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ABSTRACT 
 

The Consequences of Long Term Unemployment: 
Evidence from Matched Employer-Employee Data* 

 
It is well known that the long-term unemployed fare worse in the labor market than the short-
term unemployed, but less clear why this is so. One potential explanation is that the long-
term unemployed are “bad apples” who had poorer prospects from the outset of their spells 
(heterogeneity). Another is that their bad outcomes are a consequence of the extended 
unemployment they have experienced (state dependence). We use Current Population 
Survey (CPS) data on unemployed individuals linked to wage records for the same people to 
distinguish between these competing explanations. For each person in our sample, we have 
wage record data that cover the period from 20 quarters before to 11 quarters after the 
quarter in which the person is observed in the CPS. This gives us rich information about prior 
and subsequent work histories not available to previous researchers that we use to control 
for individual heterogeneity that might be affecting subsequent labor market outcomes. Even 
with these controls in place, we find that unemployment duration has a strongly negative 
effect on the likelihood of subsequent employment. This finding is inconsistent with the 
heterogeneity (“bad apple”) explanation for why the long-term unemployed fare worse than 
the short-term unemployed. We also find that longer unemployment durations are associated 
with lower subsequent earnings, though this is mainly attributable to the long-term 
unemployed having a lower likelihood of subsequent employment rather than to their having 
lower earnings once a job is found. 
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I.   Introduction 
 
 Long-term unemployment soared during the 2007-2009 recession and remained 
stubbornly high even as the economy recovered.  By December 2009, the number of people 
unemployed for 27 weeks or more had risen above 6 million and it did not fall below that mark 
until October of 2011.  The long-term share of total unemployment exceeded 40.0% from 
December 2009 through November 2012 and as of August 2016, more than seven years after the 
recession’s trough, was still at approximately the same level as was observed at the previous 
series peak (26.0%) attained in June 1983.  This paper provides new evidence on how 
experiencing a spell of long-term unemployment affects subsequent employment and earnings. 
 
 Concern that the long-term unemployed might have become permanently detached from 
the labor market rose in the wake of the Great Recession and the dramatic increase in long-term 
unemployment that followed.  In an analysis using Current Population Survey (CPS) data, 
Krueger, Cramer and Cho (2014) (hereafter KCC 2014) found that, among those who had been 
unemployed 27 weeks or more as first-wave CPS respondents during 2008-2012, only 35.9% 
were employed 15 months later and just 10.8% were in full-time jobs that had lasted at least four 
months.  While those who had been unemployed for a shorter period (26 weeks or less) also 
appear to have experienced significant labor market challenges—in the same data, only 49.5% of 
the short-term unemployed were employed 15 months later and just 14.4% were in full-time 
stable jobs—outcomes for the long-term unemployed were notably poorer.  These findings are 
robust to controlling for observable worker characteristics such as age, gender, and education. 
 
 The finding that the long-term unemployed have fared less well than the short-term 
unemployed during the recent recovery period echoes earlier findings in the literature on how the 
job-finding hazard evolves over a spell of unemployment.  A common finding for the United 
States, first documented by Kaitz (1970), is that longer unemployment durations are associated 
with lower exit or job-finding rates.  It is less clear why the long-term unemployed experience 
poorer job-finding prospects than those who are more recently unemployed.  One set of 
explanations rests on possible sources of state-dependence.  Long-term unemployment may have 
a causal effect on the job finding rate because of human capital depreciation during spells away 
from work (Mincer and Ofek 1982, Stratton 1995, Acemoglu 1995, Albrecht et al 1999 and 
Gorlich and de Grip 2009), decreases in search intensity over the spell of unemployment 
(Krueger and Mueller 2011, Faberman and Kudlyak 2014), or employer discrimination against 
the long-term unemployed in hiring (Eriksson and Rooth 2011, Kroft, Lange and Notowidigdo 
2013, and Ghayad 2013, but see Farber, Silverman and von Wachter 2015).  Alternatively, what 
appears as a decline in the job finding rate could instead be the result of heterogeneity among the 
unemployed such that, at longer durations, more of the unemployed are “bad apples” with 
personal attributes that lead to their having poorer job-finding prospects (Cripps and Tarling 
1974, Heckman and Singer 1984).  The interpretation of the findings of KCC 2014 depends 
critically on whether the different outcomes for the long term unemployed are a result of the time 
they have spent in that state (i.e., are causal) or reflect underlying unobserved heterogeneity. 
 
 In data consisting of information on a single spell of unemployment for each included 
sample member, there is no straightforward way to fully distinguish between these competing 
explanations.  After reviewing a number of studies that have attempted this task, Machin and 
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Manning (1999) conclude that “it does not really seem possible in practice to identify separately 
the effect of heterogeneity from that of duration dependence without making some very strong 
assumptions about functional form which have no foundation in any economic theory” (p.  
3111). 
 

One possible approach to distinguishing between the contributions of state dependence 
versus underlying heterogeneity as explanations for the decline in the job-finding hazard at 
longer unemployment durations is to exploit the information contained in multiple spells of 
unemployment for the same individuals, as in Alvarez, Borovickova and Shimer (2015).  In this 
paper, we have adopted a different but related approach.  Borrowing from methods used in the 
job displacement literature, we use information on individuals’ employment experiences prior to 
their becoming unemployed to control for heterogeneity in employment propensities as well as 
heterogeneity in the trajectory of those employment propensities that might explain subsequent 
employment outcomes.  To the extent that the long-term unemployed are less likely to become 
employed even after controlling in this way for underlying heterogeneity, we can feel more 
confident about attaching a causal interpretation to the relationship between unemployment 
duration and job finding success. 

  
 Related to the question of how longer versus shorter spells of unemployment affect 
subsequent employment is the question of how they affect subsequent earnings.  On the one 
hand, setting a higher reservation wage and searching longer for a better match could lead to 
higher earnings on the jobs eventually accepted by the long-term unemployed (Ehrenberg and 
Oaxaca 1976, Acemoglu and Shimer 2000).  On the other hand, available evidence suggests that 
unemployed individuals turn down relatively few job offers (Schmieder, von Wachter and 
Bender 2014).  To the extent that job searchers target their best opportunities first, this might 
lead one to expect a negative association between unemployment duration and subsequent 
earnings.  Heterogeneity among the unemployed such that those with lower labor market 
productivity also take longer on average to find a job could produce the same pattern.  We 
address the impact of differing durations of unemployment on subsequent earnings using 
essentially the same methods as just described for studying impacts on subsequent employment. 
 
 In addition to the literature on the consequences of experiencing unemployment for 
subsequent labor market outcomes, our paper is closely related to the job displacement literature.  
The central question in this literature concerns the adverse impact of job displacement on 
subsequent labor market outcomes, especially subsequent earnings.  In addressing this question, 
it is important to take into account both the prior level and the prior trajectory of earnings.  Our 
formal analysis borrows heavily from the approach taken in the job displacement literature (e.g., 
Jacobsen, LaLonde and Sullivan 1993; Farber 1993, 1997, 2005, 2013, 2015; Couch and Placzek 
2010; von Wachter, Song and Manchester 2011; and Davis and von Wachter 2011).  One 
difference between the population of displaced workers—typically, long-tenure workers who 
have lost their jobs during a mass layoff—and the population of unemployed individuals we 
study is that the unemployed include not only job losers but also new entrants to the labor 
market, labor market re-entrants, and people who voluntarily left their previous job. 

 
  To carry out our analysis, we have created a matched employer-employee dataset based 
on individuals who responded to the CPS from 2003 through 2010 that combines information on 
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individuals’ labor force status and personal characteristics from the CPS with information on 
their employment and earnings histories from unemployment insurance (UI) wage records.  
Similar to KCC 2014 and consistent with other evidence on job finding rates by duration of 
unemployment, we find that CPS respondents with longer unemployment durations are less 
likely than the short-term unemployed to be employed in subsequent quarters.  To illustrate, in a 
model that controls for observable demographic characteristics such as age, gender and 
education as well as year, individuals unemployed five quarters (53-65 weeks) at the time of 
their CPS interview are 14.6 percentage points less likely to have UI jobs eight quarters later 
than those unemployed one quarter (1-13 weeks) as of the CPS interview date. 
 
 This pattern could be driven by unobserved differences in underlying employment 
propensities between the long-term and the short-term unemployed.  In a balanced panel, it is 
possible to compare the employment rate in a period that follows a spell of unemployment to the 
pre-unemployment employment rate for the same set of people.  In our empirical 
implementation, we compare the employment rate eight quarters after a group is observed in the 
CPS to the employment rate for the same group eight quarters earlier.  The magnitude of any 
change in the employment rate for the long-term unemployed then can be contrasted with that for 
the short-term unemployed.  The advantage of this approach is that it removes the effects of 
fixed unobservable factors on employment rates from the comparison of outcomes across the 
different unemployment duration groups.  Adopting this approach tends to raise the estimated 
adverse impact of being long-term unemployed rather than short-term unemployed on 
subsequent employment—for example, the 14.6 percentage point estimate of the relative 
disadvantage associated with having been unemployed five quarters rather than one quarter cited 
in the previous paragraph increases to 19.8 percentage points.   This is because, except for those 
reporting unemployment of six quarters or more, the longer-term unemployed were actually 
more likely to have been employed eight quarters prior to being observed in the CPS than those 
in the shortest-duration unemployment group. 
 
 Accounting for the effects of different underlying employment trajectories moves our 
estimates of the relative disadvantage experienced by the long-term unemployed in the opposite 
direction.  This is mainly because a disproportionate share of the short term unemployed are 
young adults and employment rates for that age group are generally rising over time.  
Constructing a post-unemployment benchmark for employment that takes into account the 
differences in employment trajectories across the unemployment duration groups thus makes the 
post-unemployment outcomes of the short-term unemployed look relatively worse.  Our 
preferred estimates, after allowing both for fixed individual differences in employment 
propensities and for differences in employment trajectories related to both observable and 
unobservable individual characteristics, imply that those unemployed five quarters (52-65 
weeks) at the time of their CPS interview experience employment losses that are 13.5 percentage 
points greater than the losses experienced by those unemployed just one quarter (1-13 weeks), 
not very different than the 14.6 percentage point estimate obtained by simply comparing post-
unemployment outcomes across the same unemployment duration groups. 
 
 An additional question on which we are able to provide new evidence is how 
experiencing a longer versus a shorter spell of unemployment affects an individual’s subsequent 
earnings.  Average earnings for a group of unemployed individuals in any later period depend 
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both on the probability that members of the group become employed and on the amount earned 
by those who are employed.  In an analysis of average earnings that mimics the analysis of the 
relationship between unemployment duration and employment just summarized, we obtain very 
similar results.  Our preferred estimates imply that the long term unemployed experience 
earnings losses that are much larger than those for the short term unemployed.  This is 
attributable mainly to differences in the probability of having a job as opposed to differences in 
earnings conditional on having a job. 
 
 The plan of the paper is as follows.  Section II describes the linked data used in our 
analysis.  In Section III, a descriptive analysis of the employment and earnings impact of longer 
versus shorter spells of unemployment is presented in the form of graphs that show how these 
variables evolve from the period 20 quarters before through 11 quarters after the month in which 
individuals are observed in the CPS data in our linked sample.  Section IV offers a more formal 
regression analysis focused on the same labor market outcomes, and Section V concludes. 
 
 
II. Data 
 
 The data used in our analysis consist of CPS records matched to Longitudinal Employer-
Household Dynamics (LEHD) micro-data for the same individuals.  The CPS collects 
information on labor force activity and demographics from the members of approximately 
60,000 households per month.  The LEHD is a longitudinally linked employer-employee dataset 
created at the U.S.  Census Bureau.  The LEHD source data are administrative records from 
states’ unemployment insurance (UI) systems that contain information on the earnings of all 
covered workers in that quarter, often referred to as wage records, along with Quarterly Census 
of Employment and Wages (QCEW) data containing information about the establishments at 
which these workers are employed.  Every quarter, employers who are subject to state UI laws—
approximately 98% of all private sector employers, plus state and local governments—are 
required to submit information on their workers (the wage records) and their workplaces (the 
QCEW) to the state UI agencies.  The wage records and the QCEW data submitted to the Census 
Bureau by the state agencies are combined and enhanced with various census and survey micro-
data to create the LEHD.  Abowd et.al. (2009) provide a thorough description of the source data 
and the methodology underlying the LEHD data. 
 
 For recent years, the LEHD comes close to being a universe of all workers with wage and 
salary employment in the U.S. private sector, state government or local government.  Because 
states have joined the LEHD at different points in time, however, data for fewer states are 
available in earlier years.  Data for 31 states accounting for approximately 70% of the U.S. 
population are available beginning in 1998 and our main analysis uses LEHD data for these 31 
states.1 
 
 The CPS identifier needed to link the CPS and LEHD records—the Protected Identity 
Key or PIK—is available only for March of each year.  Our sample consists of respondents to the 
2003 through 2010 March CPS’s who lived in one of the 31 states for which LEHD data are 

                                                           
1 The 31 states are CA, CO, CT, FL, GA, HI, ID, IL, IN, KS, LA, ME, MD, MN, MO, MT, NV, NJ, NM, NC, ND, 
OR, PA, RI, SC, SD, TN, TX, WA, WV, and WI. 
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available from 1998 onwards and for whom we have a PIK.  The LEHD records are the source of 
the prior and future employment histories used in our analysis.  The linked data set incorporates 
LEHD data for the period from 1998 through 2012, meaning that we can follow unemployed 
individuals backwards in time for 20 quarters and forward in time for 11 quarters from the date 
of their CPS interview (provided they remain in the states for which we have LEHD data).  In 
addition, the LEHD includes information on earnings for each reported job, so that we also are 
able to observe the prior and future earnings profiles of the CPS respondents. 
 
 Our interest lies primarily with those who are classified as unemployed in the CPS as of 
the date of the CPS-LEHD match.  For comparison purposes, we also construct similar 
employment and earnings profiles for the CPS employed and for the CPS not in the labor force 
(NILF).  One complication is that the PIK is missing for about 20% to 30% of CPS respondents.  
We use propensity score methods similar to those described in Abraham et.al. (2013) to re-
weight the observations for those for whom we have a PIK so that they represent the entire 
population.2  There are a small number of people who report being unemployed in two 
successive March CPS’s.  We have not attempted to exploit this feature of the data, instead 
treating person-year observations in the CPS as independent. 
 
 Weighted tabulations of the linked CPS observations in our 31 state sample match 
published national tabulations very closely.  Appendix Figure A.1 presents the 2003 to 2010 time 
series of the CPS employment-to-population ratio and the unemployment rate from our weighted 
data (labeled as AHSS in the figure) and from the BLS website (labeled as BLS in the figure).  
The BLS data are non-seasonally adjusted statistics for the month of March.  The AHSS line 
tracks the BLS line almost perfectly.  Appendix Figure A.2 presents similar graphs for the 
percent of the unemployed in each of several unemployment duration categories (<5 weeks, 5-10 
weeks, 11-14 weeks, 15-26 weeks, 27-51 weeks, and >52 weeks).  Again, the weighted AHSS 
time series are essentially identical to the published estimates. 
 
 In our 31-state data set, we do not observe UI jobs reported by employers in the other 19 
states or the District of Columbia.  If, for example, the long-term unemployed were more likely 
than the short-term unemployed to move to a non-covered state in order to take a job, this could 
be a source of bias in our estimates.  By 2005, the coverage of the LEHD had expanded to 48 
states accounting for approximately 96% of the U.S. population.  To assess whether our findings 
might have looked different had the coverage of the LEHD data used in our main analysis been 
broader, we also have carried out a sensitivity analysis using LEHD data for the 48 states 
available in later years.  In this sensitivity analysis, we use records for the people living in our 
31-state sample who responded to the March CPS in 2008, 2009 or 2010.  In that shorter time 
period, the results are little affected by whether we use UI job information based on the 31-state 
sample or larger 48-state sample.3  This suggests that we do not need to be concerned about 

                                                           
2 More specifically, for each year, we estimate a regression model in which an indicator for having a PIK is 
regressed on indicators for age group, gender, race, education, marital status, foreign-born status and whether the 
person reported being employed in the relevant March CPS.  The coefficients from this model are used to calculate 
each individual’s probability of having a PIK and a weight adjustment equal to the inverse of this probability is 
applied to the CPS monthly estimation weight.  Individuals with a PIK are retained in our sample regardless of 
whether we are able to locate any employment records for them in the LEHD data. 
3 For example, with the 2008-2010 CPS sample, the employment probability eight quarters later for individuals 
unemployed five quarters as of the CPS interview date is 41.6% when computed using UI job data for 31 states and 
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possible biases in our main analysis resulting from the long duration unemployed having 
different cross-state mobility propensities than the short duration unemployed. 
 
 Table 1 presents descriptive statistics of the outcome variables and many of the 
explanatory variables used in our subsequent analysis.  We are interested in how subsequent 
labor market outcomes differ for people who have been unemployed for longer versus shorter 
lengths of time as of the date of the CPS-LEHD link.  The descriptive statistics are reported 
separately for people who had been unemployed up to 13 weeks, 14-26 weeks, 27-39 weeks, 40-
52 weeks, 52-65 weeks, or more than 65 weeks as of the March CPS reference week, referred to 
as the one, two, three, four, five and six-plus quarter unemployment duration groups.  For 
comparison, descriptive statistics for people who reported in the CPS that they were employed at 
the time of the CPS-LEHD link also are reported.  The numbers of underlying observations in 
each of these groups is shown at the bottom of the table. 
 
 The first two panels of Table 1 report employment and earnings variables based on the UI 
wage records contained in the LEHD for the periods eight quarters prior to and eight quarters 
following the CPS-LEHD link quarter.  People who are employed in the CPS at q=0 (the link 
quarter) have a 72-73% UI employment rate both two years before and two years after the link 
quarter.  Conditional on having UI employment, the CPS employed have average real quarterly 
earnings of $12,661 two years before and $13,403 two years after the link quarter.  The pre-
unemployment employment rates and average earnings for persons who are unemployed at q=0 
are much lower than those for the employed, and this is even more true of their post-
unemployment employment rates and earnings.  In the q=-8 quarter, those who later become 
longer-term unemployed generally have somewhat higher employment rates and earnings than 
those who later become short-term unemployed.  In the q=+8 quarter, the pattern of differences 
across the unemployment duration groups is reversed. 
 
 The table also reports values of the Inverse Hyperbolic Sine (IHS) of earnings as of q=-8 
and q=+8.  The IHS of a variable x is defined as: 
 
 IHS(x) = ln{x + sqrt[1 + (x*x)]}       (1) 
  
For x>0 and especially for x far from zero, this expression is approximately equal to ln(x) shifted 
by a constant (the ln of 2).  Unlike the ln(x) transformation, however, the IHS transformation can 
be applied to zero values, with IHS(0)=0.  Quarters with zero earnings are common in our data 
and, for that reason, we have adopted the IHS transformation of earnings for our analysis.4 
 
 The next few rows of Table 1 display information regarding the demographic 
characteristics of each of the different groups, as measured in the CPS as of q=0.  These include 
age, education, race, gender, marital status and nativity.  The differences in age across the 
different unemployment duration groups are especially notable.  The proportion of people age 

                                                                                                                                                                                           
42.5% when computed using UI job data for 48 states.  The effects of shifting from estimates based on UI data for 
31 states to estimates based on UI data for 48 states are similarly small and very similar in magnitude for each of the 
other unemployment duration groups. 
4 Burbidge et.al.(1988) and Pence (2006) describe the advantages of the IHS transformation. 
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15-24 is much higher, and the proportion of people age 45 plus much lower, in the shorter 
unemployment duration groups than in the longer unemployment duration groups. 
 
 Finally, Table 1 reports average values for a set of variables intended to characterize 
individuals’ job histories over the 12-quarter period q={-20, -9}.  These variables include the 
percent of the 12 quarters for which UI employment is recorded, average IHS(UI earnings) over 
the 12 quarters and, for the set of people for whom it can be calculated, average IHS(UI 
earnings) over the quarters with positive UI earnings.  Consistent with the differences observed 
eight quarters prior to the CPS-LEHD link quarter, employment rates and earnings are 
consistently higher over the q={-20, -9} period for those who are employed in the CPS at q=0 
than for those who are unemployed.  The differences across unemployment duration groups are 
more modest, though there is some suggestion of stronger prior labor market attachment among 
those with longer unemployment durations as compared to those in the one-quarter 
unemployment duration group. 
 
 In addition, Table 1 displays estimates of the mean trajectories in employment rates and 
IHS(earnings) over the q={-20, -9} period.  These trajectories are estimated as the coefficient on 
a time trend variable in an individual-specific regression fit using the relevant set of 
observations—all twelve quarters for the employment rate and unconditional IHS(earnings) 
trajectories and quarters with positive earnings for the conditional-on-working IHS(earnings) 
trajectory.  Estimation of the unconditional earnings trajectory requires at least one quarter of 
positive earnings and estimation of the conditional earnings trajectory requires at least two 
quarters of positive earnings; these trajectories are set to zero in cases where they cannot be 
estimated.  The indicator variable “No Earnings Qtrs” takes the value of one for those with no UI 
earnings in any quarter over the q={-20, -9} period; the indicator variable “<2 Earnings Qtrs” 
takes the value of one for those with no or just one quarter of UI earnings over the same period.  
There is little to indicate a systematic relationship between the estimated trajectories and how 
long a person has been unemployed, but those in the short-duration unemployment group are 
notably more likely not to have worked at all over the q={-20, -9} period than those in any of the 
longer unemployment duration groups.5 
 
 
III.   Employment and Earnings Profiles 
 
 A simple way to glean some initial insights into the labor market consequences of longer 
versus shorter spells of unemployment is to use our data to plot employment probabilities and 
measures of earnings for the time periods before and after the CPS-LEHD link quarter.  Many of 
the conclusions to be drawn from the more formal analysis that follows can be previewed in 
these employment and earnings profiles. 
 
  

                                                           
5 The negative trajectories for those in the group with six or more quarters of unemployment at q=0 may be an 
artifact of some of these individuals having begun their spell of unemployment towards the end of the q={-20,-9} 
period. 



8 
 

IIIa.   Employment Profiles for the Full Matched Sample  
 
 Figure 1 displays employment profiles based on our linked data for employed, NILF, and 
unemployed individuals.  The horizontal axis in the figure is time period, normalized so that q=0 
is the quarter of the CPS-LEHD match (i.e., the quarter including the March in which the 
individual’s labor force status is recorded in the CPS).  Data for 2003 through 2010 have been 
pooled, so that q=0 represents different calendar years for different people; in our more formal 
regression analyses, we estimate models that include year dummy controls.  The points to the left 
of q=0 along the horizontal axis are the 20 quarters preceding the quarter of the CPS-LEHD link 
q={-20,…,-1} and those to the right are the 11 quarters following the quarter of the CPS-LEHD 
link q={1,…,11}.  The vertical axis in the figure is the weighted percentage of individuals with 
UI employment in the indicated quarter. 
 
 The solid line with filled in diamonds at the top of the figure shows the quarter-by-
quarter UI employment probabilities for people who reported in the CPS that they were 
employed during the q=0 March survey reference week.  Of those reporting CPS employment in 
March, 79.9% had at least one UI job during the first quarter of that same year.  One reason why 
this statistic is not 100% is that the UI data do not capture federal government employment or 
self-employment, meaning that someone with CPS employment of those types might not be 
recorded as employed in the UI data.  In addition, from our previous research (Abraham et al 
2013), we know that there are a significant share of CPS respondents who report CPS wage and 
salary employment in UI-covered sectors during the first quarter of the year but have no 
corresponding UI wage records in that quarter.  The 79.9% UI employment rate for those 
classified as employed in the March CPS thus is generally in line with our priors.6  Reflecting the 
fact that people may move into and out of employment, the UI employment probabilities for the 
q=0 CPS employed resemble a shallow inverted “V” across time.  Even in quarters other than 
q=0, however, the UI employment rates for the group classified as CPS employed at q=0 
consistently exceed 65%. 
  
 The dotted line at the bottom of Figure 1 shows the UI employment probabilities for 
people who report being NILF in the March CPS.  Among those in this group, 9.5% have a UI-
covered job at some point during the first quarter of the same year.  We would not expect this 
percentage to be zero, since individuals who are working in January or February but not in 
March should be included here.  Looking either backward or forward in time, the percentages of 
those NILF in q=0 who have UI employment rises.  Those who are NILF at q=0 but employed 
in prior quarters will include some older people who have recently retired; those who are NILF at 
q=0 but subsequently employed will include some younger people who are just entering the 
labor force.  Because their experience is not obviously relevant for the questions in which we are 
interested, we have not incorporated the NILF in our subsequent analysis. 
 
 The most important information presented in Figure 1 is the pattern of UI employment 
probabilities for those who are classified as unemployed in the CPS.  Separate employment 

                                                           
6 In addition, someone who lives in one of our 31 CPS states could be employed in a jurisdiction not covered by our 
data.  For example, a Maryland resident included in our 31 state sample might be employed in the District of 
Columbia or Virginia, jurisdictions for which we do not have UI data.  As already discussed, however, this appears 
to have only a relatively minor effect on our estimates. 
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probability profiles are shown for those who had been unemployed up to 13 weeks (which we 
term the one quarter unemployed), 14-26 weeks (two quarter unemployed), 27-39 weeks (three 
quarter unemployed), 40-52 weeks (four quarter unemployed), 52-65 weeks (five quarter 
unemployed), or more than 65 weeks (six plus quarter unemployed) as of the March CPS 
reference week. 
 
 One initially surprising feature of these plots is the 10% to 20% employment rate in the 
q=0 quarter among those who are classified in the March CPS as having been unemployed 14 or 
more weeks.  Similar employment rates also are observed for prior quarters that, based on the 
duration of unemployment reported in the CPS, fall within the timespan of the individual’s 
current unemployment spell (e.g., the 18.6% employment rate in q=-1 for those in the three 
quarter unemployment group whose unemployment spells are reported to have started 27 or 
more weeks previously).  A literal interpretation of what it means to be unemployed implies that 
no one in our sample should have done any work for pay during quarters falling wholly within 
the span of their unemployment spell.7  Previous research has found, however, that reported 
unemployment durations do not always correspond strictly to the unemployment concept (see, 
for example, Clark and Summers 1979).  Individuals who move from employment to 
unemployment or from out of the labor force to unemployment in the CPS commonly report 
initial unemployment durations of more than the 4 or 5 weeks elapsing between survey reference 
periods (Elsby, Hobijn and Sahin 2011, Kroft et al 2016).  The positive UI employment rates 
during the timespan of reported unemployment may simply indicate that the employment in 
question is not considered by the respondent to be a “real” job.  Consistent with this 
interpretation, the earnings on jobs held during the q=0 quarter by individuals classified as 
unemployed in the CPS are substantially lower than the earnings on jobs held prior to the start of 
the same individuals’ unemployment spells.  Accepting that there will be some UI employment 
reported even during quarters in which no work is expected, the employment probabilities to the 
left of q=0 seem very consistent with the unemployment durations recorded in the CPS, in the 
sense that, for each duration group, the number of quarters in the period prior to the CPS 
interview with a UI employment rate under 20% aligns precisely with the quarters of 
unemployment the group reports. 
 
 The economic questions motivating our paper relate to the subsequent labor market 
trajectories of those observed as unemployed in the CPS.  Figure 1 makes clear that, consistent 
with the findings of KCC 2014, those with shorter unemployment spells are substantially more 
likely to be employed two to three years after their unemployment spell is recorded in the CPS 
than those with longer reported unemployment spells.  Focusing on the period 8 to 11 quarters 
following the CPS link quarter, individuals with up to one quarter of unemployment (1 to 13 
weeks) at q=0 have an average employment rate of 56.6%, those with up to two quarters of 
unemployment (14-26 weeks) a 53.4% employment rate, those with up to three quarters of 
unemployment (27-39 weeks) a 51.4% employment rate, and those with up to four or five 
quarters of unemployment (40-52 or 53-65 weeks) a 42.3% employment rate.  The transition 

                                                           
7 Employment during the q=0 quarter for those unemployed 13 weeks or less is not surprising, as these 
unemployment spells would have begun during that quarter.  Similarly, employment during the q=-1 quarter is not 
surprising for those unemployed 14-26 weeks, employment during the q=-2 quarter is not surprising for those 
unemployed 27-39 weeks, and so on. 
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from unemployment to eventual employment also appears to occur somewhat more quickly for 
the short-term unemployed than for the long-term unemployed.   
 
 We are especially interested in the extent to which the substantial differences in post-
spell outcomes across unemployment duration groups are driven by the differences in 
unemployment spell length (representing a causal effect) as opposed to being a result of 
heterogeneity across groups that pre-dated the start of the unemployment spell.  Our approach to 
controlling for unobserved heterogeneity is to compare post-spell employment probabilities to 
pre-spell employment probabilities within duration groups.  Figure 1 tells us that 55% to 60% of 
individuals with one to five quarters of unemployment at q=0 were employed eight quarters 
earlier, before their spell of unemployment began.  Further, for each of these unemployment 
duration groups, the probability of being employed was relatively steady with a slight upward 
drift over the several years before the start of the unemployment spell.  Some of those with six or 
more quarters of unemployment could already have been unemployed even as far back as two 
years before the link quarter, but their employment rates three years before q=0 are very similar 
to those of the other unemployment duration groups.  In what follows, we focus mainly on the 
first five unemployment duration groups.  The similarity in pre-spell employment rates across 
these duration groups stands in sharp contrast to their distinctly different post-spell rates.  This is 
prima facie evidence that the differences in outcomes for those in the different unemployment 
duration groups are not simply a reflection of pre-existing heterogeneity in their employment 
propensities. 
 
IIIb.   Earnings Profiles 
 
 In addition to learning about the pre-unemployment and post-unemployment employment 
profiles associated with short-term and long-term unemployment, we also are interested in the 
corresponding earnings profiles.  We look separately at the path of UI earnings both overall 
(including people with zero earnings) and among those who succeed in finding a job (and thus 
have positive earnings).  For groups defined on the basis of having CPS employment or 
belonging to one of the six unemployment duration groups as of the CPS link quarter, Figure 2 
plots the mean of the inverse hyperbolic sine (IHS) of real UI earnings.  Figure 2a includes 
everyone in our matched sample even if they had no earnings in a given quarter; Figure 2b 
includes only those people who have positive earnings in a given quarter, and thus speaks more 
directly to the magnitude of the earnings losses of the long-term unemployed relative to the 
short-term unemployed with respect to the earnings they eventually accept. 
 
 The profiles plotted in Figure 2a are very similar in appearance to the employment 
probability profiles we have already discussed.  The profiles plotted in Figure 2b look quite 
different.  Even among those with positive earnings, those who were employed at q=0 have 
higher average IHS(real earnings) both before and after q=0 than those in any of the 
unemployment by duration groups.  Conditional on having a UI job, however, the difference in 
the earnings of the short-duration and long-duration unemployed are considerably smaller.8 

                                                           
8 The top and bottom panels of Figure 2 have different scales along the vertical axis, chosen to span the values 
plotted in each.  Appendix Figure A3 presents the top and bottom panels on consistent scales, meaning that a visual 
comparison of the panels shows directly how much of the earnings variation across duration groups is due to the 
extensive margin (employment versus non-employment) versus the intensive margin (earnings variation conditional 
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 Note that there is an identity linking Figure 1 and the two panels of Figure 2.  Since 
IHS(0)=0, the measure of earnings reported in Figure 2a for a given duration group and quarter is 
equal to the probability of being employed in that group and quarter in Figure 1 times the 
measure of earnings reported in Figure 2b for that same group and quarter.  This identity along 
with the relatively small differences in Figure 2b compared to Figure 2a implies that most of the 
difference in earnings outcomes across unemployment duration groups apparent in Figure 2a 
occurs along the extensive margin (whether or not people are employed in a quarter) rather than 
along the intensive margin (how much they earn if they work).  We explore this issue more 
systematically in the next section of the paper. 
 
 
IV.   Regression Results 
 
 Although there is a great deal to be learned from Figure 1 and Figure 2, visual inspection 
of the data can only take us so far.  We turn now to a regression analysis that allows us to test for 
the statistical significance of observed pre-spell and post-spell differences across the duration 
groups, controlling for other factors that may differ across them.  As noted, our methodology 
borrows from the related literature on job displacement, which grew out of a similar interest in 
learning about the effects of an event (in that case, job displacement) on subsequent labor market 
outcomes. 
 
IVa.   Estimation Framework 
 
 Rather than including all available quarters of data, the regression models we have 
estimated focus on employment and earnings eight quarters prior to and eight quarters following 
the CPS link quarter (q=0).  To help fix ideas, begin by considering the following simple 
specification: 
 

 

6

0 8 8
idq idq dq idq

d q or

Y I  


  

           (2) 

 
where d = {0,1, 2, … 5, 6+} indexes the employment or unemployment duration group to which 
a person belongs, with d=0 representing people who are CPS employed and d>0 representing 
people with different unemployment durations in the CPS as of the CPS-LEHD link quarter; q=-
8 or +8 indexes the quarter eight quarters before or eight quarters after the link quarter, and i 
indexes the person-year observation. We suppress calendar year time indices for convenience.  
Although this is not written out explicitly, we think of the idq  as potentially including both a 

fixed and a transitory individual component.  Both of these components are assumed to have a 
mean value of zero for the target population as a whole, but there may be systematic differences 
in the mean value of the fixed component across duration groups.  In the employment equations, 
Yidq is a {0,1} indicator of whether the person has one or more UI jobs in the quarter; in the 

                                                                                                                                                                                           
on employment).  Note that Figure 2a is based on a balanced panel for each reference spell, whereas Figure 2b 
includes only those for a given reference spell with positive earnings in a particular quarter. 
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earnings equations, it is the person’s IHS(real earnings) from any UI jobs held.  The fourteen ܫ௜ௗ௤ 
variables for any reference spell in period t are {0,1} indicators that take the value of 1 for the 
{d,q} combination pertaining to the given observation and 0 otherwise.9 
 
 Estimating equation (2) via OLS yields estimated dq value that are simply the mean 

values for q=-8 and q=+8 for each of the different duration groups as displayed in Figures 1 and 
2.  The differences across duration groups in the estimated dq ’s for a given q may reflect both 

observable and unobservable heterogeneity.  Controlling for observable heterogeneity is 
straightforward, with the modified specification given by: 
 

 
6

'

0 8 8
idq idq dq i idq

d q or

Y I X  


  

          (3) 

 
where the ௜ܺ are individual characteristics defined as of q=0 (and that thus do not vary over time 
for a given spell observed in progress in the CPS in year t).  These may include both 
demographic characteristics and job history variables such as the fraction of quarters over some 
prior period during which the person was employed.  This is the specification most comparable 
to that of KCC 2014, though the models they estimate include only demographic controls and 
use data only for the post-unemployment period.  Mimicking the KCC 2014 analysis, the 
differential effect on employment eight quarters later of being in any of the longer 
unemployment duration groups (N=2, 3, 4, 5 or 6+) rather than the shortest duration group can 
be estimated as: 

   
 1 , 8 1, 8N NDiff              (4) 

 
 We also want to allow, however, for the possibility of fixed but unobservable differences 
in individuals’ underlying employment propensities.  To do this, we focus on estimates of: 
 
 , 8 , 8N N NLoss               (5) 

 
This loss is the change in the employment rate or in the mean of IHS(real earnings) from eight 
quarters before to eight quarters after q=0 for a given unemployment duration group.  Note that 
any fixed effects associated with either observable or unobservable individual characteristics that 
might have contributed to differences in the estimated dq ’s across duration groups for a given q 

are differenced out in (5).  In turn, the difference in these losses between any of the longer 
unemployment duration groups (N=2, 3, 4, 5 or 6+) and the shortest duration group can be 
estimated as: 
 
 1 N, 8 , 8 1, 8 1, 8( ) ( )N NLossDiff                  (6) 

 

                                                           
9 For example, for the q=-8 observation for a person in unemployment duration group 3, Ii3,-8 would equal 1 and all 
of the other Iidq variables would equal 0. 
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Equation (6) provides an estimate of the differential effect of being long-term unemployed rather 
than short-term unemployed on the outcome of interest that is uncontaminated by the influence 
of any time-invariant individual effects on that outcome. 
 
 As just described, the estimates of interest may be obtained by fitting (3) directly, using 
the (potentially biased) ߜௗ௤ estimates to generate unbiased estimates of  ݏݏ݋ܮே as shown in (5) 
and then using those estimates to construct the LossDiffN’s as shown in (6).10  An alternative 
would be to difference equation (3) across q=+8 and q=-8 and then use the resulting equation to 
estimate the LossN values directly: 
 

 
6

, 8 , 8 . , 8 , 8 , 8 , 8
0

( ) ( )id id id d d id id
d

Y Y I    


     


                         (7) 

 
where Iid.  is a dummy variable that equals 1 if the observations being differenced pertain to 
duration group d and otherwise equals 0.  Observe that any time invariant individual controls are 
eliminated in this specification, along with the effects of any fixed but unobserved individual 
heterogeneity.  It can be demonstrated that the two approaches are equivalent and will yield 
identical point estimates of the LossN and LossDiffN1 effects of interest.  The results we report are 
based on estimates of equation (3), but the interpretation of the specification shown in (7) may in 
some ways be more intuitive. 

 
By focusing on the losses in (5) and differences in losses in (6) we are controlling for 

fixed factors affecting individuals’ employment and earnings propensities.  These estimates do 
not, however, control for possible differences in employment and earnings trajectories across 
individuals.  Age is one possible source of differences in employment trajectories.  Life cycle 
dynamics imply that we should expect upward sloping employment and average earnings 
profiles for those at younger ages, as more of them complete their education and enter the labor 
force, and downward sloping employment and average earnings profiles for older age groups, 
reflecting the gradual withdrawal of group members from the labor force.  Figure A.4 in the 
appendix contains plots similar to Figure 1 but broken out by age group (less than 30 years, 30-
49 years or 50 plus years).  There is a clear upward slope to the measured employment 
probabilities for the under-30 age group that is not present in the figures for the two older age 
groups.  To control for such factors we consider a modified version of equations (3) given by: 

 

 ' '
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where ܼ௄ is an indicator variable equal to one if q=K for the reference spell.  The innovation in 
this specification is that it allows the observable characteristics to have different effects on 
employment in q=-8 and q=+8.  This makes it equivalent to the first-differenced specification: 

 
                                                           
10 Although the coefficients estimated in (3) are subject to omitted variable bias stemming from the omission of 
time-invariant individual effects, given that we are working with a balanced panel for each reference year, this bias 
is of the same size and magnitude for ߜௗ,ି଼ and ߜௗ,ା଼, meaning that it drops out when the difference , 8 , 8d d    is 

taken.   
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where  ߟ௜ௗ ൌ ௜ௗ,ା଼ߝ െ ௤ߚ  ௜ௗ,ି଼ andߝ ൌ ା଼ߚ െ  In other words, allowing the change in  .଼ିߚ
employment probabilities across the period q=-8 to q=+8 to depend on the X variables as in (7’) 
is equivalent to allowing for time-varying coefficients in (3’), yielding precisely the same LossN 
and LossDiffN1 estimates.11  Note that, as in equation (7), any time invariant unobserved 
individual fixed effects again are eliminated from this specification. 
 
 As already noted, all of the included X’s in these specifications are fixed across the two 
data points related to each person-year CPS observation.  The demographic controls available to 
us include gender, age (15-24, 25-34, 35-44, 45-54, 55-64, 65+), education (<HS, HS, some 
college, college, >college), race (white, black, other), marital status, and foreign born, all defined 
as of the date of the CPS link quarter (q=0).  Models estimated with demographic controls also 
include year dummies.  In addition, we make use of the previously-described job history and 
employment trajectory variables derived from the employment histories contained in the LEHD 
data infrastructure.   
 
IVb.   Employment Equation Estimates 
 
 Estimates of the  parameters from a set of linear probability models with an indicator for 
whether the person is employed as the dependent variable are reported in the top two panels of 
Table 2.  The q=-8 parameters for the employment and six unemployment duration groups are 
reported in the top panel of the table; the q=+8 parameters for the same groups are reported in 
the second panel.  The next three panels report the DiffN1, LossN and LossDiffN1 estimates 
computed from those  values.  To conserve space, we do not report standard errors, but note that 
all the estimated  parameters are estimated with considerable precision.  The model in column 
(1), based on specification (2), includes only dummy variables for duration group (d = 0 for the 
employed and d = 1, 2, 3, 4, 5 or 6+ for the unemployed) by quarter (q=-8 or q=+8).  The 
models in columns (2) and (3), based on specification (3), add demographic controls and year 
effects (column (2)) and the share of quarters q={-20,-9} during which the person had UI 
employment  (column (3)).  The models in columns (4), (5) and (6) are based on specification 
(3’).  Column (4) includes demographic and year effects; column (5) adds the previously-
described q={-20,-9} job history variable; and column (6) adds the employment trajectory 
control also based on q={-20,-9}.  Recall that specification (3’) differs from specification (3) in 
allowing the coefficients on the various control variables to differ across the pre-link and post-
link quarters.12 
 

                                                           
11 The point estimates of the loss and loss differentials are identical using either (3’) or (7’) but the standard errors 
are slightly different.  In unreported results, we find that there are no differences in statistical inferences between the 
two approaches. 
12 In sensitivity analyses available upon request, we considered models that added the full complement of 
previously-described earnings history and earnings trajectory variables for the period q={-20,-9} to the employment 
history and employment trajectory variables included in models (3), (5) and (6) of Table 2.  This had very little 
effect on the estimated coefficients and did not change any of our qualitative conclusions. 
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 The parameter estimates in column (1) of the top two panels of Table 2 simply reproduce 
the employment probability values for q=-8 and q=+8 that can be read off the plot displayed in 
Figure 1.  In both q=-8 and q=+8, the probability of UI employment for people who are CPS 
employed in the link quarter (q=0) are substantially higher than the corresponding probabilities 
for people who are unemployed.13  Except for the group unemployed six quarters or more, the 
q=-8 employment probability differs little across the unemployment duration groups; at q=+8, 
however, the probability of having UI employment is notably lower for those with longer q=0 
unemployment durations.  To illustrate, those unemployed five quarters at q=0 have a UI 
employment rate in q=+8 that is 13.2 percentage points lower than the UI employment rate for 
those unemployed just one quarter at q=0 (an employment rate of 0.4167 versus 0.5489).  In the 
third panel of the table, we report the differences in the parameters at q=+8 between each of the 
longer unemployment duration groups and the one-quarter unemployment duration group.  As 
indicated by the gray shading, all of these differences are statistically significant at the 0.01 level. 
 
 The models reported in columns (2) and (3) of Table 2 contain additional controls but 
constrain their coefficients to be the same in q=-8 and q=+8.  The addition of these controls—
demographic and year effects in column (2) and, especially, job history controls in column (3)—
raises the estimated q=-8 and q=+8 employment probabilities for all of the unemployment 
duration groups.  In other words, had the observable characteristics of the unemployed been the 
same as those of the average person in the linked sample, both their q=-8 and their q=+8 
employment rates would have been somewhat higher.14  We are more interested, however, in 
what the models that include these added controls imply about the difference in the impact of 
being long-term unemployed rather than short-term unemployed on subsequent employment. 
 
 As already discussed, one way to approach this question, similar to the analysis in KCC 
2014, is simply to compare the estimated , 8d   coefficients in the second panel of Table 2 across 

the different unemployment duration groups.  Recall that, in the model with no controls, the 
estimated q=+8 employment rate for the five-quarter-unemployed group at q=0 was 0.4167 and 
that for the one-quarter-unemployed group was 0.5489, a difference of negative 13.2 percentage 
points.  The corresponding numbers in the model that adds demographic and year controls are 
0.4284 (five quarter duration) and 0.5748 (one quarter duration), a difference of negative 14.6 
percentage points; in the model incorporating job history controls, the figures are 0.4839 and 
0.6414, a difference of negative 15.8 percentage points.  Each of these DiffN1 estimates (negative 
13.2, 14.6 and 15.8 percentage points) is statistically different from zero.  Controlling for 
observables actually leads to slight increases (in absolute value) in the point estimates of the 
estimated differences between the , 8d  ’s for the long-duration and the short-duration 

unemployment groups. 
 
 As already discussed, one potential problem with the DiffN1 estimates based simply on the 

, 8d  coefficients is that these coefficients may be biased due to unobserved heterogeneity that 

has a differential effect on the different unemployment duration groups.  To address this 

                                                           
13 Tests not presented in Table 2 show that these differences are statistically significant. 
14 Because there are so many more employed people than unemployed people in our sample, the characteristics of 
the full sample are very similar to the characteristics of the employed population. 
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problem, we use estimates of both , 8d   and , 8d  to determine the employment losses 

experienced by each unemployment duration group, and then compare the losses in each of the 
longer duration groups to those for the shortest unemployment duration group.  Except for the 
six-quarter-or-longer unemployment duration group (a group for whom results based on a 
comparison of q=-8 to q=+8 are somewhat difficult to interpret, as some may already have been 
unemployed at q=-8), the long duration unemployed fare relatively worse in the LossDiffN1 
calculations than in the DiffN1 calculations that simply compare the values of , 8d   across the 

duration groups. 
 
 To illustrate, consider the estimated losses and differences in losses implied by the 
coefficient estimates reported in the second column of Table 2.  Similar to KCC 2014, this model 
controls for demographics and year.  Other than for the six-plus-quarter group, the loss 
differences are all somewhat larger than the simple differences in the , 8d  values.  For example, 

the decline in the employment rate for the five-quarter unemployment group between q=-8 and 
q=+8 is approximately 19.8 percentage points larger than that for the one-quarter unemployment 
group. This compares to the previously-noted difference of approximately 14.6 percentage points 
between the q=+8 employment rates for the two groups and the two estimates of the relative 
disadvantage of being five-quarter rather than one-quarter unemployed are significantly different 
statistically. 
 

One thing to note in passing is that, by construction, starting with a model that has no 
controls and then introducing time invariant control variables whose coefficients are constrained 
to be the same in both q=-8 and q=+8 will have no effect on the estimated employment losses or 
loss differences across the two periods.  This can be seen in the LossN’s and LossDiffN1’s reported 
in the first three columns at the bottom of Table, which are identical across the columns. 

 
The models in columns (4), (5) and (6) of Table 2 allow for the coefficients on the 

various control variable coefficients to differ across the pre-link (q=-8) and post-link (q=+8) 
quarters.  This has a large effect on several of our estimates.  For example, for the individuals 
who have one quarter (1-13 weeks) of unemployment in the link quarter, the estimates in the 
three right-hand columns show sizeable losses in employment (a 3.7 percentage point loss in 
column (4), a 7.0 percentage point loss in column (5) and a 7.6 percentage point loss in column 
(6)), rather than the small gains shown in columns (1) through (3).  This occurs because many of 
the short-duration unemployed are young adults—people who are more likely than the average to 
have been in school rather than working two years earlier and to be working two years later.  
Taking into account this underlying dynamic and its implication that, based on their 
demographics, the employment rates for the short-term unemployed should be higher in q=+8 
than in q=-8 makes the post-unemployment outcomes of the short-term unemployed look 
relatively worse.  As a result, the differences in losses between the long term unemployed and 
the short term unemployed are smaller (in absolute value) in the models that allow for time-
varying coefficients on the control variables.  In column (2) of Table 2, for example, the reported 
difference in losses between those who are unemployed five quarters (52-65 weeks) at the time 
of their CPS interview and those unemployed just one quarter (1-13 weeks) is 19.8 percentage 
points; in the corresponding model in column (4) that allows the coefficients on the same 
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included control variables to vary with time, this difference falls to 14.9 percentage points (a 
statistically significant decline). 
 
 In summary, the employment probability regression results in Table 2 quantify the 
patterns that were evident in Figure 1.  First, individuals who report CPS-LEHD link quarter 
CPS employment are substantially more likely to have UI employment eight quarters prior to the 
link quarter than any of the unemployed groups.  Further, the corresponding pre-unemployment 
UI employment rates are similar for persons with unemployment durations of one to five 
quarters.  Eight quarters after the CPS-LEHD match, those who report being unemployed in the 
CPS have lower employment probabilities than eight quarters before, and in our preferred 
specification the losses for all of the unemployment duration groups are statistically significant. 
 
 Most important, our results provide strong evidence that having been unemployed longer 
at the time of the CPS interview is associated with poorer employment outcomes that cannot be 
explained either by time invariant unobservable heterogeneity or by controls for heterogeneity in 
employment trajectories.  Our findings thus are consistent with negative duration dependence in 
the rate of exit to employment across a spell of unemployment—that is, with extended 
unemployment being the cause of the poorer subsequent employment outcomes experienced by 
the long-term unemployed. 
 
 Although our results permit us to dismiss observed and unobserved time-invariant 
heterogeneity across individuals as an explanation for the association between long-term 
unemployment and lower employment probabilities, it could be that the poorer job finding 
prospects of the long-term unemployed are a consequence of their having experienced especially 
negative labor market shocks rather than a result of their extended unemployment.  A full 
exploration of this hypothesis is beyond the scope of the present paper, but examining data 
broken out by reason for employment leads us to think it is not likely to be a major part of the 
explanation for our findings.  In Figure A.5 we repeat the exercise of Figure 1 separately for 
groups defined by reason for unemployment.  Holding reason for unemployment constant is a 
crude way to control for differences in the shocks that individuals have experienced.  Figure A.5 
shows that, regardless of the duration of their unemployment, job losers fare the worst, 
suggesting that as a group they are hit with worse shocks than those in the other reason groups.  
Among job losers, however, it remains the case that employment losses are notably larger for the 
long term unemployed than for the short term unemployed.  This pattern holds within all of the 
reason-for-unemployment groups.  Further research is needed, but this evidence that there is a 
strong association between unemployment duration and subsequent employment outcomes even 
within reason-for-unemployment groups is at least suggestive that the differential losses for the 
long-term versus short-term unemployed are not being driven primarily by differences in the 
events leading to their unemployment.  
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IVc.   Earnings Equation Estimates 
 
 Estimates of the  parameters from two sets of earnings models are reported in the top 
two panels of Table 3 and Table 4.  The model in Table 3 (which corresponds to Figure 2a) is fit 
using data for everyone in the sample whether they have earnings in a given quarter or not; in 
quarters with no UI earnings, a zero is assumed.  The model in Table 4 (which corresponds to 
Figure 2b) uses only those observations for which positive UI earnings are reported in the 
quarter.  In both cases, as already described, the dependent variable is IHS(real earnings).  The 
structure of the tables reporting on the earnings models is the same as the structure of the 
employment probability table just discussed.  The only difference in model specification is that 
in columns (3), (5) and (6), employment history and employment trajectory variables based on 
q={-20,-9} are replaced with the earnings history and earnings trajectory variables that 
correspond to the model’s dependent variable.  In column (6), the indicator variable for whether 
the earnings trajectory measure could be constructed also is included.15 
 
 The estimates that appear in Table 3 are in many respects very similar to those in Table 2.  
Looking at the full linked sample, at q=-8, the IHS(real earnings) of those who will be employed 
in the CPS at q=0 are significantly higher than those for any of the groups that will be 
unemployed in q=0.  The point estimates of the coefficients for the q=-8 measure of earnings 
across the first five unemployment duration groups are generally similar.  At q=+8, it continues 
to be the case that those who were employed in the CPS at q=0 have higher IHS(real earnings) 
than those in any of the unemployment duration groups, but now there is a systematic decline in 
the measure of earnings with the duration of unemployment at q=0.  Looking at the LossN 

statistics in column (1), the quarterly earnings of employed individuals rise on average between 
q=-8 and q=+8 and quarterly earnings for the group unemployed 1-13 weeks as of the link 
quarter do not change significantly.  In contrast, quarterly earnings for all of the longer-term 
unemployment groups exhibit a significant decline and the magnitude of these earnings losses 
increases monotonically with unemployment duration through the group with five quarters of 
unemployment at the link quarter; the losses of those unemployed six plus quarters are smaller 
because that group was doing poorly even at q=-8. 
 
 Controls for demographics and year are added in column (2); those variables plus a 
measure of the individual’s earnings history over the period q={-20,-9} appear in column (3).  In 
these models, the coefficients on the added variables are constrained to be the same in q=-8 and 
q=+8.  The same variables are added in column (4) and column (5) but with their coefficients 
permitted to differ across the two periods.  Column (6) controls for the q={-20,-9} earnings 
trajectory as previously described, along with an indicator variable for those for whom this 
trajectory could not be constructed.  As before, by construction, adding fixed controls with 
coefficients constrained to be equal across the two time periods may raise or lower the level of 
the estimated ’s but by the same amount in both q=-8 and q=+8, so that the estimated LossN’s 
are not affected.  This explains why the losses reported in column (2) and column (3) are 

                                                           
15 In sensitivity analyses available upon request, we considered models that added all of the employment history and 
employment trajectory for the period q={-20,-9} to the earnings history and earnings trajectory variables 
corresponding to the dependent variable that are included in the models reported in columns (3), (5) and (6) of Table 
3 and Table 4.  This had very little effect on the estimated coefficients and did not change any of our qualitative 
conclusions. 
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identical to those reported in column (1).  To affect the estimated losses, the coefficients on these 
variables must be allowed to differ across time periods so that they can pick up differences in the 
earnings trajectories associated with observable characteristics that might be correlated with 
unemployment duration.  When this is done in columns (4), (5), and (6) we observe larger 
estimated earnings losses for several of the unemployment duration groups (those with one to 
four quarters of unemployment as of the date of the CPS-LEHD match).  The implication is that, 
given the characteristics of the members of these groups, their earnings would have been 
expected to grow and the declines actually experienced between q=-8 and q=+8 look worse 
relative to this expected-growth benchmark than relative to the no-change benchmark implicit in 
column (1). 
 
 Table 4 repeats this exercise conditional on positive earnings in q=-8 and q=+8.  We 
undertake this exercise to take advantage of the identity noted above in our discussion of Figures 
1 and 2.  The following identity relates the top two panels of Tables 2, 3 and 4:  
 
ௗ௤ߜ 

ଷ ൌ ௗ௤ߜ
ଶ ∗ ௗ௤ߜ

ସ         (8) 
 
where the numbered superscripts reference the table number.  That is, for duration group d and 
quarter q, the estimated overall mean of IHS(real earnings) in Table 3 denoted by ߜௗ௤

ଷ   is equal to 
the product of the estimated employment probability from the same cell in Table 2 (denoted by  
ௗ௤ߜ
ଶ ) and the estimated mean of IHS(earnings) for those who are working from the same cell in 

Table 4 (denoted by ߜௗ௤
ସ ).  This identity permits a decomposition (described in detail below) of 

the earnings losses in Table 3 into the portions of the loss occurring along the extensive and the 
intensive margins.16 
 
 One caution in interpreting the results in Table 4 in isolation is that the estimation of 
equation (3) and (3’) is no longer based on a balanced panel of observations for individuals who 
have an unemployment spell in a given reference year.  The reason is that the dependent variable 
is contingent on positive earnings in a given quarter.  As such, the estimated losses from taking 
the differences in the top two panels of Table 2 are no longer equivalent to the losses estimated 
from first difference specifications (7) and (7)’.  With this caveat in mind, we note that the 
qualitative patterns of Table 4 are similar to those in Table 3 but the quantitative impacts are 
substantially reduced.  Even with smaller magnitudes, the estimated earnings loss effects are still 
substantial.  For example, in column 6 of Table 4 in the bottom panel, among those who have 
earnings, the differential earnings loss between q=-8 and q=+8 for the long term (5 quarter) 
unemployed compared to the short term (one quarter) unemployed is approximately 16 ln points 
(given that the differences in the IHS values are approximately ln differences at the values 
reported in Table 4).   
  
 The identity in (8) permits an exact decomposition of the earnings losses in Table 3: 
 

                                                           
16 The identity in equation (8) is exact for column (1) of Tables 2, 3 and 4.  The addition of control variables to the 
models reported in those tables breaks the exact identity, but the resulting “error” is small.  Defining error as the 
absolute value of the difference between the  estimates shown in Table 3 and those calculated using equation (8), 
this error never exceeds five percent of the actual  estimates in Table 3. 
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ௗ,ା଼ߜ
ଷ ଼ି,ௗߜ	-

ଷ ൌ ൫ߜௗ,ା଼
ଶ െ ଼ି,ௗߜ

ଶ ൯ ∗ ௗ௠ߜ
ସ ൅	ሺߜௗ,ା଼

ସ 	଼ି,ௗߜ	-
ସ ሻ ∗ ௗ௠ߜ

ଶ    (9) 
 

where ߜௗ௠
ସ ൌ ሺߜௗ,ା଼

ସ ൅ 	଼ି,ௗߜ	
ସ ሻ/2 and  ߜௗ௠

ଶ ൌ ሺߜௗ,ା଼
ଶ ൅ ଼ି,ௗߜ

ଶ ሻ/2.  The first term on the right 
hand side of (9) can be interpreted as the earnings loss accounted for by the loss in employment 
probabilities as estimated in Table 2 and the second term as the earnings loss accounted for by 
the lower earnings among those who are employed as estimated in Table 4.  This decomposition 
can be done for each duration group which in turn implies that the differential loss in earnings 
can be decomposed into the extensive component (differences in the first term on the right hand 
side of (9) across duration groups) and intensive component (differences in the second term on 
the right hand side of (9) across duration groups).  Exploiting this decomposition, we find that 
the differential between the long term and short term unemployed in their earnings losses is 
accounted for mainly by the extensive margin.  For example, applying this decomposition using 
column (1) of Tables 2, 3, and 4 we find that about 92% of the differential loss between the long-
term (5 quarter) and short-term (1 quarter) unemployed is accounted for by the extensive margin.  
For column (6), the equivalent calculation is about 99%.  We conclude that the primary driving 
force behind the earnings losses shown in Figure 2a and Table 3—and the greater magnitude of 
those earnings losses for the longer-term unemployed—is the lower probability of employment 
in q=+8 rather than the reduction in what unemployed persons earn when they eventually do get 
a job. 
 
 
V.   Concluding Remarks 
 
 The sharp rise in long term unemployment in the Great Recession and the slow 
accompanying recovery have heightened concerns about the distressingly bad labor market 
outcomes experienced by the long-term unemployed.  Efforts to form a clear understanding of 
the reasons for this group’s poor success in the labor market have long been plagued, however, 
by the challenge of distinguishing the effects of state dependence from those of unobserved 
heterogeneity, in particular the possibility that the long-term unemployed are individuals whose 
employment probabilities and earnings outcomes would have been worse than those of the short-
term unemployed even absent their experience of extended unemployment. 
 
 We use integrated survey and administrative data to overcome this challenge.  From the 
CPS, we identify currently-unemployed individuals who have been unemployed for different 
lengths of time.  We integrate these survey data with matched employer-employee data from the 
LEHD data infrastructure.  This enables us to generate employment and earnings profiles for 
those in a current spell of unemployment over an interval from 20 quarters prior to 11 quarters 
after the date they are observed as unemployed in the CPS. 
 
 Using these integrated survey and administrative data, we evaluate the impact of the 
duration of unemployment through the lens of differences in the pre-spell and post-spell 
employment and earnings outcomes.  More specifically, our linked data enable us to control for 
fixed effects attributable to individual characteristics measured as of the date an unemployed 
person is observed in the CPS as well as fixed effects attributable to unobserved but unchanging 
individual characteristics.  For a given group of individuals, any such effects should impact both 
pre-spell and the post-spell employment and earnings outcomes in the same way, allowing us to 
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draw meaningful inferences from the differences in the pre-spell and post-spell outcomes for a 
given duration group.  In turn, we consider the differences in these differences across duration 
groups.  We find that, even after accounting for differences in their observed and unobserved 
characteristics, the longer-term unemployed experience substantially worse employment and 
earnings losses than the short term unemployed.   
  
 This fixed effects approach does not control for different employment trajectories across 
individuals that might be driving differences across unemployment duration groups.  Given our 
integrated survey and administrative data set, we are able to control for differences in trajectories 
associated with observable characteristics and, at least to some extent, for differences in 
trajectories observable in each individual’s own history.  Controlling for such trajectories 
somewhat mitigates the differences in employment and earnings losses between the long term 
and short termed unemployed, but they remain substantial.   
 
 These results allow us to rule out the “bad apple” explanation for why the long-term 
unemployed fare worse in the labor market than the short-term unemployed and are consistent 
with duration dependence as the explanation for their poorer outcomes.  It should be 
acknowledged that this is not the only possible explanation for what we see.  In particular, it is 
possible that differences in the shocks experienced by the long term and the short term 
unemployed could play some role in these differences. The fact, however, that we see very 
similar patterns in our data even when the sample is restricted to those in a particular reason-for-
unemployment group (e.g. those who lost a previous job) suggests to us that differences in the 
shocks affecting the long-term and the short-term unemployed are unlikely to be the whole 
explanation for what we see. 
 
 Using much the same approach as just described for studying the effect of long-term 
unemployment on subsequent employment, we also examine the impact of unemployment 
duration on subsequent earnings.  We document a significant adverse impact of long term 
unemployment as compared to short-term unemployment on what individuals later earn.  Most of 
this effect is realized through the extensive margin, that is, through its effect on the probability of 
being employed.  The long-term unemployed do experience greater earning losses conditional on 
being employed, but the large majority of the adverse impact of long-term unemployment on 
earnings takes place along the extensive margin. 
 
 An interesting question is whether the adverse effects of long-term unemployment on 
subsequent employment and earnings vary with labor market conditions.  To the extent that the 
adverse effects of long-term unemployment reflect employers’ interpretation of such 
unemployment as a negative signal, one might expect these effects to be weaker when the labor 
market is weaker.  In a weak labor market, many people cannot easily find work, so that having 
been out of work for an extended period might be a less negative signal than in a stronger labor 
market.  In some preliminary analyses that are not reported in the paper, we explored whether 
our findings varied across years in which the national labor market could be characterized as 
stronger or weaker.  In those analyses, although the point estimates of the LossDiffN1’s were 
generally consistent with this speculation, the differences across years we characterized as “good 
years” and those we characterized as “bad years” were not statistically significant.  Whether the 
impact of being long-term unemployed varies with labor market conditions is, however, a 
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question that merits further investigation.  This could be done by extended the analysis to use 
additional years of data as they become available  or, perhaps more promising, exploiting the 
variation in labor market conditions across states in the data we already have.   
 
 Another important avenue for future research will be to develop a better understanding of 
the relative importance of the specific factors that may be contributing to duration dependence in 
the effects of unemployment on later employment and earnings—including human capital 
depreciation during spells away from work, decreases in search intensity over the spell of 
unemployment and employer discrimination against the long-term unemployed in hiring, among 
other possibilities.  There also would be value in a more complete exploration of the possible 
role of differential shocks as a contributor to the more negative outcomes experienced by the 
long-term unemployed.  
 
 Our findings highlight the advantages of integrated survey and administrative data for 
questions related to the consequences of passing through a spell of unemployment.  There is no 
obvious way to identify and track spells of unemployment (as opposed to non-employment) in 
administrative data.  The primary source for information on unemployment is the CPS, but the 
CPS contains limited information on the experiences of unemployed workers prior to or 
following their unemployment spell.  Integration of administrative data such as that from the 
LEHD data infrastructure with the CPS records permits the construction of employment and 
earnings histories that greatly enhance what can be said about the consequences of being 
unemployed. 
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Table 1:  Weighted Sample Characteristics 
 
 Employed 

(in CPS) 
at q=0 

Unemp.  
1 Qtr 
at q=0 

Unemp.  
2 Qtrs 
at q=0 

Unemp.  
3 Qtrs 
at q=0 

Unemp.  
4 Qtrs 
at q=0 

Unemp.  
5 Qtrs 
at q=0 

Unemp. 
6+ Qtrs 
at q=0 

Work Outcome q=-8        
UI employment .7251 .5396 .5601 .5751 .5566 .6057 .4330 
UI real $ (>=0)    9,181    4,031    4,729    4,995    4,593    5,948    3,501 
UI real $ (>0)   12,661    7,471    8,443    8,686    8,253    9,820    8,086 
IHS UI real $ (>=0) 7.021 4.847 5.097 5.279 5.100 5.679 3.936 
IHS UI real $ (>0) 9.683 8.984 9.101 9.180 9.163 9.377 9.091 
        
Work Outcome q=8        
UI employment .7272 .5489 .4933 .4899 .4128 .4167 .3198 
UI real $ (>=0)    9,746    3,382    3,166    3,078    2,356    2,842    1,764 
UI real $ (>0)   13,403    6,161    6,420    6,282    5,709    6,821    5,517 
IHS UI real $ (>=0) 7.092 4.859 4.403 4.333 3.613 3.725 2.783 
IHS UI real $ (>0) 9.753 8.852 8.927 8.845 8.754 8.940 8.701 
        
CPS {0,1} Variables        
Age 15-24 yrs .1306 .3244 .2443 .2755 .2006 .1554 .1362 
Age 25-34 yrs .2170 .2377 .2342 .1943 .2371 .1971 .1739 
Age 35-44 yrs .2427 .1870 .2113 .1912 .1986 .2263 .2238 
Age 45-54 yrs .2367 .1493 .1904 .2133 .2055 .2668 .2377 
Age 55+ yrs .1730 .1016 .1198 .1256 .1581 .1544 .2285 
        
Education <12 yrs .1090 .2668 .2461 .2278 .2275 .1929 .2115 
Education =12 yrs .2871 .3415 .3806 .3593 .3794 .3764 .3483 
Education 13-15 yrs .2912 .2637 .2355 .2596 .2558 .2818 .2678 
Education >16 yrs .3127 .1280 .1378 .1532 .1373 .1490 .1724 
        
White .8274 .7605 .7430 .7196 .6982 .7234 .6554 
Male .5307 .5668 .6069 .6029 .6012 .6113 .5944 
Married .5847 .3705 .3804 .3425 .3905 .3822 .5847 
Foreign Born .1678 .1615 .1814 .1639 .1747 .1926 .2238 
        
UI Job History        
Employment rate .6942 .5184 .5716 .5589 .5501 .5895 .5261 
IHS UI real $ (>=0) 6.704 4.703 5.255 5.153 5.065 5.514 4.882 
IHS UI real $ (>0) 9.454 8.709 8.863 8.877 8.849 8.959 8.913 
        
UI Job Trajectory         
Employment rate .0057 .0070 .0055 .0078 .0056 .0077 -.0050 
IHS UI real $ (>=0) .0698 .0821 .0657 .0945 .0649 .0940 -.0659 
IHS UI real $ (>0) .0267 .0269 .0412 .0156 .0264 .0342 -.0286 
        
UI {0,1} Variables        
No Earnings Qtrs. .1604 .2456 .1889 .2104 .2112 .1762 .2185 
<2 Earnings Qtrs. .1837 .2926 .2325 .2460 .2574 .2314 .2666 
        
Sample Size 267,627 9,943 3,743 1,423 1,199 776 1,030 
Note: Sample is 285,741 person-level observations for individuals who are employed or unemployed at q=0 when 
interviewed for the Current Population Survey (CPS) and for whom a PIK is available for linking to the LEHD.  UI 
job history, job trajectory and {0,1} variables are defined over the time period q=[-20,-9].  Real earnings are in 
2012:Q2 dollars using the CPI-U-RS as a deflator.  
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Figure 1:  Employment Probabilities 
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Figure 2a:  Real Earnings (IHS Earnings>0) 
 

 
 
 
Figure 2b:  Real Earnings (IHS Earnings>0) 
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Table 2:  Employment Probability Regressions 
 
  (1)  (2)  (3)  (4)  (5) (6) 
 parameters (q=-8)       
   d=0,q=-8  .7251  .7235  .7192  .7224  .7169  .7163 
   d=1,q=-8  .5396  .5654  .6320  .5886  .6715  .6810 
   d=2,q=-8  .5601  .5796  .6263  .5923  .6504  .6599 
   d=3,q=-8  .5751  .5960  .6476  .6104  .6746  .6781 
   d=4,q=-8  .5566  .5751  .6457  .5801  .6680  .6746 
   d=5,q=-8  .6057  .6174  .6729  .6160  .6852  .6815 
   d=6,q=-8  .4330  .4559  .5519  .4519  .5714  .6105 
 parameters (q=+8)             
   d=0,q=+8  .7272  .7256  .7212  .7267  .7234  .7232 
   d=1,q=+8  .5489  .5748  .6414  .5516  .6019  .6047 
   d=2,q=+8  .4933  .5128  .5595  .5001  .5354  .5382 
   d=3,q=+8  .4899  .5109  .5624  .4965  .5354  .5365 
   d=4,q=+8  .4128  .4313  .5019  .4263  .4796  .4815 
   d=5,q=+8  .4167  .4284  .4839  .4297  .4717  .4706 
   d=6,q=+8  .3198  .3428  .4388  .3468  .4193  .4307 
q=+8 Employment Differences              
   Diff21:  d=2,q=+8 - d=1,q=+8 -.0557 -.0620 -.0819 -.0515 -.0665 -.0665 
   Diff31:  d=3,q=+8 - d=1,q=+8 -.0590 -.0640 -.0789 -.0551 -.0665 -.0682 
   Diff41:  d=4,q=+8 - d=1,q=+8 -.1362 -.1435 -.1395 -.1253 -.1223 -.1232 
   Diff51:  d=5,q=+8 - d=1,q=+8 -.1323 -.1464 -.1575 -.1219 -.1303 -.1341 
   Diff61:  d=6,q=+8 - d=1,q=+8 -.2291 -.2320 -.2026 -.2049 -.1826 -.1740 
Employment Losses            
   Loss0:  d=0,q=+8 - d=0,q=-8  .0020  .0020  .0020  .0043  .0065  .0069 
   Loss1:  d=1,q=+8 - d=1,q=-8  .0094  .0094  .0094 -.0370 -.0696 -.0763 
   Loss2:  d=2,q=+8 - d=2,q=-8 -.0668 -.0668 -.0668 -.0922 -.1150 -.1218 
   Loss3:  d=3,q=+8 - d=3,q=-8 -.0851 -.0851 -.0851 -.1139 -.1391 -.1416 
   Loss4:  d=4,q=+8 - d=4,q=-8 -.1438 -.1438 -.1438 -.1539 -.1884 -.1930 
   Loss5:  d=5,q=+8 - d=5,q=-8 -.1890 -.1890 -.1890 -.1863 -.2135 -.2110 
   Loss6:  d=6,q=+8 - d=6,q=-8 -.1132 -.1132 -.1132 -.1052 -.1522 -.1798 
Employment Loss Differences             
   LossDiff21: loss2 – loss1 -.0762 -.0762 -.0762 -.0552 -.0455 -.0455 
   LossDiff31: loss3 – loss1 -.0945 -.0945 -.0945 -.0769 -.0696 -.0654 
   LossDiff41: loss4 – loss1 -.1532 -.1532 -.1532 -.1169 -.1189 -.1167 
   LossDiff51: loss5 – loss1 -.1984 -.1984 -.1984 -.1493 -.1439 -.1347 
   LossDiff61: loss6 – loss1 -.1225 -.1226 -.1225 -.0682 -.0826 -.1035 
R-squared  .0131  .0377  .3600  .0475  .3891  .4389 
CPS Demographics controls   Yes  Yes  Yes  Yes  Yes 
Year dummy controls   Yes  Yes  Yes  Yes  Yes 
Employment history controls    Yes   Yes  Yes 
Employment trajectory controls      Yes 
Coefficient vector  or (q)    (q) (q) (q) 
Sample is 285,741 persons who are employed or unemployed in CPS at q=0 and for whom a PIK is available for 
linking to the LEHD.  Number of observations in regression is 571,482.  All control variables are deviations from 
means.  Dependent variable is {0,1} employment indicator; mean=.7130.  All estimated  parameters are 
statistically different from zero.  Bold with grey shading in the lower three panels indicates reported estimate is 
statistically significant at the .01 level. 
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Table 3:  Earnings Regressions (IHS, Earnings>0) 
 
  (1)  (2)  (3)  (4)  (5) (6) 
 parameters (q=-8)       
   d=0,q=-8  7.021  6.993  6.944  6.982  6.922  6.918 
   d=1,q=-8  4.847  5.320  6.054  5.549  6.443  6.517 
   d=2,q=-8  5.097  5.448  5.999  5.568  6.238  6.264 
   d=3,q=-8  5.279  5.647  6.230  5.785  6.495  6.481 
   d=4,q=-8  5.100  5.422  6.218  5.463  6.432  6.443 
   d=5,q=-8  5.679  5.881  6.514  5.858  6.629  6.508 
   d=6,q=-8  3.936  4.249  5.311  4.195  5.488  5.786 
 parameters (q=+8)             
   d=0,q=+8  7.092  7.064  7.015  7.075  7.036  7.035 
   d=1,q=+8  4.859  5.332  6.066  5.103  5.678  5.704 
   d=2,q=+8  4.403  4.754  5.305  4.635  5.066  5.080 
   d=3,q=+8  4.333  4.702  5.285  4.564  5.020  5.020 
   d=4,q=+8  3.613  3.935  4.731  3.894  4.517  4.527 
   d=5,q=+8  3.725  3.927  4.560  3.950  4.445  4.414 
   d=6,q=+8  2.783  3.096  4.157  3.150  3.980  4.084 
q=+8 Earnings Differences              
   Diff21:  d=2,q=+8 - d=1,q=+8 -0.456 -0.578 -0.761 -0.468 -0.612 -0.624 
   Diff31:  d=3,q=+8 - d=1,q=+8 -0.526 -0.631 -0.782 -0.539 -0.658 -0.684 
   Diff41:  d=4,q=+8 - d=1,q=+8 -1.246 -1.397 -1.335 -1.209 -1.161 -1.177 
   Diff51:  d=5,q=+8 - d=1,q=+8 -1.135 -1.405 -1.506 -1.153 -1.232 -1.289 
   Diff61:  d=6,q=+8 - d=1,q=+8 -2.076 -2.237 -1.909 -1.953 -1.697 -1.620 
Earnings Losses             
   Loss0:  d=0,q=+8 - d=0,q=-8  0.071  0.071  0.071  0.093  0.114  0.116 
   Loss1:  d=1,q=+8 - d=1,q=-8  0.012  0.012  0.012 -0.446 -0.766 -0.813 
   Loss2:  d=2,q=+8 - d=2,q=-8 -0.694 -0.694 -0.694 -0.934 -1.173 -1.184 
   Loss3:  d=3,q=+8 - d=3,q=-8 -0.946 -0.946 -0.946 -1.222 -1.475 -1.461 
   Loss4:  d=4,q=+8 - d=4,q=-8 -1.486 -1.486 -1.486 -1.569 -1.915 -1.916 
   Loss5:  d=5,q=+8 - d=5,q=-8 -1.954 -1.954 -1.954 -1.909 -2.184 -2.094 
   Loss6:  d=6,q=+8 - d=6,q=-8 -1.153 -1.153 -1.153 -1.046 -1.507 -1.702 
Earnings Loss Differences             
   LossDiff21: loss2 – loss1 -0.706 -0.706 -0.706 -0.487 -0.407 -0.371 
   LossDiff31: loss3 – loss1 -0.958 -0.958 -0.958 -0.775 -0.710 -0.649 
   LossDiff41: loss4 – loss1 -1.498 -1.498 -1.498 -1.122 -1.149 -1.104 
   LossDiff51: loss5 – loss1 -1.966 -1.966 -1.966 -1.462 -1.418 -1.281 
   LossDiff61: loss6 – loss1 -1.165 -1.165 -1.165 -0.599 -0.742 -0.889 
R-squared  .0178  .0577  .4167  .0686  .4446  .4957 
CPS Demographics controls   Yes  Yes  Yes  Yes  Yes 
Year dummy controls   Yes  Yes  Yes  Yes  Yes 
Earnings history controls    Yes   Yes  Yes 
Earnings trajectory controls      Yes 
Coefficient vector  or (q)    (q) (q) (q) 
Sample is 285,741 persons who are employed or unemployed in CPS at q=0 and for whom a PIK is available for 
linking to the LEHD.  Number of observations in regression is 571,482.  All control variables are deviations from 
means.  Dependent variable is IHS(Real Quarterly Earnings >0); mean=6.903.  Inverse Hyperbolic Sine is defined 
as IHS(x)=ln{x+sqrt[1+(x*x)]}.  All estimated  parameters are statistically different from zero.  Bold with grey 
shading in the lower three panels indicates reported estimate is statistically significant at the .01 level. 
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Table 4:  Earnings Regressions  (IHS, Earnings>0) 
 
  (1)  (2)  (3)  (4)  (5) (6) 
 parameters (q=-8)       
   d=0,q=-8  9.683  9.652  9.619  9.671  9.659  9.659 
   d=1,q=-8  8.984  9.217  9.388  9.271  9.511  9.518 
   d=2,q=-8  9.101  9.270  9.415  9.302  9.509  9.504 
   d=3,q=-8  9.180  9.314  9.451  9.340  9.536  9.540 
   d=4,q=-8  9.162  9.300  9.462  9.312  9.539  9.535 
   d=5,q=-8  9.377  9.455  9.538  9.461  9.595  9.581 
   d=6,q=-8  9.091  9.183  9.307   9.182  9.365  9.376 
 parameters (q=+8)             
   d=0,q=+8  9.753  9.758  9.773  9.740  9.733  9.733 
   d=1,q=+8  8.852  9.228  9.437  9.162  9.312  9.313 
   d=2,q=+8  8.927  9.220  9.420  9.175  9.316  9.313 
   d=3,q=+8  8.845  9.137  9.292  9.086  9.195  9.199 
   d=4,q=+8  8.754  9.010  9.207  8.972  9.114  9.113 
   d=5,q=+8  8.940  9.106  9.307  9.078  9.220  9.221 
   d=6,q=+8  8.701  8.847  9.113  8.831  9.023  9.020 
q=+8 Earnings Differences              
   Diff21:  d=2,q=+8 - d=1,q=+8   .075 - .008 - .016   .012   .004   .000 
   Diff31:  d=3,q=+8 - d=1,q=+8 - .007 - .091 - .145 - .076 - .117 - .114 
   Diff41:  d=4,q=+8 - d=1,q=+8 - .099 - .219 - .230 - .190 - .198 - .200 
   Diff51:  d=5,q=+8 - d=1,q=+8   .087 - .122 - .130 - .084 - .092 - .092 
   Diff61:  d=6,q=+8 - d=1,q=+8 - .151 - .381 - .324 - .331 - .289 - .292 
Earnings Losses             
   Loss0:  d=0,q=+8 - d=0,q=-8   .070   .105   .153   .069   .073   .074 
   Loss1:  d=1,q=+8 - d=1,q=-8 - .132   .011   .049 - .109 - .199 - .205 
   Loss2:  d=2,q=+8 - d=2,q=-8 - .174 - .050   .005 - .128 - .193 - .192 
   Loss3:  d=3,q=+8 - d=3,q=-8 - .335 - .177 - .159 - .255 - .341 - .341 
   Loss4:  d=4,q=+8 - d=4,q=-8 - .409 - .290 - .255 - .340 - .425 - .423 
   Loss5:  d=5,q=+8 - d=5,q=-8 - .437 - .348 - .231 - .383 - .375 - .361 
   Loss6:  d=6,q=+8 - d=6,q=-8 - .390 - .336 - .195 - .351 - .342 - .356 
Earnings Loss Differences             
   LossDiff21: loss2 – loss1 - .043 - .061 - .043 - .019   .006   .014 
   LossDiff31: loss3 – loss1 - .203 - .188 - .207 - .146 - .142 - .136 
   LossDiff41: loss4 – loss1 - .277 - .301 - .304 - .231 - .226 - .217 
   LossDiff51: loss5 – loss1 - .306 - .359 - .280 - .274 - .176 - .156 
   LossDiff61: loss6 – loss1 - .258 - .347 - .243 - .243 - .143 - .151 
R-squared  .0238  .2687  .5125  .2801  .5419  .5496 
CPS Demographics controls   Yes  Yes  Yes  Yes  Yes 
Year dummy controls   Yes  Yes  Yes  Yes  Yes 
Earnings history controls    Yes   Yes  Yes 
Earnings trajectory controls      Yes 
Coefficient vector  or (q)    (q) (q) (q) 
Sample is 235,691 persons who are employed or unemployed in CPS at q=0, with LEHD employment observations 
at q=-8 and/or q=+8.  Number of observations in regression is 406,200.  All control variables are deviations from 
means.  Dependent variable is IHS(Real Quarterly Earnings >0); mean=9.682.  Inverse Hyperbolic Sine is defined 
as IHS(x)=ln{x+sqrt[1+(x*x)]}.  All estimated  parameters are statistically different from zero.  Bold with grey 
shading in the lower three panels indicates reported estimate is statistically significant at the .01 level. 
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Figure A.1:  Employment-to-Population Rate and Unemployment Rate, 2003-2010 
          CPS-LEHD weighted microdata (“AHSS”) 
          Tabulations from BLS website 
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Figure A.2:  Duration of Unemployment, 2003-2010 
          CPS-LEHD weighted microdata (“AHSS”) 
          Tabulations from BLS website 
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Figure A.3a:  Real Earnings (IHS Earnings>0) 
 

 
 
 
Figure A.3b:  Real Earnings (IHS Earnings>0) 
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Figure A.4:  Employment Probabilities, by Age {<30, 30-49, >50} 
 
Age <30 

 
 
Age 30-49 

 
 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

‐20‐19‐18‐17‐16‐15‐14‐13‐12‐11‐10 ‐9 ‐8 ‐7 ‐6 ‐5 ‐4 ‐3 ‐2 ‐1 0 1 2 3 4 5 6 7 8 9 10 11

NILF (t=0) Emp (t=0) 1 Qtr U 2 Qtrs U

3 Qtrs U 4 Qtrs U 5 Qtrs U 6+ Qtrs U

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

‐20‐19‐18‐17‐16‐15‐14‐13‐12‐11‐10 ‐9 ‐8 ‐7 ‐6 ‐5 ‐4 ‐3 ‐2 ‐1 0 1 2 3 4 5 6 7 8 9 10 11

NILF (t=0) Emp (t=0) 1 Qtr U 2 Qtrs U

3 Qtrs U 4 Qtrs U 5 Qtrs U 6+ Qtrs U



36 
 

Figure A.4 (continued) 
        Employment Probabilities, by Age {<30, 30-49, >50} 
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Figure A.5:  Employment Probabilities, by Reason for U {Job Loser, Other EU, NU} 
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Figure A.5 (continued) 
        Employment Probabilities, by Reason for U {Job Loser, Other EU, NU} 
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