
 50 

Appendices to: 
The Lost Generation? Labor Market Outcomes for Post Great Recession Entrants 
Jesse Rothstein 
July 2020 

 
Appendix A. Data processing and definitions 

 
The primary analysis concerns the cohort-age-year-state employment rate and mean log 

real wages for college graduates. Employment rates are estimated from the monthly Current 
Population Survey (CPS). I construct a synthetic panel from data from each month from 1979 
through 2019, aggregated to the calendar year. Log wages are computed from the the 1979-2017 
Merged Outgoing Rotation Group (ORG) files from the monthly CPS, using an algorithm adapted 
from Center for Economic and Policy Research (2018; see also Schmitt [2003]). For those paid 
hourly, I use the higher of the reported hourly wage (without overtime, tips, or commissions) and 
the ratio of weekly earnings (which in principle include overtime, tips, and commissions) to usual 
weekly hours. For non-hourly workers, I use the latter. When necessary, usual hours are imputed 
using actual hours last week or the mean by gender and full time/part time status. Hourly wages 
are converted to real 2015 dollars using the CPI, set to missing if below $1 or above $200, and 
logged. 

My sample for age-time-cohort decompositions consists of respondents born 1948-1997 
(who turned 22 between 1970 and 2019) who are surveyed at ages 22-40 and who report being 
college graduates.  

Individual respondents are assigned the age (and implied birth cohort) that they are on the 
survey date, so someone born on July 1, 1980 and surveyed in 2010 will be treated as age 29 in 
2010 and in the 1981 birth cohort, if surveyed in the first half of the calendar year, and as 30 and 
in the 1980 cohort if surveyed in the second half. Before 1992, graduates are those with 16 or more 
years of completed schooling; afterward, it is those with Bachelors or graduate degrees.  

In some specifications (e.g., in Figure 6), I identify the age, time, and auxiliary control 
coefficients only from pre-Recession cohorts. For these specifications, I estimate the 
decomposition using the subsample excluding post-1978 birth cohorts, who turned 22 after 2000. 
I use the resulting coefficients to form predictions for the subsequent cohorts if the relevant cohort 
effects were zero, then estimate these cohort effects as the average difference between observed 
outcomes and the predictions.  

My unemployment measures are the state unemployment rates, averaged over the calendar 
years. When assigning the entry unemployment rate, I use the rate in the state of current residence 
in the year when the respondent was 22 years old. State unemployment rates are not available prior 
to 1976; for earlier entrants, I use the national unemployment rate. 

All analyses are weighted by the sum of CPS sample weights in the cell. 
 
 
Appendix B. Additional specifications 

 
I present a range of additional specifications and models in the appendix. I discuss them in 

turn. 
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Educational attainment 
Figure 1 shows the evolution of degree attainment across ages for synthetic cohorts created 

from the CPS samples. It shows that the share of the cohort with a college degree rises rapidly 
from age 22 through age 24 and more slowly after that. The share of people with a college degree 
by age 30 has risen substantially over time. The share earning degrees between age 24 and 30 rose 
dramatically beginning around the cohort that was 22 in 1990, but has not grown much since then. 

 
Appendix Figure 1 repeats this exercise for the share of each cohort that has some college 

or more. The pattern is strikingly different. The share with some college has grown dramatically 
across cohorts. Within each cohort, it generally grows at a similar rate across ages. To see this, 
note that the point for each cohort at age 30 is six years to the right of the point for the same cohort 
at age 24. The slope between these points is generally similar to the slope of each age-specific 
pattern across cohorts. It is a bit flatter before 2000 and a bit steeper after that, but there is no 
indication of a meaningful change for the Great Recession entrants. 

 
Main decompositions 

Appendix Figures 2 and 3 show estimated age and time effects, respectively, from the main 
decomposition (2) for employment of college graduates. Age effects are normalized to zero at age 
32, while year effects are normalized to zero in 2007. (As discussed in the main text, the cohort 
effects from this decomposition, shown as the solid line in Figure 5, are normalized to zero for 
both the 1984 and 2000 entering cohorts.)  

 
Appendix Figure 4 shows cohort effects on log wages from three different specifications. 

Cohort effects on employment from these same specifications are shown in Figure 6, and the 
specifications are described in the main text. 

 
Appendix Figure 5 reports estimates when I re-estimate my main age-time-cohort 

decompositions (shown here as the “base” specification) restricting the sample to those aged 22-
27 and to entry cohorts between 1970 and 2014. This is a balanced cohort-age panel (at least at the 
end, though not at the beginning) rather than the balanced year-age panel used in the main analyses. 
Employment effects are largely unchanged from the main estimates, but wage trends are notably 
worse for post-Great-Recession entrants. Evidently, older cohorts saw poorer wage growth after 
the Great Recession than younger cohorts; when they are excluded, the post-2010 year effects rise 
and the corresponding cohort effects fall.  

  
Appendix Figure 6 shows estimates of the scarring and excess sensitivity coefficients (G; 

and 4;, respectively) from versions of my decompositions that are estimated on samples limited 
to pre-2000 entering cohorts. These are quite similar to the full sample estimates in Figure 8. 

 
Sensitivity to mobility 

 
In equation (3), I use the unemployment rate when the individual was 22, in the state of 

current residence, as a measure of labor market conditions when that individual entered the market. 
Interstate mobility between age 22 and the date of the CPS interview will make this a noisy 
measure of initial conditions. Further, any endogeneity of this mobility to local conditions could 
bias my results.  
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To address this, I use an instrumental variables strategy adapted from Schwandt and von 

Wachter (2019).16 Construction of the instrument has three steps. 
 
First, using pooled data from the 1980, 1990, and 2000 decennial census and from the 

2001-2016 American Community Survey (one-year samples) public use microdata files, I estimate 
the number of college graduates born in each state b living in state s at age a (22 £ a £ 40), Nbsa. 
This is a long-run average, pooled across nearly forty years of data, so is not influenced by 
economic conditions relevant for any single cohort.  

 
Second, I construct the average age-22 unemployment rate to which college graduates born 

in each state b and each entry cohort c would have been exposed. This average rate is then: 
	BC22K%L =

∑ MNOPQRO,TT	O

∑ QRO,TTO
. 

 
Third, for each state s, cohort c, and age a, I average the average birth-state exposure across 

all birth states, weighting by the share of age-a graduates in state s born in each state b: 
BC22U

"%# =
∑ MN<<RPL QROVR

∑ QROVR
. 

 
Last, I interact this measure with age indicators W;(X) (j=1,…, 5) and use the results as 

instruments for the :#
;
∗ BC"% interactions in equation (3). Appendix Figure 7 shows the estimated 

scarring coefficients from the base OLS specification and using IV, first for equation (3) (in Panel 
A) and second for an augmented specification that also includes excess sensitivity controls (in 
Panel B). Coefficients are similar in IV as in OLS specifications. 
 
 

                                                        
16 Schwandt and von Wachter (2019) use a double-weighting estimator to abstract from both 
endogenous mobility and endogenous attainment rates. I treat attainment rates as exogenous, using 
the selection correction discussed in the text to address changes in cohort composition with age. 
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Appendix Figure 1. Some college share by year and age 
 

 
 
Notes: Each grey dashed line represents repeated cross-sectional averages for a single birth cohort, 
followed from 22 through 30 across successive CPS surveys, and shows the share with some 
college or more at each age. For example, the leftmost series includes those who were 22 in 1980, 
observed in the 1980-1988 CPS surveys. Only cohorts that are age 22 in even-numbered years are 
shown. Solid lines connect observations across cohorts at ages 22, 24, and 30. Crossings of these 
lines indicate that the cross-sectional ranking of these age groups by attainment is not stable over 
time. 
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Appendix Figure 2. Age effects from age-cohort and age-time-cohort decompositions of 
employment 
 
 

 
 
Notes: Figure shows estimated age effects )#  on employment from equation (2), estimated on  
cohort-age-state-year cells constructed from CPS microdata samples of college graduates aged 22-
40. The age-32 coefficient is normalized to zero; the model also normalizes the cohort effects to 
zero for both the 1984 and 2000 entering cohorts. 
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Appendix Figure 3. Time effects from age-time-cohort decomposition of employment 
 
 

 
 
Notes: Figure shows estimated year effects 9$ on employment from equation (2), estimated on  
cohort-age-state-year cells constructed from CPS microdata samples of college graduates aged 22-
40. The 2007 coefficient is normalized to zero; the model also normalizes the cohort effects to zero 
for both the 1984 and 2000 entering cohorts. Recessions are indicated by shaded bars. 
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Appendix Figure 4. Cohort effects on log wages of college graduates 
 

 
 
Notes: Figure shows cohort effects on log real hourly wages from three specifications, computed 
from CPS Outgoing Rotation Group samples of employed college graduates aged 22-40 and 
normalized to zero in 1984 and 2000. The “baseline” series repeats the “age-time-cohort 
decomposition” series from Figure V. The “pre-recession fit” series estimates equation (2) using 
just cohorts that turned 22 in 2000 or earlier. Cohort effects for subsequent cohorts are estimated 
as the mean difference between observed log wages and predictions based on the estimated model. 
The “age 25+” model includes all cohorts (except the most recent entrants) in the sample, but 
removes observations when the cohort is less than 25 years old. The 2019 entrants are included in 
the estimation but their coefficients, which are very noisily estimated, are not plotted. Recessions 
are indicated by shaded bars. 
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Appendix Figure 5. Cohort effects from balanced cohort-age specification 
 

 
Notes: Base specifications repeat the age-time-cohort decompositions from Figures 5 and 7. 
“Balanced cohort-age” specifications repeat the same specifications, but limit the sample to ages 
22-27 and the 1970-2014 entry cohorts. Estimated cohort effects for pre-1978 entrants from this 
specification are not shown. 
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Appendix Figure 6. Scarring and excess sensitivity estimates based on entrants in 2000 and 
earlier 
 

 

 
Notes: “Base model” derives from estimates of equations (3) (panels A and C) and (4) (panels B 
and D), and shows coefficients and confidence intervals, clustered at the state level, for 4; and G;, 
respectively. Expanded model shows estimates from a model that includes both terms. Each is 
estimated on a subsample that excludes cohorts entering the labor market after 2000. 
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Appendix Figure 7. Instrumental variables estimates of scarring  
 

 
Notes: OLS estimates are those plotted in panel A of Figure 8. IV estimates are from a specification 
that instruments for :#

;
∗ BC"% with :#

;
∗ 	BC"%,<<U , as discussed in the text. 
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