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ABSTRACT

We study the effect of U.S. Workforce Investment Act (WIA) training in two
states using matched employer–employee data. This allows us to estimate the
impact of training on firm characteristics and to assess the value of firm
characteristics measured prior to training as conditioning variables. We find
moderate positive impacts of training on employment and earnings for
adults, but not for dislocated workers. We find limited evidence of positive
effects on firm characteristics for adults in one state, but clear evidence of
effects on industry of employment for most groups. Firm characteristics add
little value as conditioning variables.

Fredrick Andersson is at Bank of America. Harry J. Holzer is at Georgetown University and the American
Institutes for Research. Julia I. Lane is at New York University and the Coleridge Initiative. David
Rosenblum is at the U.S. Department of Labor. Jeffrey Smith is at the University of Wisconsin, NBER, IZA,
CESifo, and HCEO (econjeff@ssc.wisc.edu). The authors thank the Charles Stewart Mott Foundation and
the National Science Foundation for generous financial support of this project and Will Carrington,
Bernd Fitzenberger, Carolyn Heinrich, Kevin Hollenbeck, Adriana Kugler, Lucy Msall, Peter Mueser, and

(continued on next page)

[Submitted August 2016; accepted January 2022]; doi:10.3368/jhr.0816-8185R1
JEL Classification: I38, J08, and J24
ISSN 0022-166X E-ISSN 1548-8004ª 2024 by the Board of Regents of the University of Wisconsin System

Color version of this article is available online at: https://jhr.uwpress.org.
Supplementary materials are available online at: https://jhr.uwpress.org.
This open access article is distributed under the terms of the CC-BY-NC-ND license (https://creative

commons.org/licenses/by-nc-nd/4.0) and is freely available online at: https://jhr.uwpress.org.
Jeffrey Smith https://orcid.org/0000-0003-0270-7977

THE JOURNA L OF HUMAN RE SOURCE S � 5 9 � 4

by
 g

ue
st

 o
n 

Ju
ly

 1
0,

 2
02

6.
 C

op
yr

ig
ht

 2
02

2
D

ow
nl

oa
de

d 
fr

om
 

mailto:://econjeff@ssc.wisc.edu
https://jhr.uwpress.org
https://jhr.uwpress.org
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://jhr.uwpress.org
https://orcid.org/0000-0003-0270-7977


I. Introduction

Experimental evaluations of large-scale active labor market programs
have great value, but occur mostly in the United States and, even there, only rarely. In
other times, in other places, and for many other programs, both policymakers and
scholarsmust continue to rely on nonexperimental evaluations.1 As such, improving our
stock of nonexperimental evidence based on current methods and the best available
data, as well as continuing to advance the methodological frontier, have great value. In
that spirit, this work provides new substantive findings on the training provided under
the Workforce Investment Act (WIA), until recently the largest federal employment
and training program in the United States.2 We also provide important new evidence
on several open methodological questions in the literature.3

Our first substantive contribution consists of estimating the earnings and employment
impacts of receiving WIA training (and possibly other services) rather than just WIA
nontraining services using administrative data from two states. Building on the rich set
of relevant conditioning variables in our data, particularly the pre-program labor market
outcomes shown by the literature tomatter in this context, most of our estimates rely on a
“selection on observed variables” identification strategy. Moreover, because we focus
on the impact of service type conditional onWIA participation, rather than the impact of
WIAversus no WIA that receives most of the attention in the literature, we do not have
to worry about selection into WIA, just selection into training conditional on selection

Ken Troske for helpful discussions. They thank seminar participants at Alabama, Clemson, Cornell, Duke,
IMPAQ, McGill, McMaster, Minnesota (Carlson School), St. Louis Fed, Simon Fraser, Syracuse, Tel Aviv,
Texas A&M, Virginia, Wisconsin, and the Institute for Fiscal Studies and conference participants at CESifo,
IZA/SoLE, the Institute for Research on Poverty Summer Research Workshop, the New Developments in
Human Capital in Jerusalem conference, the 2014 UM-MSU-Western Labo(u)r Day conference, the 2014
Danish CAFÉ conference, the 2015 Canadian Labour Studies Research Network meetings, the 2015
APPAM fall research conference, the 2018 Rigorous Impact Evaluation Conference in Torino, and the 11th
IZA Conference on Labor Market Policy Evaluation for their helpful comments. They thank Elan Segarra
for his superlative research assistance inside the Wisconsin RDC, Jason Fletcher for gifting Elan’s time, the
staff of the Wisconsin RDC for their patient assistance, and Lois Miller for careful readings and help with
tables, figures, and formatting. The views expressed here are solely those of the authors and not necessarily
those of the U.S. Census Bureau. Each author declares that they have no relevant or material financial
interests that relate to the research described in this paper. The data used in this paper cannot be published
but are available through the Federal Statistical Research Data Centers (FSRDCs). For more information,
contact the author (econjeff@ssc.wisc.edu) or your local FSRDC administrator.

1. Experiments have issues too; see for example, Heckman and Smith (1995); Heckman, LaLonde, and Smith
(1999); and Rothstein and von Wachter (2017).
2. As noted in Baum,Holzer, and Luetmer (2020), in recent years, Pell grants have increasingly funded training
in certificate programs at community colleges. Interest has also shifted towards “sector-based” training pro-
grams, which have generated larger positive impacts on earnings than WIA training in some (but not all)
experimental studies (for example, Katz et al. 2020), though the evaluated programs remain small and unscaled.
Roder and Elliott (2019) provide evidence of persistent positive impacts for an early sectoral program.
3. Literature reviews include Lalonde (1995); Friedlander, Greenberg, and Robins (1997); Heckman,
LaLonde, and Smith (1999); King (2004); Bergemann and van den Berg (2008); Holzer (2009); Card et al.
(2010, 2018); Heinrich and King (2010); Decker (2011); Barnow and Smith (2016); and McCall, Smith, and
Wunsch (2016).
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into WIA. Our data, and the WIA institutional setup, suggest that this constitutes a less
challenging identification problem.
More broadly, we read the literature that uses experiments as benchmarks to study

the performance of alternative nonexperimental sources of identification as indicat-
ing that high-quality nonexperimental evaluations, where quality refers to both data and
methods, can successfully replicate the broad conclusions obtained with experimental
methods. See in particular the evidence on the importance of what goes into the con-
ditioning set in Heckman et al. (1998) and the comparison of experimental and high-
quality (mostly European) nonexperimental evaluations in the meta-analyses of Card,
Kluve, and Weber (2010, 2018). The U.S.-focused meta-analysis of Greenberg, Micha-
lopoulos, and Robins (2006) reaches a similar conclusion.
Our preferred estimates show positive, substantively relevant, and statistically sig-

nificant impacts of WIA training on earnings and employment over the 12 calendar
quarters followingWIA registration for workers served under the adult funding stream.
In contrast, for workers served under the dislocated worker funding stream, we find
persistently negative impacts in one state and initially negative and later marginally
positive impacts in the other. These findings parallel those in earlier nonexperimental
work by Heinrich et al. (2013).
Our second substantive contribution centers on our analysis of the determinants of

training receipt conditional on WIA registration. We find standard patterns for age and
schooling, with younger workers more likely to receive training, along with those in the
middle of the educational distribution. These patterns appear in both our univariate and
multivariate analyses and suggest that WIA allocates training in reasonable ways along
these dimensions. In contrast, we find large unconditional differences by race/ethnicity
but only very small conditional differences. Here, our multivariate analysis sheds im-
portant light on the source of univariate disparities.
For our first methodological contribution, we estimate impacts on the types of firms

at whichWIA participants obtain jobs afterWIA.We can do this because, for the first
time in the literature, we link administrative data from the WIA programs in our two
states to the rich Longitudinal Employer-Household Dynamics (LEHD) data main-
tained by the U.S. Census Bureau. Motivating this analysis is the well-known fact
that, controlling for worker characteristics, employer characteristics contribute im-
portantly to worker earnings and other outcomes; see, for example, Abowd and
Kramarz (2002); Andersson, Holzer, and Lane (2005); and Holzer et al. (2011). If
WIA and other training programs can improve the quality of the firms to which
workers “match,” then we have identified an important mechanism through which job
training programs might work, over and above their effects on the worker’s stock of
human capital.
Empirically, our data provide limited evidence of effects of WIA training on the

propensity of adult workers to obtain jobs at firmswith desirable characteristics.We find
clear evidence of effects of WIA training on changing industries and modest positive
effects on other firm characteristics for adult trainees in one state.
Our second methodological contribution lies in the examination of alternative sets

of conditioning variables in the context of our preferred “selection on observed
variables” identification strategy. The greatest novelty arises in our examination of
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variables related to the firm at which the worker last worked prior to WIA partici-
pation.We expected, based on the literature, that firm characteristics might proxy for
otherwise unobserved worker characteristics and so have an effect on our estimates
by reducing any remaining selection bias. In fact, we find to our surprise that the firm
characteristics add essentially no value to the conditioning variables available from
state unemployment insurance (UI) wage record data. We also examine the value of
conditioning on an additional year of pre-program earnings data relative to Heinrich
et al. (2013) and the value of conditioning on a proxy for local labor markets. The
former does not move the estimates, somewhat to our surprise. In contrast, local labor
markets do matter.
Our third methodological contribution arises from comparing our estimates based on

“selection on observed variables”with estimates based on the (conditional) bias stability
assumption, which underlies difference-in-differences estimators. Broadly, we find little
qualitative difference, which suggests either little selection into training based on time-
invariant unobserved variables or that the pre-program outcomes in our conditioning set
do an adequate job of capturing stable factors, like motivation and ability, that we do not
directly observe.

II. The WIA Program

The Workforce Investment Act (WIA) was passed by Congress and
signed into law by President Clinton in 1998 and became operational in 1999–2000;
Besharov and Cottingham (2011) provide a detailed history. It was replaced in 2015 by
theWorkforce Innovation andOpportunity Act (WIOA). As noted in Barnow and Smith
(2016), WIOA changes little of substance relative toWIA, with the implication that our
findings should generalize to the new program.
Title I of WIA provided general funding streams for services to adults, dislocated

workers, and youth. Adults comprise individuals 18 years and over meeting various
broad criteria. Dislocated workers comprise adults who have recently lost a job or are
about to lose a job. WIAyouth programs serve in-school and out-of-school youth ages
18–21. The target populations for these three streams partly overlap; in particular,
almost all clients served as dislocated workers could be served as adults, while some
adult clients could be served as dislocated workers.4 In fiscal year 2011, these three
streams received just $2.8 billion in funds, a dramatic decline in real dollars relative to
peak funding for federal job training in 1980 (Holzer 2009). Because youth receive
different services from other participants, we restrict our attention and our data to
individuals served under the adult and dislocated worker programs.
Participation inWIA often begins at a “one-stop” office. These offices aim to provide

workers with access to a variety of programs includingWIA, Unemployment Insurance
(UI), and the Employment Service (ES) in a single location. Unlike some European

4. Barnow and Smith (2016) note that the U.S. Department of Labor provided surprisingly vague eligibility
rules. Caseworkers assigned individuals eligible for both the adult stream and the dislocated worker stream
based on their employment histories and on the funds remaining in the two streams.
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programs, WIA participants enroll as volunteers. As described in Blank, Heald, and
Fagnoni (2011), WIA-funded services for adults and dislocated workers fall into four
categories: self-service core services, staff-assisted core services, intensive services, and
training services. Recipients of self-service core services typically use computers or
other resources related to job search and do not formally register for the program. As a
result, they do not appear in our data. Staff-assisted core services (hereinafter just core
services) consist of low-intensity interventions, such as assisted job search or provision
of labor market information. Intensive services include assessment, case management,
and short courses in topics not specific to a particular occupation, such as anger man-
agement. Finally, training services include basic skills training, classroom training in
occupational skills (CT-OS), and subsidized on-the-job training at private firms. As
shown in, for example, Table II-12 of Social Policy ResearchAssociates (2005), the vast
majority (over 85 percent in 2003) receive CT-OS. WIA imposes no eligibility rules on
core services. Low-income individuals and individuals on public assistance receive
priority for intensive and training services, but WIA imposes no income-based eligi-
bility rules (Blank, Heald, and Fagnoni 2011).
Individual Training Accounts (ITA) fund most training under WIA; on-the-job

training constitutes the key exception. ITAs represent vouchers that participants can use
to purchase training at certain providers. King and Barnow (2011) document the pro-
vider pre-approval process and its variation over time and space. In addition to re-
strictions on providers and expenditures, participants typically make their decision in
consultation with a caseworker, who may encourage some choices and discourage (or
even prohibit) others. This feature ofWIA also varies widely in implementation (see, for
example, Perez-Johnson,Moore, and Santilano 2011 and Van Horn and Fichtner 2011).
While caseworkers affect the services offered to WIA enrollees, they do not, unlike
some of their European counterparts, have the power to sanction participants. Most of
the training funded under ITAs consists of relatively short occupational training courses
provided by community colleges, other nonprofit institutions, or (less often) by for-
profit providers.
Normatively, WIA participants follow a path from core services to intensive services

to training, where each succeeding step only occurs when the prior step fails to yield
employment. In practice, as described by D’Amico et al. (2004), for example, there
exists tremendous variation across states, across local offices (called WIBs for Work-
force Investment Boards) within states, and even across caseworkers within WIBs, as
well as over time at all of these levels, in how registrants select into specific services,
including training. Some states structure their programs to train almost everyone who
registers. Others, as documented for Wisconsin in Almandsmith, Adams, and Bos
(2006), rely in part on the information provided by the Worker Profiling and Reem-
ployment Services (WPRS) system, which provides predictions of likely benefit ex-
haustion or of benefit receipt duration among UI claimants. Other states, including the
states in our study, have a more ad hoc approach. Some claimants follow the normative
sequence while others do not, perhaps because they have a referral from a training pro-
vider or because a caseworker identifies job skills as their key deficiency. Exhibit II-1 in
D’Amico et al. (2009) illustrates this type of system. Even those enrollees who follow
the normative sequence typically do so relatively quickly, that is, over a few days or
weeks rather than many months as in some European programs, which largely removes

1248 The Journal of Human Resources

by
 g

ue
st

 o
n 

Ju
ly

 1
0,

 2
02

6.
 C

op
yr

ig
ht

 2
02

2
D

ow
nl

oa
de

d 
fr

om
 



concerns about dynamic selection (that is, about the selection process changing over the
course of worker unemployment spells).5

III. Data

A. Data

The analysis builds on WIA data from two states linked to earnings, employment, and
firm data from all 50 states. Individual records from the Workforce Investment Act
Standard Record Data (WIASRD) from a medium-sized state on the Atlantic seaboard
(“State A”) and a large, Midwestern state (“State B”) constitute our first major data
source. The WIASRD files contain data on every individual who registered for WIA
services in each state. For each registrant, the microdata contain the following: dates of
WIA registration and exit, location of WIA service receipt, demographics (including
age, education, race, and sex), membership in certain categories (for example, disabled
or veteran), specific services received, and employment and earnings for quarters before
and after service receipt drawn from state UI records.
The Longitudinal Employer–Household Dynamics (LEHD) data constitute our other

primary data source. UI wage records and Quarterly Census of Employment andWages
(QCEW) data for all 50 states sit at the core of the LEHD. The latter consist of quarterly
reports filed by employers for each worker in covered employment, which includes
roughly 96 percent of private nonfarmwage and salary employment (Stevens 2007). As
described inAbowd et al. (2009), the LEHDdata also include demographic information,
such as date and place of birth, sex, and a crude race/ethnicity measure obtained by
matching to the SSA Numident file and other sources.
In addition to the large samples and long earnings histories, the matched employer

data represent a marquee advantage of the LEHD data. They enable us to construct
several important time-varying and fixed characteristics of workers and their employers.6

For workers, the time-varying characteristics include measures of overall experience
and job tenure with each employer. For employers, we calculate industry, firm size,
average payroll per worker paid per quarter, and measures of turnover. In both cases,
we follow Holzer et al. (2011) in the details. We also use worker and firm “fixed
effects” constructed following the methodology outlined in Abowd, Lengermann,
and McKinney (2002).
We limit our WIASRD data to all program participants in each state who registered

between 1999 and 2005, with a valid exit date. The Census Bureau matched the indi-
viduals in this group to the LEHD. For each individual included in the data, we retain

5. Lurking in the background is theWIA performance management system. This system provides rewards and
punishments to states and WIBs primarily based on the measured outcome levels of registrants and so may
encourage sites to “cream-skim” at the registration stage. It may also lead them to focus expensive training
services on those they deem unlikely to realize good labor market outcomes without them. For more on the
WIA performance system, see, for example, Barnow and Smith (2004), Barnow (2011), and Heckman et al.
(2011).
6. For workers with multiple employers in a calendar quarter, we code employer characteristics based on the
employer from which the worker receives the most earnings in that quarter, which we call the “dominant”
employer.
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employment and earnings in the LEHD data for 25 calendar quarters including the
quarter of registration and 12 quarters before (Q–12 to Q–1) and 12 quarters after (Q + 1
toQ+ 12) that quarter.We adjust the earnings values into 2020 constant dollars using the
CPI-U-RS. Characteristics of employers, including industry, size, and turnover rates,
refer to the last dominant employer prior to registration (when used as conditioning
variables) and to the last dominant employer in our data (when used as outcomes).
Online Appendix 1 provides more details about the LEHD and the construction of our
sample, as well as variable definitions and descriptive statistics.
In all, we have more than 26,000 WIA registrants for State A, with nearly 16,000 in

the adult program and nearly 11,000 among the dislocated; comparable sample sizes for
State B are more than 50,000 for the state, with around 23,000 and 28,000 in the adult
and dislocated streams, respectively. We perform all of our analyses separately by state
and stream. The states have distinct WIA programs, as illustrated by the quite different
fractions of registrants who receive training. In addition, the prior literature, for ex-
ample, Heinrich et al. (2013), finds quite different impacts for registrants served in the
adult and dislocated worker streams.

B. Descriptive Statistics

Tables 1–4 describe our samples of WIA registrants. Tables 1 and 2 present a subset of
our conditioning variables (registration year, sex, race/ethnicity, age, and education),
while Tables 3 and 4 present quarterly earnings and employment.
In terms of timing, roughly three-fourths of the sample registered during the labor

market downturn in 2001–2003, but the sample also includes many participants before
and after that period. Overall, the patterns in our two states broadly comport with the
national WIASRD summaries published by the Department of Labor for the years
2001–2005. In terms of who receives training and who does not, Tables 1 and 2 reveal
several important patterns. First, in both states and for both funding streams, whites have
a higher probability of receiving training than nonwhites. Second, women receive more
training among adults, while men receive more among the dislocated. Third, WIA
participants in the middle of the education distribution (that is, thosewith high school or
some college) receive training more often in both funding streams. Fourth, relatively
younger participants differentially sort into training.
At least some of these distinctions make sense in terms of who might make a good

candidate for an investment in skills training. For instance, as in the standard human
capital model, training likelymakesmore sense for youngerworkers, who have a longer
time horizon over which to realize the returns from their investment. As suggested in
Jacobson, LaLonde, and Sullivan (2005), workers in the middle of the education dis-
tribution likely have the basic skills tomaster somewhat technical occupational training,
while those with less than high school may lack them. At the same time, workers with a
college education likely already have sufficient skills or will learn what they need on the
job, as noted in Barron, Berger, and Black (1997).
The quarterly earnings and employment data tabulated in Tables 3 and 4 and graphed

in Figure 1 also have stories to tell. We focus on three patterns here. First, in both states,
WIA participants served as dislocated workers have substantially higher pre-program
mean earnings and employment than those served as adults. This signals that even the
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relatively vague eligibility rules for the dislocated funding stream have real-world bite.
Second, particularly in State A, trainees have about the same earnings as nontrainees
within each funding stream. This suggests relatively little selection into training based
on time-invariant outcome differences. Third, the mean earnings and employment of
WIA participants in our states decline in the period leading up to registration. This
literature calls this oft-observed pattern the “Ashenfelter dip” (Ashenfelter 1978); see

Table 1
Descriptive Statistics for Characteristics, State A

Adult Dislocated

Treated Untreated Treated Untreated

Year of registration 1999 0.00 0.00 0.00 0.00
2000 0.08 0.11 0.07 0.08
2001 0.32 0.31 0.24 0.28
2002 0.23 0.26 0.28 0.28
2003 0.20 0.17 0.28 0.19
2004 0.11 0.09 0.09 0.13
2005 0.06 0.06 0.04 0.05

Sex Male 0.38 0.41 0.44 0.40
Race White 0.36 0.24 0.51 0.47

Other 0.06 0.07 0.09 0.12
Black 0.58 0.70 0.40 0.41

Age at registration
(years)

35.32 36.20 42.01 42.65

Age at registration <20 0.08 0.08 0.01 0.01
21–25 0.17 0.16 0.05 0.05
26–30 0.14 0.13 0.08 0.08
31–35 0.14 0.13 0.13 0.12
36–40 0.14 0.14 0.17 0.15
41–45 0.12 0.14 0.18 0.18
46–50 0.09 0.10 0.16 0.16
51–55 0.06 0.07 0.12 0.13
56–60 0.03 0.04 0.07 0.08
61+ 0.02 0.02 0.02 0.03

Education Less than high school 0.10 0.25 0.04 0.08
High school 0.60 0.54 0.53 0.43
Some college 0.20 0.11 0.24 0.23
College or more 0.09 0.08 0.20 0.25
Missing 0.01 0.03 0.00 0.02

Source: Authors’ calculations from WIA and LEHD data.
Notes: Values in the table give the fraction of the column group (for example, treated adults) in each category
of each variable. For example, the fraction of treated adults in State A who registered in 2002 equals 0.23.
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also Heckman and Smith (1999). In this population, the dip begins about four quarters
prior to registration. The dip indicates strong selection into WIA based on transitory
outcome shocks, but the quite modest differences in the nature and extent of the dip
between trainees and nontrainees within each funding stream and state suggest little
selection into training based on differences in transitory labor market shocks among
registrants, especially in State A.

Table 2
Descriptive Statistics for Characteristics, State B

Adult Dislocated

Treated Untreated Treated Untreated

Year of registration 1999 0.07 0.04 0.08 0.05
2000 0.09 0.12 0.09 0.11
2001 0.26 0.25 0.26 0.25
2002 0.30 0.22 0.32 0.25
2003 0.20 0.20 0.19 0.18
2004 0.08 0.14 0.06 0.13
2005 0.01 0.03 0.00 0.02

Sex Male 0.37 0.41 0.57 0.52
Race White 0.48 0.22 0.72 0.46

Other 0.11 0.20 0.14 0.23
Black 0.40 0.57 0.14 0.32

Age at registration
(years)

33.10 35.73 40.60 42.66

Age at registration <20 0.07 0.05 0.01 0.01
21–25 0.22 0.17 0.06 0.06
26–30 0.18 0.15 0.11 0.09
31–35 0.15 0.14 0.14 0.11
36–40 0.13 0.14 0.16 0.14
41–45 0.10 0.13 0.18 0.18
46–50 0.07 0.10 0.16 0.18
51–55 0.04 0.06 0.11 0.14
56–60 0.02 0.03 0.05 0.08
61+ 0.01 0.02 0.01 0.02

Education Less than high school 0.11 0.22 0.05 0.13
High school 0.58 0.49 0.53 0.51
Some college 0.24 0.22 0.24 0.23
College or more 0.07 0.08 0.18 0.12
Missing 0.00 0.00 0.00 0.00

Source: Authors’ calculations from WIA and LEHD data.
Notes: Values in the table give the fraction of the column group (for example, treated adults) in each category
of each variable. For example, the fraction of treated adults in State B who registered in 2002 equals 0.30.
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Figure 1
Mean Earnings

(continued)
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Figure 1 (continued)

1258 The Journal of Human Resources

by
 g

ue
st

 o
n 

Ju
ly

 1
0,

 2
02

6.
 C

op
yr

ig
ht

 2
02

2
D

ow
nl

oa
de

d 
fr

om
 



IV. Treatment and the Parameter of Interest

This study compares WIA participants who receive training, and per-
haps also core and/or intensive services, toWIA participants who receive only core and/
or intensive services.7 Our estimates, combined with data on costs, allow us to deter-
minewhether the additional resources spent on training services, on average, have labor
market effects that cover their costs. This represents an important policy question; the
wide divergence across states in the fraction of WIA participants receiving training
documented in Heinrich et al. (2013) suggests that policymakers do not perceive a clear
consensus on this question in the literature.
As shown in Tables 3 and 4, many WIA participants in both our states and both

funding streams receive training, and many do not. Median WIA enrollment duration
for trainees is around three quarters in State A and around four quarters in State B. In
contrast, the median enrollment duration for registrants receiving only core and/or
intensive services is typically about a quarter shorter.
These values provide only a crude (and upward-biased for most registrants) guide

to treatment intensity for several reasons, including data quality issues (for example,
we observe large spikes in enrollment durations at particular values in one state), the
potential for strategic manipulation for performance management reasons as in
Courty andMarschke (2004), and because training participants may have to wait for a
course to start and may also receive job search assistance following training com-
pletion.
Unlike Hollenbeck (2009) and Heinrich et al. (2013), we do not attempt to es-

timate the impact of participating inWIAversus not participating. Instead, we focus
on the training analysis because we think it represents a simpler nonexperimen-
tal evaluation problem. First, WIA core/intensive participants represent a natural
comparison group for trainees in a way that ES recipients and/or UI claimants do
not for all WIA participants. Second, given the common earnings patterns for
trainees and nontrainees shown in Tables 3 and 4, combined with the substantial
amount of caseworker discretion and local heterogeneity in the WIA program,
we think that a selection on observed variables identification strategy has greater
plausibility in the training context. Finally, focusing on training allows us to avoid
difficult questions of temporal alignment that arise when comparing WIA enrollees
to other groups.
To represent our parameter of interest more formally, consider the standard potential

outcomes framework wherein Y1 denotes the outcome with training (that is, the treated
outcome) and Y0 denotes the outcome without training. We estimate the average
treatment effect on the treated (ATET) given by E(Y1 – Y0 jD= 1), whereD = 1 indicates
receipt of WIA training. When combined with data on the average incremental cost of
training, the ATET allows a cost–benefit analysis on the training for the trainees who
currently receive it. We do not purport to provide evidence on the effect of training on
those not currently receiving it.

7. Mechanically, the treatment consists of having enrolled in, but not necessarily completed, training as
recorded in the WIA administrative data.
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V. Identification and Estimation

A. Conditional Independence

Our primary identification strategy builds on the conditional (mean) independence
assumption (CIA) and assumes that, conditional on a set of observed characteristics X,
the untreated outcome does not depend on treatment status. The literature also calls this
“selection on observed variables.” In notation, we assume E(Y0 jX, D = 1)=E(Y0 jX,
D= 0). This (very strong) assumption suffices to identify the ATET of training in our
context; we offer a defense of it shortly. Following standard practice, we match on the
propensity score, P(X) =Pr(D = 1 jX), which in our context corresponds to the condi-
tional probability of training receipt given WIA enrollment. Rosenbaum and Rubin
(1983) show that if the CIA holds for X, then a version based on the propensity score
holds as well; that is, E(Y0 jP(X), D= 1)=E(Y0 jP(X), D= 0). We estimate the pro-
pensity score using a probit model, promising to increase its flexibility (but not too
quickly!) on those magic days when our sample size increases.
For the CIA to hold in practice requires that X include all the variables that affect both

training receipt and outcomes in the absence of training receipt—a tall order. To jus-
tify this assumption, we find it helpful to think about what we know from theory, the
institutional context, and existing empirical evidence about the determinants of training
participation and of labor market outcomes in this population. We can then list the
conditioning variables that knowledge implies and argue that our data contain them and/
or reasonable proxies for them.
Recall from the institutional background in Section II that receipt of WIA training

embodies a two-sided selection problem. TheWIA participant has to want training, and
the WIA caseworker has to want to give them training. WIA participants’ desires for
training will depend on their perception of the job market for their current skill set, their
age, their motivation, their ability to learn in a classroom setting (and disutility from
doing so), their beliefs about the value of the training they might receive, the availability
of government transfers or helpful family members to provide the basics of life during
training, and so on. Many of these factors, such as motivation, ability and inclination to
learn, and themarket value of their skills, also affect outcomes in the absence of training.
The caseworker will have beliefs about all these factors as well. In addition, the case-
worker will have information about the budget set of the local WIB and about local
training providers.
We observe some of these variables directly, such as age and the most recent industry of

employment. For others, such as motivation and ability, we have to rely on proxies. In our
case, realized pre-program labormarket outcomes serve as the proxies.Motivatedworkers
and high ability workers should do persistently well in the labor market; if so, condi-
tioning on earlier labor market outcomes will remove any selection bias that results from
motivation and ability also affecting training receipt. The extant literature—for example,
Heckman et al. (1998) and Smith and Todd (2005)—clearly shows the importance of
conditioning on pre-program labor market outcomes. The literature is less clear about
whether they can serve as all, or just part, of a successful identification strategy. In addition
to lagged outcomes, we can use geographic indicators to proxy for the state of the local
economy, as well as differences in local training emphasis, opportunity, and quality.
The broader literature claims that we have most of what we need. In particular, the

important study of Lechner andWunsch (2013) compares alternative sets of conditioning
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variables in the context of rich German administrative data and identifies those that solve
the selection problem in their context.8 Of the variables they identify, we lack variables
related to family status, part-time work, occupation in last job, and more detailed infor-
mation on past qualifications than the simple years of schooling variable present in our data.
Also worth noting are variables that do not make a difference in their study, which include
firm characteristics (just as we find below), industry- and occupation-specific experience,
health-related variables, openness to mobility, various caseworker-related variables, job-
search behavior, and local labor markets. Along this same line, Caliendo, Mahlstedt, and
Mitnik (2017) link survey data on various noncognitive skills to the German administra-
tive data and find that they do not make a difference to their impact estimates. While
we advocate further work along the lines of Lechner and Wunsch (2013) and Caliendo,
Mahlstedt, and Mitnik (2017), and we generalize from Germany to the United States
only very cautiously, these studies increase our confidence in our identification strategy.
We consider six different sets of conditioning variables X. Model 1, inspired by

Dehejia andWahba (1999, 2002), contains only sex, race, age, education, and two years
of pre-enrollment earnings. It serves as a minimalist baseline that incorporates only
variables available in commonly used data sets such as the U.S. Current Population
Survey. Our prior, given the performance of similar specifications in other contexts in
Smith and Todd (2005) and Heckman, Ichimura, and Todd (1997, Table 6a), is that this
conditioning set does not suffice for the CIA.
Model 2 represents our approximation of the specification employed in Heinrich

et al. (2013), but leaving aside indicators for geographic location. Relative toModel 1, it
includes calendar year and calendar quarter indicators, amore flexible age specification,
disability and veteran status indicators, flexible employment and earnings histories over
the eight calendar quarters prior to registration including the industry of the most recent
employer, and UI benefit receipt and ES participation over the same period.
Model 3 adds indicator variables for the local one-stop office at which the participant

enrolled. These approximately represent indicators for counties. Model 4 adds several
characteristics of the firm for which eachworkermost recently worked;we describe those
characteristics in detail in Section VIII. Model 5 conditions on an extra four quarters of
pre-program earnings and employment information relative toModel 3. Finally,Model 6,
our preferred specification, starts with Model 3 and adds the firm variables included in
Model 4 and the additional quarters of pre-programearnings included inModel 5 to create
one grand propensity score model.
To evaluate the importance of including particular variables in the conditioning set,

we compare the nonexperimental impacts they imply because we do not have an ex-
perimental benchmark. This strategy, which loosely says that if you keep adding con-
ditioning variables, and the estimates do not change, then probably you have solved the
selection problem, is not an uncommon one in the literature. See, for example, Black,
Daniel, and Smith (2005, Tables 2–4).9 Heckman andNavarro-Lozano (2004) provide a
very useful formalization of this strategy that makes clear that it requires the absence of a
variable or variables affecting both treatment and outcomes unrelated to the condi-
tioning sets under consideration; see also Oster (2019).

8. This list includes control variable sets 0–6 and 8a in their Table 2; see also the discussion in their Section 5.3.
9. From the narrower perspective of whether or not it passes a researcher cost–benefit test to go to the time and
trouble of linking to the LEHD for the additional conditioning variables it provides, what really matters is
whether the estimates change rather than their bias.
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B. Conditional Bias Stability

The conditional bias stability assumption (BSA) assumes that unconfoundness holds
but only conditional on a person-specific fixed effect. Put differently, BSA assumes that
the available conditioning variables do not suffice to solve the selection problemon their
own, but do suffice once the fixed effect has been removed, as we do by differencing.
The propensity score version of the BSA corresponds to:

EðY0t -Y0t0 jPðXÞ‚D = 1Þ =EðY0t -Y0t0 jPðXÞ‚D = 0)

where t denotes an “after” period and t¢ denotes a “before” period. Written in this way
the BSA is sometimes called the “common trends” assumption, as it implies that,
conditional on X, the mean of the untreated outcome has the same time trend for the
treated and untreated units. See, for example,Heckman et al. (1998),Rosenbaum (2001),
or Lechner (2010) for more on the BSA.
Substantively, the motivation for the BSA relative to the CIA comes from the concern

that some relatively stable unobserved characteristic, such as ability or motivation or
attractiveness, may persistently affect labormarket outcomes, but not get fully captured by
conditioning on the available pre-program labor market outcomes. The literature suggests
that this issue may arise in some contexts but not others. For example, Smith and Todd
(2005) find that difference-in-differences matching, motivated by the BSA, comes closer
to the experimental estimates in the context of the National Supported Work (NSW)
Demonstrationdata onmen studied in LaLonde (1986) than does cross-sectionalmatching
motivated by the CIA. In contrast, Calónico and Smith (2017) study the NSW data on
women and find little difference between the two identification strategies. They conclude
that the differences for men in Smith and Todd (2005) likely result from failure of con-
ditional independence for that group. Finally, while Heckman and Smith (1999) find
selection on transitory shocks to labormarket outcomes and on persistent differences in the
unconditional earnings patterns in the National Job Training Partnership Act Study data,
they find no strong differences between their cross-sectional and conditional difference-in-
differences estimates. This indicates that conditioning on pre-program outcomes suffices
in that context to capture the not directly observed time-invariant characteristics. In the
absence of clear direction from the literature, we pursue both identification strategies.10

C. Estimation

The literature offers a wide variety of estimators for use with our identification strate-
gies. We employ inverse propensity weighting (IPW) as our primary estimator. Nearest
neighbor matching plays the role of secondary estimator. Online Appendix 2 justifies
our choice of estimators and provides econometric and implementation details.

VI. Results: Determinants of Training Receipt

Table 5 presents average derivatives for select covariates from pro-
pensity score Model 6 described in Section V.A; Online Appendix 3 presents estimates
for the other models and for the remaining covariates inModel 6.Many of the univariate

10. Imbens andWooldridge (2009) and Chabé-Ferret (2015) provide further discussion of the choice between
estimators based on the CIA (with pre-program outcomes) and the BSA.
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differences between trainees and nontrainees prove robust to conditioning. In particu-
lar, differences in the incidence of training by age (younger participants get more) and
education (participants in the middle of the education distribution get more) generally
persist as we enrich the conditioning set. The large unconditional differences we ob-
serve by race represent the partial exception to this broader pattern. In the models with
the richest covariate sets, this difference falls dramatically.

VII. Results: Impacts on Earnings and Employment

A. Full Sample

Tables 6 and 7 present estimates fromModel 6, our preferred specification, obtained using
our preferred IPW estimators. Figure 1 presents the corresponding estimated untreated
means. In each table, we present impacts on earnings and employment for quarters
Q + 1 to Q + 12. We also present two summary measures of earnings impacts: the sum
over all 12 quarters and the sum over quarters 9–12. The latter measure completely
avoids the “lock-in” period when trainees are receiving training. Online Appendix 3

Table 5
Probit Models of WIA Training Receipt, Model 6

State A, Adult
State A,

Dislocated State B, Adult
State B,

Dislocated

Variable: AME SE AME SE AME SE AME SE

Age <20 -0.012 <0.001 -0.117 <0.001 0.032 <0.001 0.001 <0.001
21–25 0.000 <0.001 -0.006 <0.001 0.028 <0.001 0.011 <0.001
31–35 -0.010 <0.001 0.012 <0.001 0.005 <0.001 -0.005 <0.001
36–40 -0.017 <0.001 0.016 <0.001 -0.015 <0.001 -0.021 <0.001
41–45 -0.046 <0.001 -0.010 <0.001 -0.042 <0.001 -0.052 <0.001
46–50 -0.054 <0.001 -0.006 <0.001 -0.042 <0.001 -0.076 <0.001
51–55 -0.060 <0.001 -0.036 <0.001 -0.050 <0.001 -0.117 <0.001
56–60 -0.099 <0.001 -0.055 <0.001 -0.073 <0.001 -0.150 <0.001
61+ -0.060 <0.001 -0.061 <0.001 -0.184 <0.001 -0.172 <0.001
Less than HS -0.167 0.001 -0.141 <0.001 -0.071 <0.001 -0.058 <0.001
Some college 0.045 <0.001 -0.006 <0.001 0.006 <0.001 0.014 <0.001
College or more -0.015 <0.001 -0.047 <0.001 -0.008 <0.001 0.023 <0.001
Education missing -0.044 <0.001 -0.406 0.001
Other -0.018 <0.001 0.004 <0.001 -0.045 <0.001 -0.024 <0.001
Black 0.014 <0.001 0.035 <0.001 -0.011 <0.001 -0.045 <0.001

Source: Authors’ calculations from WIA and LEHD data.
Notes: AME is average marginal effect. Omitted age category is 26–30, omitted education category is high school, and
omitted race/ethnicity is white. See Online Appendix 3 for the full set of estimates.
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describes the distributions of the estimated propensity scores along with the results
from conventional balance tests; our main-effects-only specification exhibits sur-
prisingly good balance and occasions no common support issues.
Our estimates display several important patterns. First, in both states and both streams

we observe lock-in effects in the form of negative impacts in the initial quarters after

Table 6
Impacts on Earnings and Employment, Inverse Propensity Score Weighting,
Model 6, State A

Adult Classification Dislocated Classification

Treatment
Effect SE p-Value

Treatment
Effect SE p-Value

Earnings

Q + 1 -720 104 <0.01 -1,132 169 <0.01
Q + 2 -559 111 <0.01 -1,351 163 <0.01
Q + 3 -333 194 0.09 -1,168 176 <0.01
Q + 4 -47 122 0.70 -657 176 <0.01
Q + 5 -13 130 0.92 -576 163 <0.01
Q + 6 258 139 0.06 -339 176 0.05
Q + 7 295 126 0.02 -217 174 0.21
Q + 8 330 133 0.01 -186 185 0.32
Q + 9 366 139 0.01 -592 404 0.14
Q + 10 473 133 <0.01 -187 199 0.35
Q + 11 314 144 0.03 -148 215 0.49
Q + 12 361 144 0.01 -156 209 0.46
Total, Q + 1 to Q+ 12 725 1,210 0.55 -6,707 1,815 <0.01
Total, Q + 9 to Q+ 12 1,515 497 <0.01 -1,082 823 0.19

Employed

Q + 1 -0.070 0.015 <0.01 -0.067 0.014 <0.01
Q + 2 -0.030 0.014 0.03 -0.055 0.014 <0.01
Q + 3 -0.013 0.015 0.39 -0.030 0.014 0.04
Q + 4 -0.003 0.013 0.83 -0.001 0.014 0.93
Q + 5 0.012 0.014 0.39 0.009 0.015 0.53
Q + 6 0.022 0.014 0.12 0.026 0.015 0.07
Q + 7 0.021 0.014 0.12 0.043 0.015 <0.01
Q + 8 0.007 0.014 0.60 0.039 0.014 0.01
Q + 9 0.018 0.015 0.23 0.035 0.014 0.01
Q + 10 0.028 0.015 0.07 0.036 0.015 0.02
Q + 11 0.018 0.015 0.22 0.051 0.014 <0.01
Q + 12 0.022 0.015 0.13 0.037 0.014 0.01

Source: Authors’ calculations from WIA and LEHD data.
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WIA registration. These result from trainees reducing or eliminating job search during
their training while the comparison group actively engages the job market during and
after their receipt of core and/or intensive services. Second, we find for both states and
streams that the quarterly impacts gradually increase until they appear to stabilize,
usually around eight quarters after registration.

Table 7
Impacts on Earnings and Employment, Inverse Propensity Score Weighting,
Model 6, State B

Adult Classification Dislocated Classification

Treatment
Effect SE p-Value

Treatment
Effect SE p-Value

Earnings

Q+ 1 -829 111 <0.01 -1,517 215 <0.01
Q+ 2 -764 142 <0.01 -1,562 180 <0.01
Q+ 3 -451 110 <0.01 -1,421 177 <0.01
Q+ 4 -222 128 0.08 -1,027 170 <0.01
Q+ 5 29 121 0.81 -798 156 <0.01
Q+ 6 98 130 0.45 -481 149 <0.01
Q+ 7 189 129 0.14 -316 187 0.09
Q+ 8 295 141 0.04 -163 150 0.28
Q+ 9 443 121 <0.01 -33 163 0.84
Q+ 10 487 165 <0.01 196 197 0.32
Q+ 11 586 160 <0.01 374 160 0.02
Q+ 12 536 195 0.01 443 163 0.01
Total, Q + 1 to Q + 12 396 1,257 0.75 -6,304 1,763 <0.01
Total, Q + 9 to Q + 12 2,052 562 <0.01 980 592 0.10

Employed

Q+ 1 -0.084 0.013 <0.01 -0.120 0.011 <0.01
Q+ 2 -0.049 0.013 <0.01 -0.105 0.011 <0.01
Q+ 3 -0.017 0.012 0.15 -0.086 0.010 <0.01
Q+ 4 0.010 0.013 0.45 -0.066 0.010 <0.01
Q+ 5 0.018 0.013 0.18 -0.046 0.010 <0.01
Q+ 6 0.026 0.013 0.05 -0.025 0.010 0.02
Q+ 7 0.023 0.012 0.06 -0.019 0.010 0.06
Q+ 8 0.046 0.013 <0.01 -0.003 0.010 0.75
Q+ 9 0.047 0.013 <0.01 0.001 0.009 0.93
Q+ 10 0.049 0.013 <0.01 0.007 0.010 0.50
Q+ 11 0.056 0.013 <0.01 0.016 0.010 0.12
Q+ 12 0.055 0.013 <0.01 0.017 0.010 0.08

Source: Authors’ calculations from WIA and LEHD data.
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Third, we find substantively important and surprisingly large differences in impacts
between the adult and dislocated worker funding streams. In State A, the impacts for
adults stabilize around $350 per quarter, while those for dislocated workers stabilize
at around –$180. Similarly, in State B, the adults stabilize at $500 or so, while the dis-
located workers, who start out with large negative impacts, have positive and significant
impacts of more than $350 in the last two quarters of the data. Given that essentially all
the dislocated worker participants could have received services under the adult funding
stream and that many of the adults could have received services under the dislocated
worker stream, this difference puzzles us. Fourth, the employment impacts track the
earnings impacts except for the dislocated worker stream in State A, where negative
earnings impacts in later quarters coincide with positive employment impacts. Fifth, we
find modest differences across states, with larger impacts in State B than in State A for
both funding streams. Finally, as expected, the nearest neighbor matching estimates
presented in Online Appendix 4 tell the same substantive story, but less precisely.

B. Men and Women

As discussed in LaLonde (1995) andGreenberg,Michalopoulos, andRobins (2003), for
example, earlier evaluations of employment and training programs in the United States
have typically found larger impacts for women than for men. Table 8 presents separate
estimates for men and women in our context for the two cumulative earnings impact
measures. The point estimates for the adult streammatch the usual finding, with women
having larger impacts than men over the full 12 quarters.
However, the close similarity of the estimates for men and women in the four final

quarters suggests that theoverall difference derivesmainly fromdifferences in opportunity
cost, with men giving up higher earnings while in training. In contrast, for the dislocated
worker stream, women have more negative impacts overall but, as with the adult stream,
a much smaller difference in quarters 9–12. None of these differences attain conven-
tional levels of statistical significance. Given the lack of clear evidence of meaningful
differences in impacts, we pool men and women in our remaining analyses.11

C. Comparisons to the Literature

Heinrich et al. (2013) provide the closest analogue to our work. Before turning to their
results, we note some differences in the analyses. First, Heinrich et al. (2013) look at
different states, and our two states do not constitute a proper subset of those considered
in Heinrich et al. (2013). Second, the time periods differ, with Heinrich et al. (2013)
considering participants who exited between July 2003 and June 2007. Third, though
both studies assume conditional independence and rely on administrative data for their
conditioning variables, the exact propensity score specifications and estimators differ in
the details.
Figures 5 and 8 of Heinrich et al. (2013) present estimates of the impact of training

versus core/intensive services for adults and dislocated workers, respectively. They pool
the data from the states in their analysis but present separate impacts formen andwomen.

11. We also produced subgroup estimates broken down by race/ethnicity and by years of schooling.We did not
observe substantively important impact differences for these subgroups.
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At a broad level, they find the same patterns that we do, including a substantial lock-in
effect in the initial quarters (other thanmale adults), impacts that increase in relative time
and then stabilize (other than male adults), slightly more positive impacts for women
than men, and much more positive impacts for adults than for dislocated workers.12

Leung and Pei (2020) study the labor market effects of enrollment in public com-
munity colleges by Ohioworkers with a recent UI claim using state administrative data.
They pursue identification and estimation strategies similar to our own. As part of their
broader analysis, they provide estimates for a subpopulation of WIA enrollees who
roughly correspond to our dislocated worker funding stream registrants. The impact
estimates in their Figure 4 bear more than a passing resemblance to our estimates for
State B in Table 7, as they start out with large negative lock-in effects but turn positive
after around 10 quarters.13

Table 8
Impacts on Earnings, Inverse Propensity Score Weighting, Model 6

Adult Classification Dislocated Classification

Treatment
Effect SE p-Value

Treatment
Effect SE p-Value

State A

Women
Total, Q + 1 to Q + 12 758 1,372 0.58 -8,739 2,331 <0.01
Total, Q + 9 to Q + 12 1,453 579 0.01 -1,346 856 0.12
Men
Total, Q + 1 to Q + 12 459 2,183 0.83 -6,331 2,175 <0.01
Total, Q + 9 to Q + 12 1,513 972 0.12 -1,586 954 0.10

State B

Women
Total, Q + 1 to Q + 12 1,638 1,203 0.17 -6,118 1,778 <0.01
Total, Q + 9 to Q + 12 2,700 532 <0.01 682 745 0.36
Men
Total, Q + 1 to Q + 12 264 2,812 0.93 -4,423 2,884 0.13
Total, Q + 9 to Q + 12 2,473 1,059 0.02 2,116 1,136 0.06

Source: Authors’ calculations from WIA and LEHD data.

12. The WIAGold Standard Evaluation documented in Fortson et al. (2017) does not provide direct estimates
of the effect of WIAwith training versusWIAwithout training (nor direct estimates of the effect ofWIAversus
no WIA). Instead, it essentially estimates the effect of the marginal additional training (whether paid for by
WIA or not) received by individuals randomly assigned access to either intensive services or both training and
intensive services, rather than just core services. This difference in causal estimands precludes meaningful
comparisons.
13. To calm the suspicious, we note that Ohio is not State B.
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In sum, our estimates generally tell the same stories aboutWIA training impacts as the
two other studies applying roughly the same methods to similar data in other times and
places.

VIII. Results: Firm Characteristics

From a long list of possible (and interesting!) candidate firm-related
outcomes, we confine ourselves to just six to avoid concerns about multiple compari-
sons. We chose our six based on the prior literature and before looking at any impact
estimates.14 Three of the six relate to the firm fixed effect described in Holzer et al.
(2011). These fixed effects capture differences in conditional mean worker earnings
across firms. They condition on worker fixed effects and some firm characteristics and
thus offer a relatively clean measure of firm “quality.”
The outcomes are: (i) an indicator for having no available firm fixed effect, which

implies either having no job in Q + 1 to Q + 12 or else only jobs at firms with fewer than
25 employees, (ii) an indicator for having a job at a firm with a fixed effect above the
median, and (iii) the continuous firm fixed effect itself. Coding outcomes (ii) and (iii)
for workers who lack a firm fixed effect because they did not work in the “post” period
or because they worked but at a firm too small to have a fixed effect raises an unhappy
trade-off. On the one hand, if we code the outcomes for such workers as missing, we
create a selection problem by nonrandomly dropping the corresponding observations
from the analysis for that outcome. On the other hand, if we code the outcomes to zero,
we complicate the interpretation. We split the difference and code (ii) to zero when the
fixed effect is missing but drop observations with a missing fixed effect when ana-
lyzing (iii).
Our fourth firm-related outcome consists of an indicator for working at a firm with

at least 100 employees. A large literature (for example, Brown, Hamilton, and Medoff
1990) links firm size and compensation levels. The fifth measure consists of an indi-
cator for working at a high-turnover firm, defined as having a turnover rate above the
median, as the literature has found that employment at high-turnover firms is system-
atically associated with lower compensation (Holzer, Lane, and Vilhuber 2004). The
sixthmeasure indicates a change in industries between the last pre-registration dominant
employer and the last post-registration dominant employer.
Changing industries may represent a good thing, as when moving from a declining to

a growing industry, or a bad thing, as when leaving behind industry-specific human
capital, or some combination of the two. For all three of these variables we codeworkers
without post-registration employment as zeros. Andersson, Holzer and Lane (2005) and
Holzer et al. (2011) document the correlations among the firm-related variables in the
LEHD.
All six measures refer to the last dominant firm that employed the worker in our 12

quarters of post-registration data. While WIA might arguably have the largest direct

14. Many of the measures we omit surely merit consideration in future studies of programs aimed at disad-
vantaged populations.
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effect on the first firm with which the worker matches, we thought it more important to
focus on longer-run outcomes. By looking at the last dominant firm we may capture the
result of a sequence of jobs induced by the program, while missing potentially prom-
ising job matches that end quickly.
How should we think about these outcomes? First, we can think about them as illus-

trating mechanisms through which WIA generates impacts on earnings. Second, we can
think about them as providing information relative to the likely duration of impacts. The
literature on worker–firm matches suggests that placements at larger, lower-turnover
firms bode well for the persistence of any impacts we find. Third, we can think about
them as informative of the potential for general equilibrium effects, particularly dis-
placement, to lead our partial equilibrium estimates to overstate the social benefits
of WIA training. If WIA training only changes who gets the “good jobs” at the larger,
lower-turnover, higher-fixed-effect firms, then it may have some equity benefits, but it
will not increase efficiency.15

Table 9 present impacts on the firm-related outcomes. We note three patterns. First,
for adults the point estimates lean towards a positive effect on firm quality, though
only the estimates on the high fixed effect indicator and the firm size indicator achieve
statistical significance at conventional levels, and then only in State B. Second, other
than the firm size outcome, the estimates all suggest moves to lower-quality firms for
the displaced workers, though with small point estimates that fail to achieve statistical
significance. Third, for the (ambiguous) industry switching outcome, we find posi-
tive, statistically significant, and substantively large impacts for adults in State B and
dislocated workers in both states, with a smaller positive estimate that lacks statistical
significance for adults in State A.

IX. Results: Alternative Identification Strategies

A. CIA with Alternative Conditioning Sets

This section addresses one of our primary questions of interest: does having information
on the firms at whichWIA participants worked prior to participationmove the estimates
relative to the conditioning variables available only from the union of theWIASRD and
UI administrative data sets? It does so by comparing estimates obtained with propensity
scores containing the sets of conditioning variables described in Section V.A.
Tables 10 and 11 presents the impact estimates associated with the different speci-

fications. To save space, we focus solely on the aggregated impacts for Q+ 1 to Q+ 12
and Q+ 9 to Q+ 12. The estimates differ substantially between the rather sparse spec-
ification ofModel 1 and the richer conditioning sets in the other models. Models 1 and 2
always yield less positive (ormore negative) estimates thanModels 3, 4, 5, and 6—often
substantially so. Given our earlier arguments regarding the variables required for
credibility of the CIA,we interpret these differences as bias and conclude that producing

15. The (vast) literature that builds onAbowd,Kramarz, andMargolis (1999) interprets the firm fixed effects as
capturing a one-dimensional measure of overall firm quality. In a world of multidimensional firms, the in-
terpretation of the fixed effects becomes less clear as higher wages may imply less of other forms of remu-
neration, for example, lower fringes or less pleasant work, as in a compensating differences world.
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credible impact estimates for WIA training requires (at least) conditioning relatively
flexibly on the information available from the UI administrative data.
The data also provide clear responses to the other substantive questions thatmotivated

our investigation of alternative specifications. The value of investing in obtaining the
firm variables from the LEHD to use as conditioning variables shows up in the differ-
ences in estimates, if any, between Model 4 and Model 3 and between Model 6 and
Model 5. In every case, those differences turn out to be quiteminor indeed. For example,
looking at the sumof earnings overQ + 9 toQ + 12, the changes are quite small (less than
$20 in two cases). The additional firm variables in the LEHD data clearly do not pass a
researcher cost–benefit test in this context based on what they add in terms of the
credibility of the CIA.
A comparison of Model 5 with Model 4 provides evidence on the importance of

adding an additional year of quarterly pre-program earnings (from Q–9 to Q–12) to the
conditioning set wemodeled on that of Heinrich et al. (2013). In our data, the additional

Table 10
Impacts on Earnings, Inverse Propensity Score Weighting, Alternative Conditioning
Variables, State A

Adult Classification Dislocated Classification

Treatment
Effect SE p-Value

Treatment
Effect SE p-Value

Impact over Q11 through Q112

Model 1 -2,052 800 0.01 -10,629 1,243 <0.01
Model 2 -677 796 0.40 -10,749 1,189 <0.01
Model 3 749 1,184 0.53 -6,808 1,844 <0.01
Model 4 754 1,113 0.50 -6,679 1,802 <0.01
Model 5 718 1,140 0.53 -6,823 1,721 <0.01
Model 6 725 1,165 0.53 -6,707 1,717 <0.01

Impact over Q19 through Q112

Model 1 605 359 0.09 -2,143 500 <0.01
Model 2 938 362 0.01 -2,404 559 <0.01
Model 3 1,539 536 <0.01 -1,117 770 0.15
Model 4 1,522 493 <0.01 -1,086 879 0.22
Model 5 1,531 515 <0.01 -1,105 878 0.21
Model 6 1,515 513 <0.01 -1,082 832 0.19

Source: Authors’ calculations from WIA and LEHD data.
Notes: Model 1 contains basic demographics and two years of pre-program earnings. Model 2 approximates the
specification in Heinrich (2013) but omits the geographic variables.Model 3 adds one-stop center indicators (that
is, geography) to Model 2. Model 4 adds characteristics of the worker’s most recent firm to Model 3. Model 5
adds four additional quarters of pre-program earnings toModel 3. Model 6 adds both the firm characteristics and
the additional earnings variables to Model 3. For more detail see Section V.A.
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year of quarterly earnings barely moves the estimates, with the exception of adults in
State B for the Q+ 1 to Q+ 12 outcome, where the estimate moves by about $390. We
conclude that the additional pre-program earnings variables do not add much to the
credibility of the CIA in this context.
Finally, a comparison of Model 3 with Model 2 signals the value of adding indica-

tors for the local one-stop at which the participant enrolled in WIA. As noted above,
we interpret these primarily as indicators for local labor markets. Our states each con-
tain multiple urban labor markets, as well as rural ones. As a result, we expected these
variables to matter, though the ambivalent findings in the literature muted our prior. For
example, while Heckman et al. (1998) and Friedlander and Robins (1995) find that local
labor markets matter a lot, Dolton and Smith (2011) do not. In our data, even given the
conditioning already present inModel 2, additional conditioning on local labor markets
moves the impact estimates substantially. This finding reflects substantial geographic
heterogeneity in training receipt within our states.

Table 11
Impacts on Earnings, Inverse Propensity Score Weighting, Alternative Conditioning
Variables, State B

Adult Classification Dislocated Classification

Treatment
Effect SE p-Value

Treatment
Effect SE p-Value

Impact over Q11 through Q112

Model 1 -1,558 570 0.01 -11,671 911 <0.01
Model 2 -86 721 0.90 -9,055 1,030 <0.01
Model 3 885 1,109 0.43 -6,396 1,692 <0.01
Model 4 806 1,228 0.51 -6,328 1,693 <0.01
Model 5 416 1,188 0.73 -6,378 1,656 <0.01
Model 6 396 1,284 0.76 -6,304 1,553 <0.01

Impact over Q19 through Q112

Model 1 1,661 259 <0.01 -626 372 0.09
Model 2 1,958 288 <0.01 80 450 0.86
Model 3 2,214 529 <0.01 945 594 0.11
Model 4 2,171 594 <0.01 967 617 0.12
Model 5 2,068 569 <0.01 962 602 0.11
Model 6 2,052 614 <0.01 980 616 0.11

Source: Authors’ calculations from WIA and LEHD data.
Notes: Model 1 contains basic demographics and two years of pre-program earnings. Model 2 approximates the
specification inHeinrich (2013) but omits the geographic variables.Model 3 adds one-stop center indicators (that
is, geography) to Model 2. Model 4 adds characteristics of the worker’s most recent firm to Model 3. Model 5
adds four additional quarters of pre-program earnings toModel 3. Model 6 adds both the firm characteristics and
the additional earnings variables to Model 3. For more detail see Section V.A of the text.
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B. Conditional Bias Stability

Table 12 presents the estimates that assume conditional bias stability. We again report
estimates for two after periods: Q+ 1 to Q+ 12 and Q+ 9 to Q+ 12. In both cases, we use
the symmetric pre-program period as the “before” period for the difference-in-differences
estimator; that is, we use Q–1 to Q–12 as the “before” period in the first case and Q–9
to Q–12 in the second case.16

Somewhat to our surprise, the difference-in-differences estimates in Table 12 differ
onlymodestly from the cross-sectional estimates discussed above and shown in Tables 6
and 7. The impacts are just a bit more positive among the dislocated in both states. This
similarity suggests that our conditioning variables do a very fine job of capturing time-
invariant differences in outcome levels between the trainees and the nontrainees in our
sample of WIA enrollees.17

X. WIA Costs and Benefits

This section performs relatively crude cost–benefit calculations for
WIA training versus no training using our preferred estimates from Tables 6 and 7; using
the estimates from Table 12 does not change the qualitative story. The relatively low

Table 12
Differences-in-Differences Impacts on Earnings, Inverse Propensity Score
Weighting, Model 6

Adult Classification Dislocated Classification

Treatment
Effect SE p-Value

Treatment
Effect SE p-Value

State A

Total, Q + 1 to Q + 12 880 1,029 0.39 -3,618 2,120 0.09
Total, Q + 9 to Q + 12 1,703 631 0.01 -109 1,046 0.92

State B

Total, Q + 1 to Q + 12 -610 1,333 0.65 -5,074 1,829 0.01
Total, Q + 9 to Q + 12 1,513 971 0.12 1,280 752 0.09

Source: Authors’ calculations from WIA and LEHD data.
Notes: For differences-in-differences analysis, the pre-period is Q–12 through Q–1 when using Q + 1 to Q + 12
as the post-period, and is Q–12 through Q–9 when using Q + 9 through Q + 12 as the post-period.

16. An alternative strategy would avoid the Ashenfelter dip by using Q–9 to Q–12 as the before period in both
cases; Heckman and Smith (1999) document the grave problems that result from including the period of the dip
in their context. We do not adopt this alternative strategy here due to the lack of apparent selection into training
based on transitory shocks shown in Figure 1.
17. Online Appendix 5 presents difference-in-differences IPW estimates obtained from a version of Model 6
that omits all of the pre-program labor market outcomes. Doing so tends to yield less positive or more negative
estimates. This result points to the importance of these variables in capturing transitory changes in labor market
outcomes that affect participation.
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average social costs of core and intensive services imply that our qualitative con-
clusions roughly generalize toWIAversus noWIA for the trainees. Before presenting
the results of our calculations, we briefly discuss several issues that arise when per-
forming them.18

First,WIA, like JTPAbefore it, stands out for its lack of serious data on programcosts.
As such, we use two quite different values for the costs, neither of them particularly
satisfactory as an estimate of the difference in average social direct costs between WIA
registrants who receive training and those who do not. The lower value of $3,000 draws
on Heinberg et al. (2005) and Heinrich et al. (2011). Heinberg et al. (2005) present
estimates of the unit costs (to WIA, and in earlier dollars) of training in three states, two
of which likely face lower costs than those in our study. Heinrich et al. (2011) cites
average direct cost (to WIA) values for the 12 states in their study. Their numbers
correspond to all WIA participants (that is, to WIA services versus no WIA services),
rather than to WIA trainees versus WIA nontrainees, which implies a modest upward
bias. On the other hand, both studies omit the public subsidy implicit in the prices that
WIA programs pay community colleges for training courses, which implies a large
downward bias. Taken together, we view $3,000 as a lower bound on the true difference
in social direct costs.
The higher value of $9,000 draws on Table 4 in Hollenbeck (2012). It reflects data

from Washington state on the cost of providing career and technical education inclu-
sive of the large state subsidies to the community colleges providing the training.We have
trimmed down Hollenbeck’s numbers a bit to account for the fact that we seek the
difference in costs between training and other services, rather than the difference between
training and no services, and because receiving training from WIA may reduce the costs
to the public of training subsidized via other programs (for example, Pell grants).19 Our
calculations assume that all direct costs occur in the first quarter following enrollment.
Second, our data limit us to estimating impacts for 12 quarters following WIA en-

rollment, but the impacts of WIA training may last far longer than that. The literature
features studies with both impacts that persist in the long term andwith impacts that fade
out, but too few of both to sort out confidently what factors predict persistence; Smith
(2011) and Greenberg, Michalopoulos, and Robins (2004) provide further discussion.
To account for the uncertainty about the persistence of the impacts, our calculations
embody three scenarios: (i) zero impacts after the data run out, (ii) the impacts in Q+ 12
persist for an additional eight quarters then fall to zero, and (iii) the impacts in Q+ 12
continue indefinitely.
Third, we need to say something about the social discount rate and themarginal social

cost of public funds (MSCPF). We follow Heckman, LaLonde, and Smith (1999) and

18. See, for example, Bloom et al. (1997); Heckman, LaLonde, and Smith (1999, their Section 10.1); Schochet,
Burghardt, and McConnell (2006); and Hollenbeck (2012) for more detailed discussions.
19. TheWIAGold Standard Evaluation did not collect administrative data on training costs, thoughMastri and
McCutcheon (2015) provide detailed information on the costs of specific core and intensive services. Table
VIII.1 of Fortson et al. (2017) estimates average total direct social costs of training in the “full WIA” arm at
$3,223= $1,521 from taxpayers + $1,702 from the participants themselves based on survey reports of training
costs from enrollees. Their Figure V.2 indicates that half of the enrollees in the full WIA arm of the experiment
received any training; rescaling yields an estimated social direct of $6,446 for training, which lies toward the
upper end of our range for the difference in direct costs betweenWIAwith training andWIAwithout training in
our two states.
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use 0.05 and 0.10 as annual discount rates; these rates bracket the 0.07 rate called for in
U.S. Office of Management and Budget (1992). The MSCPF includes the direct costs
of operating the tax system (for example, the IRS) and the lost output due to the use of
distortionary rather than lump sum taxes. Estimates of the MSCPF vary widely across
studies; see Auerbach and Hines (2002) and Dahlby (2008) for overviews. To account

Table 13
Cost–Benefit Analysis, State A

Net Benefit per Participant

Benefit Duration MSCPF

Annual
Discount
Rate

$3,000 Direct Costs $9,000 Direct Costs

Adult Dislocated Adult Dislocated

As long as in the data 1.00 0.00 -2,275 -9,707 -8,275 -15,707
1.00 0.05 -2,466 -9,536 -8,466 -15,536
1.00 0.10 -2,649 -9,370 -8,649 -15,370
1.25 0.00 -3,025 -10,457 -10,525 -17,957
1.25 0.05 -3,216 -10,286 -10,716 -17,786
1.25 0.10 -3,399 -10,120 -10,899 -17,620
1.50 0.00 -3,775 -11,207 -12,775 -20,207
1.50 0.05 -3,966 -11,036 -12,966 -20,036
1.50 0.10 -4,149 -10,870 -13,149 -19,870

5 years 1.00 0.00 610 -10,952 -5,390 -16,952
1.00 0.05 -54 -10,576 -6,054 -16,576
1.00 0.10 -652 -10,232 -6,652 -16,232
1.25 0.00 -140 -11,702 -7,640 -19,202
1.25 0.05 -804 -11,326 -8,304 -18,826
1.25 0.10 -1,402 -10,982 -8,902 -18,482
1.50 0.00 -890 -12,452 -9,890 -21,452
1.50 0.05 -1,554 -12,076 -10,554 -21,076
1.50 0.10 -2,152 -11,732 -11,152 -20,732

Indefinite 1.00 0.00 +inf –inf +inf –inf
1.00 0.05 22,267 -20,207 16,267 -26,207
1.00 0.10 7,865 -13,907 1,865 -19,907
1.25 0.00 +inf –inf +inf –inf
1.25 0.05 21,517 -20,957 14,017 -28,457
1.25 0.10 7,115 -14,657 -385 -22,157
1.50 0.00 +inf –inf +inf –inf
1.50 0.05 20,767 -21,707 11,767 -30,707
1.50 0.10 6,365 -15,407 -2,635 -24,407

Source: Authors’ calculations from WIA and LEHD data.
Notes: Estimates are drawn from Table 6. With an annual discount rate of 0.00, the benefits under the assumption of
indefinite benefit duration become infinite, whether positive (“+inf”) or negative (“–inf”). Costs are assumed to entirely
occur in the first quarter after WIA registration. MSCPF is the marginal social cost of public funds.
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for this variability, we consider values of 1.00, 1.25, and 1.50, where, for example, 1.25
means that each dollar of government funds costs society $1.25 in output.
Finally, our cost–benefit calculations omit both general equilibrium effects and ef-

fects on outcomes other than earnings. General equilibrium effects can result from dis-
placement, wherein the trained worker takes a job that otherwise would have gone to

Table 14
Cost–Benefit Analysis, State B

Net Benefit per Participant

Benefit Duration MSCPF

Annual
Discount
Rate

$3,000 Direct Costs $9,000 Direct Costs

Adult Dislocated Adult Dislocated

As long as in the data 1.00 0.00 -2,604 -9,305 -8,604 -15,305
1.00 0.05 -2,834 -9,313 -8,834 -15,313
1.00 0.10 -3,055 -9,315 -9,055 -15,315
1.25 0.00 -3,354 -10,055 -10,854 -17,555
1.25 0.05 -3,584 -10,063 -11,084 -17,563
1.25 0.10 -3,805 -10,065 -11,305 -17,565
1.50 0.00 -4,104 -10,805 -13,104 -19,805
1.50 0.05 -4,334 -10,813 -13,334 -19,813
1.50 0.10 -4,555 -10,815 -13,555 -19,815

5 years 1.00 0.00 1,684 -5,759 -4,316 -11,759
1.00 0.05 750 -6,348 -5,250 -12,348
1.00 0.10 -86 -6,860 -6,086 -12,860
1.25 0.00 934 -6,509 -6,566 -14,009
1.25 0.05 0 -7,098 -7,500 -14,598
1.25 0.10 -836 -7,610 -8,336 -15,110
1.50 0.00 184 -7,259 -8,816 -16,259
1.50 0.05 -750 -7,848 -9,750 -16,848
1.50 0.10 -1,586 -8,360 -10,586 -17,360

Indefinite 1.00 0.00 +inf +inf +inf +inf
1.00 0.05 33,926 21,091 27,926 15,091
1.00 0.10 12,573 3,610 6,573 -2,390
1.25 0.00 +inf +inf +inf +inf
1.25 0.05 33,176 20,341 25,676 12,841
1.25 0.10 11,823 2,860 4,323 -4,640
1.50 0.00 +inf +inf +inf +inf
1.50 0.05 32,426 19,591 23,426 10,591
1.50 0.10 11,073 2,110 2,073 -6,890

Source: Authors’ calculations from WIA and LEHD data.
Notes: Estimates are drawn from Table 7. With an annual discount rate of 0.00, the benefits under the assumption of
indefinite benefit duration become infinite, whether positive (“+inf”) or negative (“–inf”). Costs are assumed to entirely
occur in the first quarter after WIA registration. MSCPF is the marginal social cost of public funds.
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someone else (who is likely not in our comparison group) or from changes in relative
skill prices. We expect our failure to consider equilibrium effects to lead us to over-
state the social benefits of WIA training. See, for example, Lise, Seitz, and Smith
(2004) or Cahuc and Le Barbanchon (2010) for more on these issues. Effects on other
outcomes, such as crime or the well-being of children could in principal go either way.
For example, Job Corps’ negative effects on crime represent a large portion of its
benefits, as shown in Schochet, Burghardt, and McConnell (2008), while Morris and
Michalopoulos (2003) find that Canada’s Self-Sufficiency Project had mixed effects
on child outcomes that depend on child age. On net, we think our failure (a direct result
of the limitations imposed by our data) to take other outcomes into consideration likely
leads us to understate the social benefits of WIA training. Though it would make life
easier for us and for the reader, the literature provides no reason for thinking the biases
from these two omissions cancel each other out.
With all the foregoing inmind, turn now to Tables 13 and 14, which present the results

of our calculations for State A and State B, respectively. In each table, the first column
indicates the assumed duration of the program impacts, the second the assumed MSCPF,
and the third the assumed discount rate. The next two present discounted net present
values per participant from the perspective of society for adults and dislocated workers
assuming $3,000 in direct costs, while the final two columns repeat the exercise under
the assumption of $9,000 in direct costs.
For the adult stream, the assumptions make a difference. In both states, the adult

stream always passes a cost–benefit test when the impacts last forever and never passes
when the benefits last only three years. When the benefits last five years, it passes only
under the most “optimistic” assumptions about the discount rate and MSCPF. On the
other hand (and not at all surprisingly given the impact estimates) the dislocated worker
stream essentially never passes a cost–benefit test, except for State B under the opti-
mistic assumption that program impacts never fade out and even then only for certain
low values of the discount rate and MSCPF.

XI. Conclusions

Our examination of the impacts of receiving WIA training rather than
solely core and/or intensive services in two anonymous states has yielded a wealth of
important findings both substantive and methodological. We start by reviewing our
substantive findings.
We find reasonable differences in probabilities of training as a function of age and

education. Substantial unconditional differences by race largely, but not entirely, disap-
pear with conditioning. Our preferred estimates indicate positive earnings and employ-
ment effects for the adult funding stream andmostly negative estimates for the dislocated
worker stream. This difference, for which we currently lack a good explanation, parallels
findings in the broader literature and represents an important (and highly policy-relevant)
topic for future research.20 Surprisingly, we do not find statistically different impacts for

20. We see four (not mutually exclusive) candidate explanations. First, caseworkers may sort enrollees into
funding streams in a manner that correlates with the treatment effect of training. Second, enrollees may sort
differently into training within the two funding streams in a manner correlated with the treatment effect of
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men andwomen, though our point estimates generally show larger impacts for women, in
line with the literature. Our estimates imply that training provided to WIA registrants in
the dislocatedworker programs in our states does not pass a social cost–benefit test, while
training provided to adult registrants does so only when the impacts extend beyond our
data and, even then, only under certain assumptions regarding discount rates and the
marginal social cost of public funds.
Our data cover WIA participants who entered the program between 1999 and 2005,

inclusive, in two states. Towhat extent would we expect our findings to generalize to later
years under WIA and WIOA and/or to other states and countries? Temporally, the insti-
tutional frameworkofWIAdid not changemuch between2005 and theadvent ofWIOA in
2015. It also did not change much when WIOA replaced WIA, though the former now
requires local boards to “develop, convene, or implement industry or sector partnerships.”
External validity over time also hinges on changes in the participant population and

on changes in program impacts with the business cycle. PublishedWIASRD data show
some important changes in the participant population since 2005. For one thing, the
sizes of the adult and dislocated enrollee populations grew quite dramatically during the
Great Recession. In program years 2001–2005, the adult and dislocated worker pop-
ulations nationwide average about 230,000 and 185,000, respectively, while in PY 2009
the number of adults served alone rose to more than 1.1 million. During the Great
Recession, theWIA population contained relatively fewer minority, less-educated, and/
or low-earning workers. Given our finding of no substantively important subgroup
differences by sex, race, or education, changes in the mix of participants along these
variables should not lead to concerns about generalizability. The literature—see Lechner
and Wunsch (2009) and Heinrich and Mueser (2014) and the references therein—
suggests that partial equilibrium impacts of active labor market programs increase
modestly during downturns for somegroups. Finally, expanding the scale of the program
dramatically, aswas donewithWIAvia the “stimulus” at the start of theGreat Recession,
may change the nature of any general equilibrium effects, on which point one could
tell stories in either direction, and may result (in the short run) in reduced attention to
matching registrants to training due to inexperienced caseworkers and a desire to serve
many registrants quickly, leading to lower impacts.
Spatially, while Barnow and King (2005) and D’Amico et al. (2009) show that WIA

implementation varied meaningfully among states, the broad institutional commonalities
aswell as the similarity of our findings to those in theHeinrich et al. (2013) paper formany
other states lead us to think that our results generalize to other states in the aggregate and,
with more uncertainty, to other individual states, particularly in periods outside the height
of the Great Recession. We would not generalize our substantive findings to other
countries, due to large differences in data and active labor market program institutions.
On the methodological side, using the linked LEHD data, we find no consistent

impacts on the characteristics of firms where workers get jobs other than some positive
effects for the adult stream in State B. We do find modest positive impacts for most
groups on the probability of switching industries relative to the last pre-WIA employer.
We expect that sectoral-based training programs would have larger impacts than we

training. Third, the content of training may differ between trainees in the two funding streams. Fourth, the
treatment effect of training may vary with trainee characteristics that themselves correlate with funding stream,
such as age.
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found forWIA training, as they explicitly aim to lead their participants to good jobs in a
new industry. In our view, the measurement issues we noted above and in Online
Appendix 1, combinedwith the potential importance of firms asmediators, imply a high
priority for the development of improved measures of firm and establishment charac-
teristics based on administrative data.
Our second—and, to us, rather surprising—methodological conclusion is that adding

variables related to the last employer prior to WIA participation to the conditioning set
does not budge our “selection on observed variables” estimates. Nor does adding an
additional four quarters of lagged earningsmove the estimates. In contrast, conditioning
on indicators for local labormarkets doesmove the estimates. In our view, these findings
complement those from the analyses by Biewen et al. (2014); Caliendo, Mahlstedt, and
Mitnik (2017); and Lechner and Wunsch (2013) in the rather different German insti-
tutional and data context.
Comparing our cross-sectional estimates to the difference-in-differences estimates

also shows little qualitative change, suggesting either that selection into training occurs
mainly on something other than relatively time-invariant differences in labor market
performance and/or that our conditioning set does a good job of capturing the time-
invariant differences. While further research linking the UI administrative data to other
data sets that would provide alternative conditioning variables, such as psychometric
tests, information on other household members, and more detailed educational histories
remains of great value, we think that, taken together, our methodological findings
suggest that current practice, as embodied particularly in this paper and in Heinrich et al.
(2013), likely removes much of the bias for this estimand.
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