchers focusing on upper-tail inequality should incorporate the Pareto shape parametersin
Table 2 into their analyses. This approach could be readily incorporated into the official Census

estimates of inequality and released as a separate series on an annual basis.
B. Subsample Analyses

In this section we examine heterogeneity in the base-case full-sample estimates of the
Gini and top 1% shares in Figures 3 and 4 by restricting our sample to FT/FY workers, men, and
women in Figures 11a-11c and 12a-12c, respectively. Among these subsamples, we find the
same relative rankings and same movements over time as seen previoudy for al workersin
Figures 3 and 4; that is, the DER provides the largest estimates of inequality, the ASEC with
nonrespondents dropped provide the lowest, and the DER for nonrespondents only (and ASEC
for al others) splits the difference between the full ASEC and the full DER. There are some
notable differences, however. First, the level of inequality is systematically lower for the FT/FY
sample for whom hours worked over the year varies far less than among all workers. Second,
when we examine the Gini solely among ASEC respondents (the squares), we obtain the lowest
level of inequality among the alternative series and subgroups. Thisis not surprising given our
showing in Figure 2 that FT/FY nonrespondents disproportionately come from the tails of the
distribution. Third, without exception, the level of inequality among men exceeds that among

0.1% of the sample is topcoded. We then estimated the 99.9 percentile in the DER and used that as the topcode
value X in equations (1) and (2). In both cases, the estimated Pareto shape parameters were little changed,
suggesting that the internal ASEC provides robust estimates of the Pareto shape of the administrative tax data.
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women, though the trends are similar across the earnings series. Thisis particularly notable in
the top 1% sharesin Figures 12b and 12c. Among men the average gap in the top 1% share
between the ASEC and the DER is 3 percentage points for the whole period (or 30% over the
ASEC mean of 105), and sizable 5.2 percentage points alone in 2010. Fourth, thereislittle
difference between the full ASEC among women, and the ASEC without nonrespondents, which
again is consistent with the relatively constant nonresponse rates among women compared to
men. Based on our analysis, we conclude that it is important to include nonrespondents in
analyses of unconditional inequality (but not necessarily residual inequality, given concerns
about match bias and evidence in Lemieux 2010), and that Census imputation methods fail to
fully account for the true dispersion of inequality among the nonrespondents due to response bias

in thetails.
[Figures 11a-12c here]

IV.  “Fixes” for the Public ASEC

The general CPS user community does not have access to either the internal ASEC used
in this paper (and by Census employees), or the DER. The advantage of the former comes
primarily from data with higher topcode values compared to the public ASEC. Since 1996
Census has attempted to address this discrepancy, while still maintaining confidentiality, by
releasing proxy values for those individual s with earnings in between the public and internal
topcodes. During survey years 1996-2010 the proxy came in the form of cell means, while from
2011 onward viarank swapping. Recently Census released rank-swap values for all the topcode
income components (not just earnings) back to 1975. In Figure 13 we demonstrate that in the

case of earnings, rank swapping matters for inequality estimates, especially upper-tail inequality.
[Figure 13 here]

Figure 13 depicts the estimated top percentile in the public ASEC for the full sample
using the version released by Census denoted by “Cell Mean” and a version that replaces the cell
mean with the rank swap value (denoted by “Rank Swap” in the figure). We make this
replacement for each of the individual earnings components—ERN-VAL, WS-VAL, SE-VAL,
and FRM-V AL—and then aggregate up to person-level earnings. Figure 13 shows the inflation-
adjusted top percentile varies wildly across years using the cell-mean approach, compared to the
relatively stable rank-swap estimate. The implication is that inequality measures such as the top
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1% share vary considerably in public ASEC data under the cell mean approach compared to rank
swap. For example, in 2000 the rank swap estimate of the top 1% shareis 9.9%, whereasitis
only 1.9% in the cell-mean series. The effect on summary measures like the Gini, however, is
negligible. The conclusion we draw is that researchers using ASEC data prior to the 2011 survey
year should incorporate the rank swap seriesinto their data, especially for research that can be

heavily influenced by datain the right tail of the distribution.

We next compare the internal ASEC inequality estimates to several aternativesin the
public ASEC. These alternatives include the rank-swap public ASEC data, the rank-swap public
ASEC with the Pareto MLE estimates from Table 2 incorporated for those topcoded observations
(note that the topcodes in the rank swap series are the same as the internal ASEC), the rank-swap
public ASEC with nonrespondents dropped but with the sample reweighted with inverse
probability weights (IPW Public ASEC), and the rank-swap public ASEC with IPW and Pareto
MLE topcodes.” Figure 14 presents the Gini coefficients, and Figure 15 the top 1% earnings

shares.
[Figures 14-15 here]

Both figures show that starting in 2007 we get the same estimates of inequality with the
rank-swap public ASEC as with theinternal ASEC, though in years prior we estimate slightly
lower inequality in the public data. The figures also show that with rank-swap topcodes, along
with Pareto M LE adjustments to the topcode value, summary inequality measures and upper-tail
measures are higher in the public data than the internal data. This suggests that users of public
data should incorporate these Pareto MLE topcode adjustments. Finaly, inverse probability
weighted (rank swap) public ASEC data on respondents results in inequality estimates—both
Gini and top 1% shares—that are quite comparable to the full public sample with nonrespondents
included. Thisis consistent with our conjecture that properly reweighted respondent-only sample
should be similar to the sample with imputes included under the MAR assumption, and

furthermore suggests that for analyses of unconditional inequality researchers should not drop

° For the IPW model we estimate a flexible probit of the probability of response as a function of a quartic in age,
gender, race, marital status, education, employment type (e.g. federal, private), self-employed status, full-time
employment status, hours and weeks of work, nativity, occupation, who in the household responded to the survey,
metro size, region of country, interactions of full-time status with the other demographics, and year dummies. We
then multiply the ASEC supplement weight with the inverse predicted probability of response.
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nonrespondents but for analyses of residual inequality the IPW measure is preferred.’”

V. Conclusion

Measures of U.S. earnings (and income) inequality from both statistical agencies and
researchers rely heavily on the CPS-ASEC. Y et a substantial and increasing share of individuals
and households surveyed in the CPS either do not participate in the ASEC supplement or
participate but refuse to report earnings, instead having their earnings imputed by Census. These
imputations rely on nonresponse being missing at random (MAR); that is, nonresponse being
uncorrelated with true earnings, conditioned on measured covariates.

In this paper, we used ASEC datafor calendar years 1997 to 2010 matched to
administrative tax recordsin order to explore the nature of nonresponse bias and how such bias
affects measures of the level and trends in earnings inequality. We find strong evidence that there
exists little nonresponse bias over most of the earnings distribution, but bias does exist in the
tails. Nonresponse is found to be U-shaped with respect to administrative earnings (observed for
nonrespondents and respondents), being flat over most of the distribution, but with high
nonresponse in roughly the lowest 10 percentiles of the distribution and in the very highest
percentiles. In the left (far right) tail, those with unusually low (high) earnings are least likely to
respond. This relationship holds both conditional and unconditioned on covariates.

The effect of such nonresponse biasisthat earnings inequality is understated, with ASEC
earnings including too few low earners and too few very high earners. Earnings imputations for
nonrespondents do not correct (or totally correct) this bias since imputed values are based on the
earnings of responding donors with similar measured (but not unmeasured) attributes. Hence,
imputed values are too high among nonrespondents in the left tail and too low for

nonrespondents in the far right tail.

We confirm that earnings inequality measures based solely on ASEC are systematically
lower than are measures based solely on administrative earnings. Hybrid measures using ASEC
earnings for CPS respondents and administrative DER earnings for nonrespondents produce
estimates roughly midway between the other two measures. Although inequality trends over the

1997-2010 period are not linear and somewhat noisy, we tend to find a slight upward trend in

19 This is consistent with the approach by Armour et al. (2014) and Burkhauser et al. (2012), who have not omitted
nonrespondents in their work using internal ASEC data.
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inequality using the administrative earnings measure versus a slight downward trend relying

solely on ASEC earnings.
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Figure 3. Trendsin Gini EarningsInequality, All Workers
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—o—ASEC
=—Drop Nonrespondents
—#=—DER

=== ASEC for Respondents & DER
for Nonrespondents

A S P
Q' O° 9
S99

T T T T T T T T T

O D DO X E b
L N F Q' N ’ O
B A A A DA

Y ear

< J
2
~
)

Figure 6. Trendsin 90/50 Ear nings I nequality, All Workers
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Figure7. Trendsin Gini Earnings|nequality for Alternative
Hybrid ASEC-DER Measures, All Workers
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Figure8. Trendsin Top 1% Earnings Sharefor Alternative
Hybrid ASEC-DER Measures, All Workers
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Figure9. Trendsin Gini Earnings|nequality for Alternative
ASEC Topcode Measures, All Workers
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Figure 10. Trendsin Top 1% Earnings Sharefor Alternative
ASEC Topcode Measures, All Workers
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Figure 1la. Trendsin Gini Earnings|Inequality, Full-Time
Year-Round Workers
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Figure 11b. Trendsin Gini Earnings|nequality, Male
Workers
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Figure 11c. Trendsin Gini Earnings|nequality, Female

Workers
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Figurel12a. Trendsin Top 1% Earnings Share, Full-Time
Full-Year Workers
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Figure 13. Trendsin 99th Percentilein Public ASEC using
Cell Mean and Rank Swap Approach to Topcoded Earnings
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Figure 14. Trendsin Gini EarningsInequality in Public
ASEC, All Workers
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Figure 15. Trendsin Top 1% Earnings Sharein PublicASEC,

All Workers
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Table 1: Weighted Sample M eans of Selected Characteristics of CPS ASEC-DER Matched

Sample
Full Time,
Full Sample Full Year Men  Women

Characteristic
Age 40.71 41.48 40.71 40.71
Gender

Male (%) 52.20 57.37 100.00 N/A

Female (%) 47.80 42.63 N/A 100.00
Race

White (%) 83.53 83.56 85.03 81.89

Black (%) 11.11 10.99 9.55 12.81

Other race (%) 5.36 5.45 5.42 5.30
Marital Status

Married (%) 60.74 63.08 63.19 58.07

Widowed (%) 1.43 1.33 0.59 2.35

Separated or Divorced (%) 13.88 14.19 11.02 17.01

Single, Never-Married (%) 23.94 21.41 25.20 2257
Educational Attainment

Less Than High School (%) 8.65 7.44 9.92 7.26

High School Completed (%) 30.72 30.07 31.93 29.41

More than high school (%) 60.63 62.49 58.15 63.33
Hours worked per week 40.58 43.71 43.08 37.59
ASEC Earnings ($2012)

Respondent 46,311 55,693 56,766 35,180

Nonrespondent 46,206 54,761 56,134 34,492
DER Earnings ($2012)

Respondent 45,444 55,047 56,358 33,824

Nonrespondent 46,957 55,251 58,334 33,534
Earnings Nonresponse Rate (Item + Whole) (%) 24.56 25.17 25.47 23.57
Top Coded Earnings (%) 6.28 7.84 9.94 2.29
Observations (Unweighted) 897,908 644,463 461,078 436,830
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Table 2. Estimated Par eto Shape Parameters from Internal ASEC Earnings (ERN-

VAL)
Full-Time/Full-
Full Sample Y ear Men Women

Year Basdine MLE Basdine MLE Basdine MLE Basdine MLE
1997 1.83 1.89 1.83 1.89 1.82 1.74 1.80 2.18
1998 1.67 1.94 1.69 1.83 1.62 2.01 2.00 2.33
1999 1.81 2.09 1.89 2.37 1.88 2.17 1.71 2.78
2000 1.63 1.84 1.64 1.99 1.66 1.81 1.64 251
2001 1.78 2.03 1.68 1.76 1.81 1.99 1.64 2.10
2002 1.81 2.16 1.72 1.87 191 2.20 1.59 2.30
2003 2.00 2.17 1.88 1.75 2.05 2.18 1.87 2.08
2004 1.84 2.02 1.85 1.68 1.87 1.86 1.77 2.62
2005 1.73 1.98 1.70 1.72 1.67 1.82 1.97 2.46
2006 1.52 1.91 1.43 1.74 1.36 1.45 1.66 2.42
2007 1.82 2.10 1.76 1.82 1.84 1.98 1.74 2.29
2008 1.74 1.88 1.76 2.00 1.74 1.81 1.83 2.62
2009 1.72 1.75 1.72 1.82 1.75 1.78 1.81 2.29
2010 1.81 211 1.95 2.50 1.83 2.37 2.05 2.98
1997-

2010 1.76 1.99 1.75 1.91 1.77 1.94 1.79 2.43

Note: The numbers in the table are estimated topcode inflation factors for earnings from

longest job in the CPS ASEC (ERN-VAL). The formulas for the baseline and MLE

estimates are found in equations (1) and (2) of the paper and Armour et a. (2014)
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