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Executive summary 
 
Among experts and the public, worker retraining is the most popular policy for mitigating labor 
market disruption from AI.1 In this report, we ask if these efforts would work. We present a 
targeted review of the evidence on job training and a brief history of key programs.  
 
We screened the literature for high-quality randomized trials, drawing on 146 impact estimates 
from 56 randomized trials conducted in the United States from 1973 to the present. The 
programs trained job seekers—mostly low-income adults and youth—for positions such as 
nursing aides, IT support technicians, and welders. On average, they run six months and cost 
roughly $13,000 per person.  
 
Overall, we find: 
 

●​ Job training programs have small impacts. Across randomized trials in the US, 
programs on average increased employment by 1.7 percentage points, compared to a 
baseline employment rate of 63% in the control group. They increase earnings by $800 
per year on average. These figures are per person offered treatment, which matters 
because compliance in these studies is often low. The programs pass a cost-benefit test, 
but this relies on uncertain assumptions about how long the benefits last.​
 

●​ Scaled programs have also been lackluster. Large programs in the US—with the 
scale required to buffer widespread labor market disruption—have been rigorously 
evaluated. They mostly come up short. An evaluation of the main federal training system 
in the 1980s yielded impacts comparable to the averages above. An evaluation of its 
successor and the youth-targeted Job Corps found essentially no impact.​
 

●​ Some “sector programs” boost earnings 10 times as much. A few programs have 
lifted pay by $5–10,000 per year by intensively screening applicants, involving employers 
in deciding what to teach, and tracking local trends in the demand for skills. From the 
government’s perspective, these programs clearly pay for themselves through higher tax 
revenue and lower use of public benefits.​
 

●​ Sector programs can contribute to a crash response to AI disruption, but face an 
uphill battle. The impact of sector programs is subject to several qualifications: 
 

○​ They filter out >80% of applicants. Their admissions processes select for workers 
that employers would probably not find on their own, but who have the grit and 
smarts to succeed. 
 

1 Karger et al. (2026), Figure 16. 
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○​ They impart skills teachable in months. Speed holds down costs and gives 
managers more certainty about what skills will be in demand at graduation. The 
programs are not designed for skilled professionals who may need years of 
retraining to recover their previous incomes and who already know how to 
navigate the job market. 
 

○​ Attempts to set up sector programs often fail. It can take years to cultivate 
relationships with local employers and develop competence in tracking regional 
trends in the demand for skills. A speedy expansion could copy the form and lose 
the essence.​
 

●​ Scaling and randomizing the most promising programs would bring needed 
lessons. In applying these lessons to AI, we are, of course, forced to extrapolate into a 
highly uncertain world. We don’t know if or when technological advances will cause a 
surge in unemployment; it’s unclear which jobs would be most affected, and the 
unemployed population may look different from the subjects in these studies (mostly 
low-income or persistently jobless individuals). ​
​
But it seems doubtful that we currently have programs capable of meeting the moment. 
None of the large government-led training programs have produced large and durable 
benefits, and the few shining sector programs—a likely option given the excitement 
around them from top experts2—arise from a bundle of deep relationships with 
employers, selectivity, and high upfront costs. A “fire drill” evaluation meant to rapidly 
scale and test leading job retraining programs could pay lasting dividends. 

 
 

2 See, e.g., Katz et al. (2022). 
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Overview 
Americans’ top concern about AI is job loss (Anthropic 2026). If current data on AI usage are 
any guide, college-educated workers—software developers, paralegals, accountants—are most 
at risk (Massenkoff and McCrory 2026). But this is highly uncertain. Fast advances in robotics 
and autonomous vehicles would affect different jobs. And the employment of less-educated 
white-collar workers, like those in data entry or customer service, might fall sooner (Richmond 
2026).  

In the event of widespread labor market disruption, displaced workers, regardless of their 
occupation, would need to quickly find jobs outside of their experience and training. An 
ambitious government, acting swiftly as in the COVID pandemic, would likely consider 
expanding retraining programs. Indeed, in a recent survey of economists, AI experts, and 
superforecasters, “Retraining support” was the most favored policy response to AI-driven job 
loss, beating out enhanced unemployment insurance, a jobs guarantee, and universal basic 
income (Karger et al. 2026).  

This report takes this possibility seriously by reviewing what we know about how well training 
has worked in the past. We hope to help calibrate people’s expectations for a large scale-up of 
retraining programs in the event of rapid and disruptive AI diffusion, and to identify the most 
pressing areas for research. 

We find a substantial body of training initiatives to study. Since the Kennedy Administration, the 
federal government has spent billions of dollars yearly on job training. In 2017, the US 
government spent $14 billion per year on job search assistance, counseling, and worker 
retraining, and reached an estimated 10.7 million people (GAO 2019, Figure 4).  

The track record for this spending, as we shall see, is mixed. A recent White House report 
described these programs as “largely ineffective” (CEA 2019). But a few private programs have 
achieved remarkable results by working closely with employers, and these results have been 
validated by high-quality, randomized studies. 

The body of evidence and experience is of course an imperfect match for an AI-disrupted future. 
If layoffs mainly affect white-collar workers, the new raft of long-term unemployed would be the 
most educated and highly paid in history. These workers on average have more liquid savings 
and know how to navigate the job market (Manning and Aguirre 2026). If they do return to 
school, it could take them years to reskill. The evidence gathered here is about training 
programs that last weeks or months and mostly target low-income people on the margins of the 
job market. Retraining for the highest skilled workers may look more like a compressed 
mid-career master’s degree, and future research should consider how traditional degree 
programs could be expanded and repurposed for this scenario. Still, we see durable lessons in 
the programs we study here—and the bulk of retraining efforts may yet concentrate on workers 
in exposed lower-wage roles. 
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This project is not purely a systematic review, nor more specifically a meta-analysis. It was not 
structured from the start to mechanically filter and synthesize findings—though we do ultimately 
conduct a meta-analysis. Our primary approach is to make intensive use of our judgment to 
think critically about the findings and claims in individual studies and the portrait they paint. 
Alongside deep assessments of the findings in the best studies in this area, we provide a history 
of job training initiatives and evaluation in America. By carefully digging into the details of 
program implementation, we draw lessons about program design and challenges that go 
beyond headline effect sizes. In particular, in this review we: 
 

-​ Impose a high evidentiary standard. We favor randomized trials, along with studies that 
make prima facie plausible claims to frame compelling natural experiments. Designs in 
the latter category include regression discontinuity and “judge randomization.”3 

 
-​ Aggressively search for studies meeting this standard.4 We find 7 randomized or 

discontinuity-based studies of interventions in Europe involving training; a pair of 
judge-randomization studies from the US and Denmark; and 56 randomized studies in 
the US. 
 

-​ Synopsize the US experiments—146 impact estimates from 56 studies—with a new 
meta-analysis. Since most of the experiments are documented by long reports submitted 
to government agencies, Claude is used to extract traits and impacts. No previous 
meta-analysis has included nearly so many US-based randomized studies. 
 

-​ Individually review the most important national studies in the US, along with the 
European and judge-randomization studies, to surface key challenges in program 
implementation and assessment. 
 

-​ Engage in more depth with the research on “sector programs,” which intensively screen 
applicants, work closely with employers on curriculum design, and have some of the 
most promising results—in some cases boosting earnings by $5–10,000/year. 

 

4 “Aggressive” searching included scanning reports that were not previously online, at the Library of 
Congress and the Department of Labor library; contacting staff at organizations that produced certain 
reports, in search of copies; tracking down authors now in retirement; scouring the 2005 Digest of Social 
Experiments; and following up on studies listed in earlier reviews as in-progress. 

3 We do not claim to have perfectly applied our “high evidentiary standard.” Notably, we do not cover any 
matching studies even though some are arguably as credible as research we include. Circa 2000, a lively 
debate played out among economists over the reliability of matching methods (Dehejia and Wahba 1999, 
2002; Smith and Todd 2005). Both sides analyzed job training. All agreed that a matching study is more 
credible when it passes a placebo check, estimating null impacts on pre-treatment outcomes; and that 
this is especially the case when the pre-treatment time series is long. Still, the literature continues to 
question placebo-passed matching (Arceneaux, Gerber, and Green 2010; Griffen and Todd 2017). A good 
recent example of such matching, which we do not include, is the Rothstein et al. (2022) evaluation of 
training programs in California. Such studies arguably deserve as much weight as Hyman (2018), which 
we cover in §5.1, and whose (partial) credibility rests in part on a placebo check. 
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The main findings follow. 

1.1 In the US, average impacts are positive but not transformative. 
In the randomized studies in the US, the impacts on employment and earnings range from 
negative to positive, but tilt positive. Not all of the studies included in our meta-analysis deliver 
training exclusively; some bundle multiple features. The programs in which training was a 
primary component lifted employment by an average 2.8 percentage points in the second year 
after randomized assignment to treatment, and 1.7 points in years 3–5. The impacts on pre-tax 
earnings are $1,139 and $791 per year (in 2025 dollars). All these averages are highly 
significant, statistically.5 See Table 2 in §6.5.2. (Impacts are expressed per person offered 
training, rather than per person trained, the two differing when some treatment group members 
drop out or control group members get into the program.) These and many more meta-analytical 
results can be explored graphically at this GitHub page. 
 
The raw data on earnings impacts is depicted in Figure 1, which plots impacts in dollars per 
year against the number of years since the start of an experiment. From each study write-up, 
the point estimates are extracted at the finest time resolution provided, usually monthly, 
quarterly, or yearly. Interventions in which training was a primary component—“training-primary” 
interventions—are given solid circles and the rest, hollow. All estimates are plotted in grey 
except for a few programs whose dots are connected and colored for prominence—blues for the 
large federal programs and magentas for the high-impact sector programs; they will be 
introduced below. One can see that more earnings impacts are positive than negative, and that 
most studies stop following subjects by year six. 

1.2 Monetary benefits exceed costs on average, under reasonable but debatable 
assumptions. 
Among the 67% of training-primary interventions whose write-ups include cost information, costs 
average $13,598 per treatment group member. Fully accounting for the benefits requires 
projecting the long-run impacts, since most studies observe subjects for just a few years. We 
estimate that the net present value (NPV) of impacts on earnings, tracking a stream of benefits 
that lasts to retirement, is $14,146. It rises to $19,525 when including employer-paid taxes and 
other fringe benefits. (See §6.5.3 and Appendix G.) In light of the great uncertainties in the 
projection of impacts, this result should be read as a little better than break-even. Interestingly, 
training programs ultimately generate flows to government equal to about three-quarters of their 
costs, through higher tax revenue and lower use of public welfare. So when government funds 
them, the long-term fiscal cost is only ~24% of the upfront cost.6 

6 The payback is substantially lower if Social Security contributions are not viewed purely as taxes, but as 
securing future benefits for which the government is liable. 

5 Each of these results comes from a somewhat different set of underlying studies, since not all report 
impacts for both outcomes and both timeframes. The averages are random-effects means. The choice of 
timeframes is adapted from Card, Kluve, and Weber (2018), which splits follow-up into year 1, year 2, and 
beyond. Year-1 effects are omitted for concision because they often contain artifacts of being in training 
as distinct from having been trained. 
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1.3 The impacts of large-scale US programs are as small. 
The US government has commissioned randomized evaluations of three national workforce 
programs: 
 

-​ In the late 1980s, the Job Training Partnership Act (JTPA) lifted employment among 
low-income adults by about 2.3 points, from a base of about 70%.7 It lifted annual pay by 
$1,100 in 2025 dollars, from about $13,000 for women and $17,500 for men. There were 
no clear benefits for low-income youth (GAO 1996). 

-​ The Job Corps is an intensive residential program for young people that was enacted as 
part of the 1960s “war on poverty.” It did not affect employment or earnings in follow-ups 
extending 20 years, except for a transitory 1–2 percentage point employment bump in 
years 3–5 (Schochet 2021). 

-​ An evaluation of the Workforce Investment Act, the successor to the JTPA, returned 
essentially zeros for the programs for low-income adults and for dislocated workers 
(Fortson et al. 2017). Estimates were as often negative as positive and lacked statistical 
significance. One challenge was a low uptake differential: many people offered training 
did not take it, while many in the control group found training anyway. As a result, the 
treatment-control difference in participation was only 15 percentage points. 

 
The earnings impact estimates from these studies are highlighted in blues in Figure 1. 

1.4 Average effects are higher per trainee than per person offered training. 
The evidence we draw from is muddied by non-compliance, which is when treated people drop 
out of the program or the control group receives training. In our collection of trials, treated 
individuals are 66 percentage points more likely to receive the targeted training and only 28 
percentage points more likely to receive any training compared to the control group.  
 
Our main estimates give the average impact of an offer, regardless of whether people complied. 
This tells us about a program’s effectiveness in its context. It’s arguable though that we should 
imagine a world with fuller compliance: much higher participation among those with offers, and 
much lower participation among those without due to a shortage of programs. We can calculate 
impacts per trainee from the existing studies by scaling up the estimates with the fraction 
impacted by the offer. We find that this estimate, likely an upper bound, is about 2–4 times 
higher than our main estimates, although it does not change the benefit-cost picture. 

1.5 The evidence on programs to help dislocated workers—whose unemployment or 
low pay is more attributable to large-scale economic changes such as 
deindustrialization—is sparser and mixed. 

-​ A Denmark study that exploits arbitrariness in assignment to caseworkers—by day of 
month of the client’s birth—finds that an average 52 days of classroom-based training 
helped people change occupations; the effect was possibly larger for people coming out 

7Figures approximate average results for years 3–5. See Figure 4. 
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of occupations exposed to offshoring. The study does not detect similar effects for 
on-the-job training (Humlum, Munch, and Rasmussen 2025). 
 

-​ A similar study of Trade Adjustment Assistance (TAA) in the US, but with a weaker claim 
to arbitrary assignment, reports that workers who could access the support did go on to 
work more and earn more. Sometimes they did so by changing occupations or locations. 
Since the assistance included both training and an extension of unemployment 
insurance, the effects of training per se cannot be distinguished (Hyman 2018). 
 

-​ As mentioned, the evaluation of the 1998 Workforce Investment Act’s (WIA) dislocated 
worker program essentially returned zeros. The experiment did not include people 
eligible for TAA (Fortson et al. 2017). 
 

-​ Randomized studies of pilot programs for dislocated workers in New Jersey (Corson et 
al. 1989) and Texas (Bloom 1990) find that a combination of job search assistance and 
training was no better than job search assistance alone for reducing unemployment 
within 12 months. 

 
We also find suggestive evidence that some programs that bundle other features alongside 
training perform well. Trainings backed by a hiring commitment from employers increase the 
earnings of admitted students an order of magnitude more than the average program, although 
this is driven by just three programs. 

1.6 Some “sector programs” stand out, with large and sustained benefits. 

In the evidence base on US programs, one cluster stands out with programs that easily pay for 
themselves. These programs work closely with employers, screen job seekers, teach them 
occupational and work-readiness skills, and place them in quality jobs in specific high-demand 
industries. Experts have converged on “sectoral strategy” and “sector program” as labels for 
these training approaches (Conway and Giloth 2014, Katz et al. 2022).8 Some of them, like Year 
Up (Fein and Dastrup 2022) and Per Scholas (Maguire et al. 2010; Schaberg and Greenberg 
2020), are marked in shades of magenta in Figure 1. 

8 It is difficult to offer a pithy definition. As Conway and Giloth (2014) observe, “the range of tactics and 
the variety of institutions that may be involved in an initiative make drawing a tight boundary around the 
field of sectoral employment development challenging.” A helpful characterization comes from Katz et al. 
(2022): “Sectoral employment programs train job seekers for ‘high-quality’ employment in specific 
industries and occupational clusters that are believed to have strong current local labor demand and 
opportunities for longer-term career advancement… The programs attempt to forge strong employer 
relationships, do some upfront screening of applicants, combine soft skills (or work-readiness) training 
with occupational skills training, are involved in job development and placement, provide wraparound 
support services to help participants complete the program, and often include follow-up services to 
participants after program completion and to employers after job placement.” Hendra et al. (2016) are 
more specific about employer involvement: “To qualify as a sector program, an initiative must bring 
together multiple employers in a given field to collaborate on developing a qualified workforce.” In our 
meta-analysis, we use employer involvement with the training curricula as a key distinguishing factor.  
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Our sample of randomized studies covers the sector programs marked in magenta as well as 
others that have not performed as well, at least within the evaluation periods. As a group, the 
sector programs cost no more than training-primary programs—$11,602 versus $13,598 per 
treatment group member, on average. Yet the discounted present value of their impacts on 
pre-tax earnings comes to $60,319 instead of $14,146. The 7x benefit-cost ratio is not as large 
as that for the most successful ones. But it is still enough that if the government successfully ran 
such programs, they would pay for themselves through higher tax revenues and lower use of 
public benefits. 

Sector programs trained people for a wide range of jobs, including IT support and computer 
repair, software development, medical assisting, nursing, medical billing, construction, building 
maintenance, manufacturing, accounting, and bookkeeping. While more research is needed to 
determine which traits are key to their success—and not all sector programs have produced 
such impressive results—several factors probably matter: 

-​ The programs are selective. An evaluation of Per Scholas and three other programs 
reports that the programs take about 1 in 5 applicants (Hendra et al. 2016, p. 34). 
Demanding application processes, with multiple interviews and/or take-home work, 
select for people who have the need, grit, ability, and family support to throw themselves 
into this challenging experience. 
 

-​ Over timescales measured in months, the programs teach both vocational skills, such as 
would be needed for entry-level work at data centers and hospitals, and “soft skills” in 
comportment in job interviews and the workplace. 
 

-​ The programs work hand-in-glove with employers to determine what skill gaps they need 
to fill now, and even to set up hiring pipelines. The Wisconsin Regional Training 
Partnership in Milwaukee (Maguire et al. 2010), for example, ran 2- to 8-week trainings 
in response to specific requests from employers. 
 

-​ All are privately run. Among other things, this makes it easier for them to screen 
applicants and adapt curricula to changing market conditions. 

 
Successful sector programs should be seen in part as arbitrageurs or matchmakers. They 
achieve outsized returns by connecting employees and employers who would not otherwise 
have connected: employees who might not have imagined that they could work at 
JPMorganChase or Amazon, employers who have not committed the resources, or developed 
the skills in-house, to effectively recruit from low-income demographics. 
 
For arbitrage to pay off takes both skills and opportunity. The skills are uncommon: the best 
industry-partnership organizers blend a social worker’s desire to help the unemployed with an 
HR professional’s responsiveness to the needs of a large employer (Dedrick 2014). As for the 
opportunity, it arises when there exist employees and employers who can work together and yet 
would not find each other on their own. 
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Even with similar approaches, the conditions for success are not universally present. An attempt 
to replicate one strong program, the CET in San Jose, failed at all 14 trial sites, including 4 run 
by the CET itself outside of San Jose (Miller et al. 2005). Only two replications of the sector 
approach have boosted clients’ incomes in a randomized trial: the expansion of Year Up outside 
its Boston home (Fein and Dastrup 2022); and St. Nicks Alliance in New York, one of three new 
sites in the WorkAdvance demonstration (Yusim et al. 2025, Table 3). 
 

 
Figure 1. Earnings impacts in 56 randomized evaluations of job training programs in the 
US 
Notes: All impact estimates are extracted and plotted at the finest temporal resolution in the primary 
sources, and expressed in 2025 dollars per treatment group member per year. Results from federal 
programs are colored in blues and certain selected high-impact “sector programs” in magentas. Within 
each color family, the shades serve only to distinguish programs. All other results are plotted in grey. 
Interventions in which training was a primary component get solid circles, and the others, hollow. Each 
colored series is labeled directly at its end. Per Scholas was the subject of two studies. “JTPA” is the Job 
Training Partnership Act. “WIA-low income” and “WIA-dislocated” are two service tracks under the 
Workforce Investment Act. The JTPA impacts for young people and the WIA impacts are not statistically 
significant. For legibility, a high value from the seminal Wildcat experiment in the 1970s is omitted. 

1.7 The sector approach can probably help society respond to AI’s disruption of work. 
But the approach is not formulaic and will probably fail if treated as such. 
The challenge of replicating sector programs would surely be compounded in any effort to scale 
them up on a crash basis, whether led by public or private funders. In pondering the failures to 
replicate the CET, the evaluators noted that “CET-San Jose [has] grown organically over 20 
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years, with an unusually committed founder and staff, [and] very strong ties to the local 
community.” As a result, “perhaps a homegrown model like CET cannot be easily exported in a 
top-down way to other areas” (Miller et al. 2005). 
 
Properly executed, an effort to expand sector programs could explore these possibilities, 
working with organizations with established competence. Scaling any training program is not 
guaranteed to work. But that risk implies that we should supercharge effective experimentation 
now, rather than wait for an employment emergency. If effective training requires organizational 
legitimacy and deep ties to employers, it is better to start scaling successful programs now than 
wait for a single, top-down federal response. A rigorous approach would pay dividends even by 
cataloging the failures. 
 
The next section of this report provides background information. Section 3 then delineates some 
cross-cutting critical themes. Section 4 gives special attention to a historical sequence of four 
major American randomized evaluations of job training, which provide most of our 
high-credibility evidence on training at scale. Section 5 turns to certain non-randomized studies 
that make prima facie claims to high-credibility impact estimation. Section 6 reviews past 
meta-analyses and then introduces a new one, of randomized studies in the US. Section 7 
covers the history and evidence on sector programs. Section 8 concludes with thoughts on how 
to extrapolate from this evidence base to a future in which the world of work is disrupted by AI. 
In Appendices C and D, we review the limited high-credibility evidence from Europe. 

2 Background 

2.1 Types of training 
Governments and private organizations have employed many techniques to help people get 
jobs, and get better jobs. Among them: 
 

Career Navigation 
1.​ Maintenance and sharing of job listings. 
2.​ Assistance with the mechanics of searching for a job.​

Direct workforce training ​  
3.​ Teaching “soft skills,” such as how to dress for and comport oneself in a job interview 

and in the workplace. 
4.​ Classroom teaching in academic fundamentals (adult basic education). 
5.​ Teaching vocational skills.​

Work-based learning 
6.​ On-the-job training. 
7.​ Apprenticeships. 
8.​ Subsidies for private-sector employment. 
9.​ Direct public employment of people who need work. 
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We will generally limit our review of job training programs to items 3–6. However, this 
conception contains a few complications: 
 

-​ In practice, items 6 and 8 are hard to distinguish. Commenting on an earlier draft of this 
report, Richard Hendra of MDRC told us that most “on-the-job training” in the US rarely 
involves formal training. Of course, even without a curriculum, subsidized employment 
can educate people and move them into new careers. 

-​ Most workforce programs mix approaches—e.g., perhaps job search assistance coupled 
with a payment for training. In the meta-analysis in §6.5, we will distinguish roughly 
between “training-primary” programs, in which training is a primary feature according to 
Claude’s reading of reports, and training-secondary ones. 

 
In general, we are interested in programs to help people move to new occupations, usually by 
investing in their skills in some way. Several of the left-out items certainly deserve further 
attention. The US apprenticeship program is large, with 678,014 apprentices active in 2025 
(ETA 2025). But in our initial searches, high-quality evidence on their effectiveness was scarce. 
Also, cutting-edge job matching approaches might be a crucial (and low-cost) tool for dealing 
with labor market disruption. 

3 Critical themes 
Most of the studies we cover exploit randomization in order to rigorously estimate the impact of 
job training on employment and earnings. But even the methodological armor of randomization 
has chinks. In learning from the research, it is important to think critically about the ways that 
studies may fail to measure what they aspire to measure (what is called internal validity) and 
how well their results generalize (external validity). 
 
Before exploring the landscape with a magnifying glass, this section therefore inventories some 
cross-cutting, critical themes from a greater distance. We review more related themes in 
Appendix A, including whether participants’ gains come at the expense of other workers (A.4) 
and whether training pays off by building new skills or by “signaling” pre-existing talents (A.6). 

3.1 The importance of randomization 
To know if a social program works, you need to somehow measure how participants would have 
fared in the absence of the program. Often, researchers compare people’s incomes before vs. 
after the training. This is fraught since people might sign up specifically because their earnings 
have taken a hit; most of them will see their income recover regardless of training. (This 
confound is called Ashenfelter’s dip. We provide a brief review of this intellectual history in 
Appendix A.2.)  
 
The most powerful fix is the simplest in concept: randomization. If an experimenter flips a coin to 
decide who gets access to a training program, then the treated and control groups have 
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matching past trajectories on average. Experience has shown that without this feature, even 
studies with aggressive controls and cutting-edge empirical strategies can lead readers astray. 
For years, cardiologists took vitamin E because careful observational studies found a persistent 
correlation between dietary vitamin E and heart health; randomized trials ultimately ruled this 
out (Lee et al. 2005; Abner et al. 2011). The negligible benefits found in a recent large-scale 
study of guaranteed income were startling in part because a myriad of non-randomized studies 
had found that just a little cash would go a long way (Miller et al. 2024). And even one of the 
shining sectoral programs we review has put out annual reports with non-causal estimates 
suggesting an 8x larger wage gain than was recorded in its randomized trial. 
 
This is why we devote most of our attention to randomized evaluations, and a few observational 
studies with a claim to pseudo-randomization. There are some newer programs with suggestive 
observational results. But without randomized evidence, and given the long trail of initially 
promising failures, we might default to “ineffective until credibly proven otherwise.”  
 
While randomization is a powerful tool for causal inference, even randomized studies need to be 
read and interpreted with a critical eye. Much of the rest of this section reviews critical themes 
that apply even to the best job training evaluations. 

3.2 Imperfect compliance 
Random assignment to job training does not guarantee perfect compliance, when everyone in 
the treatment group participates and no one in the control group does. Instead, an offer might 
have increased participation from, say, 25% (because one quarter of the control group sought 
out the program) to 50% (because half of the treatment group ignored the offer), just a 
25-percentage-point increase in participation. 
 
This complicates things. Without full compliance, researchers fall back to two notions of causal 
impact: the intention-to-treat (ITT) effect or, with additional assumptions, the local average 
treatment effect (LATE; Imbens and Angrist 1994). 
 
The ITT is the simple difference in outcomes between those who did and did not receive the 
offer, regardless of participation. So all else equal, when the impact on participation—25pp in 
the above example—is smaller, so is the ITT. In a market saturated with effective training 
programs, the ITT may be small just because the control group sought other similar programs. 
 
The LATE measures the impact on people whose participation was determined by the offer, 
calculated by dividing the ITT by the difference in participation. So if our experiment increased 
participation in training by 25pp, and its ITT was a $500 increase in income, the LATE is 
($500/25pp =) $2,000. Assuming the offer could only help you by exposing you to training, this 
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wedge of people must have been driving the $500 increase, so their benefit must have been 
$2,000.9  
 
Which is more helpful for understanding these impacts under labor market disruption? ITTs 
might be the best measure of a program’s overall impact in its context: if a program fails to 
recruit more people into a training, it may well be ineffectual (especially if the program and its 
competitors are about equally effective).10 But the LATE could indicate a program’s potential to 
help in a context where it is more needed and wanted (provided benefits do not fall much as 
participation broadens to a larger swath of people). This could make the LATE a better fit for 
modeling a world of AI-driven job displacement: one could imagine a limited supply of training 
and much more readiness to train among those offered seats. On the other hand, this readiness 
might also increase training receipt and general resourcefulness among those not offered spots.  
 
A final complication of the LATE is that sometimes study subjects participate in a separate 
training program, so that there are different ways to define it: the impact of the targeted training 
or the impact of any training at all (Kline and Walters 2016).  
 
We default to the ITT in what follows since it’s easier to define and seems just as likely to fit the 
future labor markets we imagine given the high uncertainty. But we also report the average 
increase in participation to convey how available training was in these different contexts, and so 
that interested readers can estimate the benefits in a world of fuller compliance. 

3.3 Attrition 
One econometric bugaboo not banished by randomization is the possibility of selective 
attrition—i.e., disappearance of subjects in a way that throws off the comparison between 
treatment and control groups. For example, some studies have tracked how much people work 
and earn over the years simply by asking them in follow-up interviews. But if people are less 
able or willing to talk to surveyors when they are out of a job, or in jail, or relapsing, then the 
people doing better in the labor market will figure disproportionately in the data. The unplanned 
narrowing of the sample could also narrow the apparent differences between treatment and 
control—an instance of negative attrition bias. One can also spin scenarios leading to positive 
attrition bias; it depends on who responds to the surveys. Thus, attrition bias is a known 
unknown. We don’t know how things went for those who exited the study early, so we don’t 
know how their presence would have affected the results. 
 
Fortunately, in job training research, one substantial remedy is available: government 
databases. In the US, state-level unemployment agencies, along with the Internal Revenue 
Service and the Social Security Administration, levy taxes on wage income, which come out of 
paychecks. And since the mid-1990s, the National Directory of New Hires has aggregated such 

10 See also Heckman et al. (1999) Section 5.2. 

9 This causal estimate only applies to a subset called the compliers—not people who would have always 
or never participated regardless of the offer. Their benefits might differ. Also, the LATE requires an 
assumption that the offer only affected outcomes through its impact on training. 
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data in order to track people who owe child support. Researchers frequently (and confidentially) 
link subjects’ social security numbers to such databases, with minimal attrition. 
 
While wage databases cover nearly everyone, they don’t paint a complete picture of a person’s 
work life. Some pay passes under the table. Gig workers don’t pay unemployment taxes so they 
don’t show up in unemployment databases. But people probably leave out at least as much 
information when being interviewed. Overall, linking to government data substantially dispels the 
worry about attrition bias (Ashenfelter 1978), but many studies—including half of the sector 
program evaluations—are limited to surveys. 

3.4 Academic vs non-academic publication 
It is well recognized that high-powered incentives in academia distort the findings that make it 
into journals (Christensen and Miguel 2018). In extreme cases, there is fraud. Probably more 
common are the phenomena of p-hacking (Simonsohn, Nelson, and Simmons 2014) and 
publication bias (Sterling 1959). Each is a filtration, one before submission to a journal and one 
after. 
 
The evidence reviewed here is relatively undistorted, for two reasons. First, most of the studies 
are of randomized trials. Their mathematical simplicity—comparing averages in the treatment 
and control groups—reduces (but does not eliminate) the discretion in running the numbers, 
thus the scope for mining for statistically significant results. In addition, randomized experiments 
are more expensive to run than desk-based analysis of downloaded data sets, and the sunk 
cost reduces the chance that the results will wind up in a file drawer. 
 
A final reason for low filtration is related: most studies reviewed here were funded by 
government agencies or foundations and carried out by non-academic research firms; for these 
entities, academic publication is secondary. Indeed, for the large majority of the studies covered 
here, the terminal publication is an evaluation report that was posted online or submitted to a 
government agency. 

3.5 Success is ephemeral 
Unlike, say, unemployment insurance, training programs constitute a variegated and nebulous 
class. They differ in where they operate, how they recruit, who they teach, what they teach, how 
they teach, how long they teach, and who is teaching. 
 
Organizations that run training programs are diverse too, in ways just as subtle. Reviewing 
research on attempts to replicate workforce programs that were deemed to “work” in their 
original instantiations, King (2014, pp. 211–13) lists 16 factors that can make or break a 
replication. Many cannot be summoned by bureaucratic fiat: “strong, shared leadership,” “a 
record of commitment to developing and implementing innovative practices,” “strong advance 
planning and ongoing communication among partners.” Organizations are in turn embedded in 
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contexts that bring to bear certain incentives—political, administrative, financial. This is one 
reason that scaling a program to serve more people can completely change how it functions.  
 
In the realm of job training, an example of the power of incentives comes from the history of the 
Job Training Partnership Act of 1982. As will be described in §4.2, the JTPA delegated the 
design of workforce programs to local actors while holding them accountable to performance 
standards. The strategy distorted implementation and fostered confusion among those 
overseeing it from afar. An act of Congress could not overcome Goodhart’s Law: when a 
measure becomes a target, it ceases to be a good measure.  
 
During the experimental evaluation of the JTPA, the research team discovered that sometimes 
after a person was randomized into the treatment group, the local agency, called an SDA, would 
hold off recording them as “enrolled” in the JTPA until they had found a classroom or workplace 
training spot, and sometimes even until they had demonstrated good attendance in the training. 
“Many SDAs have believed that they have discretion in defining the point at which individuals 
‘count’ in their performance measures and have responded to the system’s incentives by 
delaying enrollment” (Orr et al. 1994). And if staff responded to incentives after enrollment, 
surely they did before. With limited funding (Orr et al. 1994, p. 55), SDAs were subject to a 
powerful incentive to engage in “creaming,” as Senator Pete Domenici predicted during the 
Senate debate over the JTPA. “That is they will spend the resources provided by the Federal 
Government to work with people who are temporarily unemployed but who have good skills or 
significant work experience and could obtain other jobs without retraining.” Yet, when the JTPA 
was criticized in the press—or when the White House asked questions behind the 
scenes—Department of Labor officials would cite the performance statistics flowing up from the 
SDAs to show that the program was working.  
 
Empirically, researchers have found that scale-ups (Allcott 2015; Bold 2018) and 
government-run programs (Vivalt 2020) tend to do worse. In a more recent study, Bhatt et al. 
(2021) revisit the stunning reductions in crime attained by the Becoming a Man program for 
at-risk youth (Heller et al. 2017). They conclude: “In the later years with substantially larger 
program participation levels, we can no longer reject the null hypothesis that impacts equal 
zero.” In our report, we found three promising programs that were deliberately replicated or 
scaled and subjected to randomized evaluations: the Center for Employment Training (CET), 
replicated at 14 sites; Per Scholas, expanded through the WorkAdvance demonstration; and 
Year Up, scaled from three cities to eight. CET failed at every site and WorkAdvance’s new sites 
did worse than the original; only Year Up showed consistent gains.  
 
Thus, it is a live question for this review: if private charities, working with corporations and 
foundations, strike upon a promising system, can governments bring it to far more people 
without denaturing it? If key traits for success are not only ephemeral but fragile, then they can 
be distorted away by a new administrative and incentive regime. Yet there is a place for funders 
to monitor performance and base funding on it. The challenge is to determine which broad 
program features matter for success, and then to track and reward local agencies for 
implementing those features while allowing flexibility on specifics. 
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4 Major American randomized evaluations 
For 50 years, the US government has led the way in generating high-quality evidence on the 
impact of job training. This section reviews a sequence of four major studies that form the spine 
of this history. The first, with massive federal funding, sought to demonstrate and test the 
“supported work” approach to helping people enter the workforce. The other three evaluated 
ongoing federal programs; they speak to how job training has worked at scale (see Appendix 
A.1). 

4.1 The National Supported Work Demonstration 

4.1.1 The initial study 
Workforce programs have a storied history in economics. Probably no other subject in 
economics has inspired as much randomized research. And no other has contributed as much 
to the “credibility revolution” in economics (Angrist and Pischke 2010), which has elevated 
norms about evidence when studying causal relationships. (See Appendix A.2.) 
 
The first major randomized experiment in workforce development was the National Supported 
Work Demonstration (NSWD). It was conceived as a prudent steppingstone between a small but 
promising program in New York City and a potential nationwide rollout. The method of 
“supported work” had been refined by the Vera Institute of Justice in the 1970s through years of 
experimentation—and the world’s first randomized trial of job training. The project offered 
participants 12–18 months of paid work in small peer crews, under close supervision, followed 
by help with transitioning into unsubsidized work (Vera Institute of Justice 1976).11 Typical 
occupations included construction, building maintenance, and daycare.12 
 
With leadership from the Ford Foundation, five departments of the federal government joined 
the foundation in pouring a remarkable $82.4 million into the demonstration and randomized 
evaluation of supported work (four times that in today’s dollars; MDRC 1980, pp. 15, 19; Auletta 
1982, p. 47). To execute the demonstration, the funders created a new non-profit, the Manpower 
Demonstration Research Corporation. In turn, MDRC recruited 14 organizations to carry out the 
project in their service areas. Most service areas were major cities, including Atlanta and 
Philadelphia; a few were rural, such as north-central West Virginia. Four were dropped for not 
implementing the model fully enough. The demonstration ran from March 1975 to December 
1978 (MDRC 1980, pp. 22, 30). 
 

12See also Gary Walker, testimony of March 12, 1980, in U.S. Senate Committee on Labor and Human 
Resources (1980, 342). 

11The origin of supported work is itself a remarkable story. See the New York Times Magazine story, 
Porter (1974), and the Wikipedia article on Herbert Sturz. 

16



Vocational training was not a major feature of the program.13 However, the New York site (the 
original model) routed some participants into classes in typing and basic workplace skills. 
Students in one of these cohorts would become the main characters in Ken Auletta’s three-part 
series for the New Yorker, and his 1982 book,14 The Underclass. 
 
A separate entity, Mathematica Policy Research, ran the experiment and analyzed the data. The 
computerized coin tosses sending subjects to the treatment or control arm took place only after 
they had expressed interest in the program and cleared initial screening. Across 10 sites, 6,616 
people entered the experiment, evenly split between treatment and control (MDRC 1980, p. 4). 
The people assigned to the treatment arm constituted a third of the 10,043 participants in the 
demonstration. Subjects were purposively drawn from four tough-to-serve populations: women 
who had been on Aid to Families with Dependent Children (AFDC) for at least 30 of the past 36 
months and whose youngest child was at least 6; addicts recently in treatment; ex-offenders 
recently released from prison or jail; and teenagers who had recently dropped out of school.15 
The last three were 80–94% male. All groups were about 80% black and 10% Hispanic; their 
members had spent an average of 10 years in school (MDRC 1980, p. 32). 
 
Mathematica tracked employment, wages, and other outcomes by repeatedly surveying the 
subjects—at baseline (the moment of entry and randomization) and in follow-ups out to 36 
months. Several practicalities complicated the evolution of the samples. Not all programs 
launched at the start date, March 1975, with enough immediate scale to justify flying in an 
interview team. So the experiment began later in some places. To achieve statistical power, and 
to avoid an exclusive focus on the programs’ first year, when staff are learning rapidly through 
trial and error, the experiment continued taking in new people through July 1977. Since 
follow-up interviews largely ceased on March 30, 1979, the samples shrink as one moves to 
longer follow-ups. The programs that got off to a fast start, notably in Philadelphia and Jersey 
City, account for more of the 36-month follow-up. In addition, there was attrition (see §3.3): 
some people didn’t show for interviews, didn’t agree to be interviewed, or couldn’t be found 
through phone calls or door knocks. This happened more among people in the control group, 
which is unsurprising since they were less connected to the program. 84% of women in the 
AFDC group were interviewed at 18 months, and about 70% of participants in the other groups 
were (MPR and SSS 2004, pp. 21–22). 
 
It appears from partial information that most subjects adhered to their treatment assignment. 
95% of women in the AFDC treatment group accepted the offer of supported work. Only 11% in 
the AFDC control group managed to obtain it; likewise only 3% of the ex-addicts and 4% of the 
youth (Heckman et al. 2000, Table I). As a result, the LATEs of program participation are close 
to the ITTs (see §3.2). No information is available on how many control subjects found training 
elsewhere, making it impossible to calculate LATEs for training per se. 

15Precise group definitions are in MDRC (1980), Table 2-2. 
14Auletta (1981a, 1981b, 1981c). 

13“Supported work guidelines did… permit 25 percent of paid time to be used for support services… 
defined as “work-related.” These included orientation, skill training, and job readiness and placement 
activities. But generally, local programs made only limited use of this feature.” (MDRC 1980, p. 24) 
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Figure 2 and Figure 3 tell the evaluation’s main statistical stories: how employment and earnings 
evolved in the treatment and control groups. In all the plots, the control group curves rise with 
time since randomization. Attrition could help explain this seeming improvement.16 The country’s 
improving economy may also have played a role: between quarter 1 (Q1) of 1975 and Q1 of 
1979 the unemployment rate for blacks fell from 14.5% to 12.6%.17 And earnings and 
employment rise with age in early adulthood. But probably the largest factor is regression to the 
mean: in a group of people who are down enough on their luck to qualify for the program at a 
particular moment, it would not be surprising if more of them saw their circumstances improve 
than not, even absent supported work.18 
 

18One variant of this story is that those in the control group improved their lot on average through other 
employment programs, such as the government’s Work Incentive (WIN) and the Comprehensive 
Employment Training Act (CETA) programs. However, the control group members reported no rise in their 
participation in these programs (MDRC 1980, p. 56). 

17U.S. Bureau of Labor Statistics (n.d.), quarterly averages of the seasonally adjusted monthly series. 

16Attrition cannot explain the whole rise. If none of the 23% of control subjects who attrited by Q9 (MPR 
and SSS 2004, Table 5) were employed at that time, this would make the true Q9 employment rate 
26.8%, still well above the starting level of 19.4%. 
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Figure 2. Employment in National Supported Work Demonstration (1976–79) 
Notes: This figure shows the share employed in the treatment and control groups in the National 
Supported Work Demonstration by quarter after enrollment, separately for the four target groups. The 
dashed line shows the share of the treatment group employed in a supported-work job. Estimates are 
regression-adjusted for age, sex, race, education, prior work experience, household composition, site, 
and length of site operation. The shaded band marks the maximum permitted stay in supported work—12 
or 18 months, varied experimentally across sites. The dotted vertical line marks each group’s average 
actual stay. AFDC follow-up interviews ended at 27 months (quarter 9); the other groups were followed to 
36 months. Source: employment rates from MDRC (1980), Tables 4-1, 5-1, 6-1, and 7-1; maximum stay 
from p. 35; average length of participation from Table 2-7. 
 
The solid blue curves in the figures show how the treatment groups fared. Nearly all treatment 
group members were employed at the start because nearly all were engaged in supported work 
(dashed light blue lines). But many people left the program within months: they resigned in 
dissatisfaction, were fired or incarcerated, had to deal with family emergencies, or got a regular 
job.19 Yet while the fraction in supported work plunges within 18 months, the share with any work 
plateaus higher. For women on AFDC (upper left of Figure 2), the employment curve levels off 
just above 40%. The treatment-control difference—the ITT—settles at 7.1 percentage points 

19MDRC (1980), Table 2-7 presents statistics on departure by type for the entire program population, not 
just the experimental subsample. 
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(statistically significant at p < 0.1). The rest of Figure 2 shows employment results for the other 
samples. While a delay in the experiment’s start for the AFDC group meant that follow-up only 
extended for nine quarters, the other groups are followed for up to 3 years.20 All three of these 
other groups exhibit a peculiar pattern: as people leave the program, the treatment group’s 
curve descends all the way to the control group’s—implying no immediate impact—before rising 
above it somewhat in the final quarters. The MDRC report judges the gap for ex-addicts—17.2 
percentage points in the last quarter—to be statistically significant. It considers the impact for 
ex-offenders “marginal,” and perceives no positive result for youth. However, the commonality of 
the pattern across the three groups suggests that it is more than noise. 
 
The earnings patterns, in Figure 3, are similar. For women on AFDC, supported work boosts pay 
by $75/month in the final quarters of tracking, or $900/year. Earnings impacts are comparable 
for ex-addicts and even ex-offenders too, though not with as much statistical significance. 
 

20After the main report was released, MDRC did follow up on the AFDC group at 36 months. The data are 
in public use files (MDRC 2009, DS7) but we have not yet found a write-up, and cannot access the data 
since we are not affiliated with an ICPSR member. 
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Figure 3. Earnings in National Supported Work Demonstration (1976–79) 
Notes: This figure shows earnings in the treatment and control groups in the National Supported Work 
Demonstration by quarter after enrollment, separately for the four target groups. The estimates are 
regression-adjusted; see caption to Figure 2. Source: earnings from MDRC (1980), Tables 4-3, 5-3, 6-3, 
and 7-3; maximum stay from p. 35; average length of participation from Table 2-7. 
 
If the narrowing, then widening, of the impact in the ex-addict and ex-offender samples is signal, 
not just noise, what does it signify? It might mean exactly what it seems to mean: supported 
work helped the predominantly male groups too, if with a one-year delay after exit from the 
program. But MDRC (1980, pp. 85–88) is unable to confidently explain what would delay the 
benefit. A second possibility is a compositional effect: perhaps the local programs that 
increasingly dominated the sample in the final quarters of follow-up, such as Jersey City and 
Philadelphia, were also more effective. However, MDRC (1980, Figure 5-3) shows that among 
ex-addicts, the group in which the signal is strongest, the results do not change much if one 
eliminates compositional effects by restricting to people who completed all interview rounds. A 
third possibility is attrition bias. The clearest warning sign here would be a sharp drop in survey 
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response between Q9 and Q12. But there was no such plunge in that period (MPR and SSS 
2004, p. 21).21 
 
With some perplexity, we lean toward the first explanation: the delayed benefits found for 
ex-addicts and ex-offenders are real. 
 
Overall, the evaluation suggests that as participants exited supported work, a modest but 
detectable fraction of them obtained better work than they would have otherwise. The impact is 
clearest for mothers. 

4.1.2 A later follow-up 
After the main NSWD report was published in 1980—and after the Reagan administration all but 
shut down the demonstration in 1981 (Auletta 1999, p. 316)—one researcher studied its 
longer-term impacts by linking to Social Security data (Couch 1992). The data set had 
problems. Some people’s earnings information appeared to have been missing in 1980–81, 
missingness misleadingly coded with zeros (Couch 1992, p. 383). And the data tape Couch 
received covered only the AFDC and youth samples. Still, the linkage to government data 
appears to have been relatively free of attrition. 
 
Couch (1992) finds that wage impacts for AFDC women persisted through 1986, with some 
decay. The non-impacts on youth persisted too. For the women, the earnings bump averaged 
$441/year (in 1978 dollars) in 1982–86, with high statistical significance (Couch 1992, Table 1). 
That is about half the $900/year MDRC found through surveys circa 1979. 

4.1.3 The impacts in perspective 
By one standard, the NSWD was a smashing success: it produced new, credible information 
about who benefits from supported work. The results would not necessarily have been predicted 
with confidence, so they constituted genuine learnings (Ginzberg, Nathan, and Solow 1984, p. 
312). 
 
In a different respect, the demonstration failed, because it helped almost no one. Notice how, in 
Figure 2, the blue curves for the treatment group drop rapidly from the start: that is people 
leaving the program without completing it. Even the sustained 8-point treatment-control 
difference for the AFDC women is overstated in a certain (tendentious) sense, for it pertains to 

21MDRC (1980, pp. 48–49) says that “Sophisticated statistical tests were applied to the results to check 
for any bias because of differential rates of response to the interviews. (The tests indicated that the 
findings were substantially free from response bias.)” This appears to refer to Heckman selection 
modeling reported in Appendix A of the 18-month report (Maynard, Brown, and Schore 1979). While the 
analysis is intelligently done, we do not put much stock in it. It only extends to the 18-month follow-up. 
More important, for reliability, the Heckman model requires that variables be identified that affect survey 
participation and not the outcomes of interest. But all the baseline variables found to affect survey 
response, such as being over 35 and not having been incarcerated in the last six months (Maynard, 
Brown, and Schore 1979, Table A-4), also plausibly predict outcomes. On the importance of exclusion 
restrictions even when the model is formally identified without, see Roodman (2011, §2.2). 
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the subset of women who chose to apply to the program and thus enter the randomization 
lottery. A passing statement in the final report (MDRC 1980, p. 43, note 1) suggests that roughly 
a third of women eligible for the program applied. Thus, the job impact among eligibles was 
about 8/3 ≈ 2.5 points.22 
 
Ken Auletta’s The Underclass imbues these small numbers with living texture, by sharing what 
he saw in supported-work classes in New York: 
 

In the first several weeks of the training regimen, the enrollment… dwindled from 
twenty-two to sixteen. Ronald Brooks was arrested; Phillip Rivers, Earl Billings, 
Larry Pearl, and Stanley Lawrence were dismissed from the program for excessive 
absences and lateness; Liza Lance quit, because, Smith said, “she doesn’t feel she 
can make it—she feels that everyone in the class is smarter than she is.” [p. 26] 

 
Later, Auletta updates us on the academic survival rate. Five more left because of “poor 
attitudes.” “In each case, lack of patience or motivation or an enfeebled sense of self played 
pivotal roles” (p. 276). 
 
The balanced take here is that a) boosting employment 8 points in a group chosen precisely 
because it was hard to help is an achievement and b) the intervention did not come close to 
working for everyone. 

4.1.4 Benchmarking non-randomized evaluations of the NSWD 
In the early 1980s, Senator Dan Quayle spearheaded, and Ronald Reagan signed, the Job 
Training Partnership Act, whose evaluation will be discussed just below. Like predecessor laws, 
the JTPA ordered the Secretary of Labor to evaluate the programs authorized by the act (Public 
Law 97-300, §454). For guidance, the Department of Labor (DOL) assembled an advisory 
panel, which commissioned papers from academics and professional evaluators (JTLSRAP 
1985; Stromsdorfer 1987). The inquiry focused on whether the DOL ought to randomize its 
evaluation of the JTPA. 
 
The data from the supported work demonstration became a touchstone in the debate. In turn, 
that debate ultimately influenced our decision to heavily favor randomized trials in this review. 
 
Several researchers performed studies that analyzed the data as if there had been no 
randomization. In particular, Fraker and Maynard (1984) and LaLonde (1986) construct control 
groups from data outside the NSWD. Then they benchmark the non-randomized estimates 
against the more trustworthy randomized ones. For example, according to Fraker and Maynard 
(1984, Table IV.2), where the randomized study puts the impact on youth earnings in 1979 at $7, 
various non-randomized estimates range between –$617 and –$1,982. In a joint summary of 

22The footnote in the MDRC report states that if they had randomized within a group of known eligibles 
rather than among applicants, they would have needed a sample of 20,000 rather than 6,600 to preserve 
statistical power. 
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the parallel projects, LaLonde and Maynard (1987) concludes that “the current skepticism 
surrounding the results of nonexperimental evaluations is justified.” 
 
While Fraker and Maynard (1984) was written on contract and delivered to an office of the DOL, 
LaLonde (1986) appeared in a top economics journal and exercised vastly more influence.23 In 
an essay that now stands as a shorthand for the credibility revolution, Angrist and Pischke 
(2010) record: 
 

Accounting for the origins of the credibility revolution in empirical economics is like 
trying to chart the birth of rock and roll. Early influences are many, and every fan 
has a story. But from the trenches of empirical labor economics, we see an 
important impetus for better designs and more randomized trials coming from 
studies questioning the reliability of econometric evaluations of subsidized 
government training programs. A landmark here is Lalonde (1986)…. 

 
In the 1980s, as part of the DOL’s advisory panel, James Heckman swam against the tide of 
skepticism of non-randomized evaluation. He and junior coauthors penned a retort to Fraker, 
Maynard, LaLonde, and others: “The recent denunciation of nonexperimental methods for 
evaluating manpower training effects is premature…. This article… presents a more 
optimistic—and realistic—statement about the value of nonexperimental methods in analyzing 
the effects of training programs on earnings” (Heckman, Hotz, and Dabos 1987). Their 
argument, developed further in Heckman and Hotz (1989), was not that the DOL should blithely 
rely on non-experimental evaluations. It was that non-experimental ones are often all that are 
available, in part because of their advantages in speed and cost. And when reviewing 
non-randomized research, there are ways to separate the wheat from the chaff. The main 
winnowing tool is now called a “placebo check.” A reliable evaluation method, when used to 
estimate impacts on a pre-intervention outcome, such as earnings before entering supported 
work, should usually return a null result. 
 
The debate continued for decades, as researchers devised complicated new methods for 
synthesizing control groups in the absence of randomization. Along the way, the scholarly 
discourse produced many estimates of the impacts of the NSWD. A recent essay, Imbens and 
Xu (2025), reviews the 40 years since LaLonde (1986). The retrospective concludes that 
non-randomized methods have improved. And it concurs with Heckman and coauthors on the 
importance of placebo checks.24 To illustrate, Imbens and Xu (2025) checks a host of complex, 
modern methods using two versions of the NSWD data set. All of the non-randomized methods 
fail the placebo checks (Imbens and Xu 2025, Figure 4). All estimate that supported work 

24Imbens and Xu (2025) seems not to appreciate that Heckman, Hotz, and Dabos (1987) and Heckman 
and Hotz (1989) make this point. “Heckman and Hotz (1989) responded to LaLonde’s critique of 
nonexperimental evaluation methods by advocating the use of specification tests to rule out particularly 
poor estimators. However, this approach did not offer a clear way to distinguish among the many 
estimators that fit the data reasonably well but rely on different identification assumptions. As a result, it 
gained limited traction in subsequent work.” It seems to me that one of the “specification tests” was a 
placebo check. 

23We posted Fraker and Maynard (1984) on archive.org. 
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reduced the earnings of men in 1975 before they entered the program. In contrast, the simple, 
randomized treatment-control comparisons are near zero, as they should be. 
 
In effect, Imbens and Xu’s retrospective validates the DOL’s decision in the late 1980s: after 
hearing out the economists’ debate, it launched a randomized evaluation of the JTPA. 

4.2 The Job Training Partnership Act study 
The JTPA established, reorganized, or overhauled a string of workforce programs for veterans, 
Native Americans, people with disabilities, people dislocated by mass layoffs, and low-income 
workers of the types targeted in the NSWD. In the late 1980s, the DOL commissioned a 
randomized evaluation for the last category (Title II-A of the act), in particular, the programs that 
ran year-round, as distinct from the summer programs for young people. 
 
The legal framework of the JTPA delegated responsibility for these training programs to the 
states. The states in turn subdivided their territories into Service Delivery Areas (SDAs), and for 
each created a Private Industry Council (PIC) with a majority of members from industry, a 
minority from labor and education organizations, and none from government. The PICs 
contracted with local entities to carry out trainings. In return for the freedom to devise local 
solutions, PICs were subject to performance standards enforced by the threat of funding cuts. 
This structure embodied the philosophy of “new federalism”: it was better for the federal 
government to minimize direct involvement in administration, grant freedom to states, and hold 
providers accountable for results (Courty and Marschke 2011). In practice “results” were not 
impacts—which are hard to measure—but outcomes, such as the percentage of enrollees 
exiting a training program into full-time employment. 
 
To put a going, national program to the randomized test was to our knowledge unprecedented. 
And the decentralized administration of this national program fundamentally affected the 
meaning of the results. Beyond the control of the researchers, different SDAs could recruit 
different clients and offer them different services. “It was not possible,” wrote the researchers, 
“both to achieve our mandate to examine the impact of JTPA programs as they were being 
operated at the time… and to isolate the effect of receiving a particular program service” (Orr et 
al. 1994). At the same time, the evaluation could give a sharper answer to a different question: 
what happens when the federal government does training in a nationwide, decentralized way? 
 
The study team had hoped to run their experiment at a random subset of the country’s 649 
SDAs. This would have made the results more nationally representative. That proved 
impossible, for most SDAs were not interested in randomly rejecting a slice of their recruits, for 
the sorts of reasons outlined in Appendix A.5. “In the end, it was necessary to approach over 
200 training centers in order to find 16 willing to take part in the experiment” (Doolittle and 
Traeger 1990). And to control costs, the team generally had to exclude both the smallest SDAs 
and the largest—the smallest because they would not recruit enough subjects and the largest 
because there, many separate organizations ran intake and recruitment (in Los Angeles, more 
than 50; Orr et al. 1994, p. 41), complicating the logistics of the evaluation. Still, the final sample 

25



of 16 SDAs included the urban areas of Oakland and Jersey City, and nearly matched national 
averages for unemployment, wage earnings, and percent employed in manufacturing, mining, or 
agriculture (Orr et al. 1994, Exhibits 3.1, 3.3). 
 
Random assignment took place between November 1987 and September 1989. The study 
followed a substantial 15,981 subjects through the 30-month anniversary of their treatment 
assignments. Subjects were split 2:1 between treatment and control. This tilt reduced statistical 
power but nodded to the SDAs’ reluctance to turn away promising applicants. Results were 
tracked for four subgroups: male and female, youth (aged 16–21) and adults (22+). 
 
The experiment generated a modest but detectable differential between the treatment and 
control groups in the amount of treatment. As in the supported work experiment, randomization 
took place after someone had been recruited, screened, selected, and assigned to a service 
such as classroom or on-the-job training. Even then, however, only 65% of people randomly 
assigned to treatment officially enrolled in the offered services.25 Meanwhile, some people in the 
control group found similar services elsewhere, also often subsidized (Heckman et al. 2000, 
Table II). And after 18 months they were allowed to cross over, i.e., to participate in the JTPA. 
The partial uptake and the cross-over meant that the treatment-control differences in JTPA 
participation were about 65 percentage points and those for participation in any training program 
were about 25 percentage points (Orr et al. 1994, Exhibits 3.15, 4.2, 4.13). 
 
Understanding the JTPA’s impact on employment outcomes is surprisingly hard, because at 
least four substantial analyses were performed: 
 

-​ The official study finds that JTPA raised earnings by $539 for adult women and $550 for 
adult men over 18 months. For reference, this is a 4.5% increase for adult men; mean 
18-month earnings in the control group were $12,306 (Bloom et al. 1993, Exhibit 5.3). 
The numbers for female and male youths are –$182 and –$854. The report declares the 
first and last of these four numbers significant at p < 0.1 (Bloom et al. 1993, Exhibit S.1). 
 

-​ The 30-month report (Orr et al. 1994) reflects considerable effort to understand the 
negative 18-month impact for young men. It splits their sample according to whether they 
had ever been arrested. For non-arrestees, the 30-month cumulative impact is –$589, 
now without significance at conventional levels. For arrestees, two values are reported. 
The first uses data from Unemployment Insurance (UI) programs while the second relies 
on self-reports in interviews. The contrast between the two is extraordinary: –$4 versus 
–$4,209. Despite much investigation, Orr et al. (1994, note 33) finds no convincing 
explanation for the latter. Perhaps it is best seen as a data point on the unreliability of 
self-reported income.​
​
The impact estimates for the other demographics do not shift so radically between the 

25These figures are probably low, in a technical sense. Orr et al. (1994, p. 59) estimates that half of 
reported non-enrollees did enroll but ultimately participated little or not at all and were not recorded as 
enrolled because of pay-for-performance incentives. See §3.8. 
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18- and 30-month surveys: the total earnings gains are now $1,837 and $1,599 for adult 
men and women (both significant at p < 0.1) and $104 for female youths (insignificant). 
(Orr et al. 1994, Exhibits 4.6, 4.15) 
 

-​ A sensitivity analysis by Heckman and Smith (2000) focuses on JTPA’s impacts on youth 
earnings in the first 18 months. The thrust is that the results are sensitive to various 
reasonable changes to the analysis, and therefore that “The claim that experiments are 
superior to nonexperimental methods because they produce ‘one number’ is false.” But 
while the paper’s title contains the word “sensitivity,” the text does not precisely define 
the term. And many of the methodological modifications shift the impact estimates by 
amounts that, while large in absolute terms, are only fractions of the standard errors 
reported for the original estimates, making them unsurprising. 
 

-​ A long-term follow-up by the General Accounting Office (GAO 1996) discards the 
self-reported earnings data in the original studies and links instead to social security 
records. We prefer this report because it introduces an objective data source on 
earnings, follows up longer, and estimates impacts on employment as well. 

 
The GAO’s earnings and employment ITTs are gathered in Figure 4 and Appendix Figure B1. 
Here, the eye is a good guide to statistical significance. The treatment-control differences are 
reasonably significant for adult women between years 1 and 3 after treatment begins, and for 
years 3 and 4 for men. For both, the difference fades in year 5. The significant impacts amount 
to 3 percentage points. The JTPA experiment boosted the wage earnings of adult women and 
men by $500–600/year, with some tapering in year 5. There are no clear impacts for young 
people. 
 
There are contrasts and continuities between the NSWD and JTPA findings. In both, the 
strongest results are for adult women, and the weakest for youth. While the JTPA raised 
women’s employment less, 3 points versus 8, it did so from a higher base, leaving less room to 
rise: the control group’s employment rate in the years of highest impact was about 75%, as 
against 35% for AFDC women in supported work. The lower impact may also have reflected 
lower investment in training. JTPA cost about $1,000 per enrollee (Orr et al. 1994, Exhibit 6.2) 
versus $8,000 for supported work (MDRC 1980, Table 8-1, adjusting for 59% inflation between 
1980 and 1990). 
 
A final cause of the JTPA’s low impact bears highlighting: the low differential between treatment 
and control groups in the take-up of training. This owes substantially to control group members 
finding training through other routes—often the same training, if with less subsidy (Heckman et 
al. 2000, p. 664). In contrast with high-cost supported work, JTPA services were probably fairly 
representative of training services in general. So it is reasonable to expect that the alternatives 
had similar impacts. Substitution toward them raised the benchmark outcomes in the control 
groups and lowered the apparent impact of treatment. Dividing by the typical 25% impact on 
take-up of any training, mentioned above, produces LATEs for any training four times the 
ITTs—about 12 percentage points of employment for adults and $2,000–2,400/year in earnings. 
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Figure 4. Employment in National JTPA Study by year before/since randomization 
Notes: Source is GAO (1996), Tables II.5–II.8. 
 
 

4.3 National Job Corps Study 
The first salvo in Lyndon Johnson’s War on Poverty was the Economic Opportunity Act of 1964. 
It created several social programs. Among them was the Job Corps, which to this day serves 
teenagers and young adults who have dropped out of school or are having trouble entering the 
workforce. In the early 1990s, when the program was 30 years old, the Department of Labor 
decided to find out if it works, by putting it to the randomized test. DOL officials were no doubt 
mindful of previous disappointing results for youth-focused programs. As we have seen, the 
National Supported Work Demonstration and the JTPA did little for youth. And a DOL-funded 
evaluation of 13 local training programs for school dropouts, called JOBSTART, had recently 
found just one that made a significant difference (see §7.1 below). Among the 12 
disappointments were the Job Corps operations in Atlanta, Phoenix, and Los Angeles (Cave et 
al. 1993). 

28



 
Evidently, the theory of change of Job Corps is that immersing young people in a supportive and 
structured environment will divert them onto a different track. As of the mid-1990s, when the 
National Job Corps Study was carried out, 87% of students lived at their training centers. (Many 
of the buildings were once schools or military installations; Schochet (2021), p. 4.) “While at 
centers,” explained the Mathematica researchers, 
 

participants receive intensive vocational training, academic education, and a wide 
range of other services, including counseling, social skills training, and health 
education…. Job Corps offered vocational training in more than 75 trades, and a 
typical center offered 10 or 11 trades. The vocational curricula were developed with 
input from business and labor organizations, and emphasize the achievement of 
specific competencies necessary to work in a trade (Schochet, Burghardt, and 
McConnell 2008). 

 
Participation was voluntary but required an application. Students also had control over when 
they exited. In the study, the average stay was 8 months. About a quarter participated less than 
3 months and another quarter more than 12 (Schochet 2021, p. 4). 
 
The National Job Corps Study was formidable. Qualitative as well as quantitative methods were 
deployed. The research team produced a dozen reports extending into hundreds of pages.26 
And it was the first randomized study of a job training program—and perhaps any social 
program—whose results were by design nationally representative. Nearly the entire applicant 
pool between late 1994 and late 1996 went through the randomization sieve. 5,977 applicants 
were assigned to the control group, 9,409 to the treatment group, and the remainder of the 
approximately 81,000 applicants were placed outside the study—like the treatment subjects, 
free to participate, but not followed up on. Since most applicants did not participate in the study, 
this design minimized the disruption of ongoing programming, and thus any observer effects 
(Appendix A.3). 
 
One complication the researchers faced lay in the measurement of employment and earnings. 
§3.3, in explaining attrition bias, discussed the tradeoff between relying on self-reported data 
and government databases. A summary paper, Schochet, Burghardt, and McConnell (2008), 
henceforth SBM, draws on both. On the government side, it uses two databases, for 
unemployment insurance and Social Security. A later article, Schochet (2021), adds an IRS 
database and with it follows subjects for 20 years, the longest in this review. 
 
Results from all data sources, each available over a distinct year range, appear in Figure 5.27 
The right panel, which is easier to read, shows that young people self-reported earning twice 

27Results are reported by calendar year rather than years since the date of randomization, which is 
different for different subjects. For reasons of confidentiality, the agencies holding the data limited 
researchers’ access to it. This may explain why the researchers could only extract results on a 
calendar-year basis. 

26The reports are indexed in the ERIC database (Institute of Education Sciences) under the phrase 
“National Job Corps Study.” 
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what their employers reported to Social Security. The three official sources are more consistent 
with each other. (The IRS data used here, which is what could be extracted from Schochet 
(2021), includes only wage income disclosed on W-2 forms, not self-employment income.) Aside 
from a quick, self-reported surge in earnings in the treatment group relative to the control group, 
the curves for treatment and control are nearly indistinguishable throughout. 

 
Figure 5. Employment and wages in the National Job Corps Study, all ages 
Notes: Based on Schochet, Burghardt, and McConnell (2008), Table 4, and Schochet (2021), Tables 
A.1–A.2. 
 
The story is about the same for whether someone has a job (left panel of Figure 5). The one 
departure comes during and right after randomization, when treated subjects were employed 
more, presumably in internships or other work arrangements that were part of Job Corps. 
 
Because, in the right panel, self-reported income in 1996–98 rises especially steeply in the 
treatment group, the 1998 treatment-control difference is much larger going by self-report than 
by Social Security data, at $972 versus $218. The difference between these two differences is 
itself highly significant, statistically (SBM, Table 4). SBM (§7) tackles the important question of 
how to reconcile these findings. Two mechanisms could be at work: differences in whose 
information is counted (attrition bias) and differences in the information that is counted. As a first 
step, SBM recomputes the Social Security–based averages just for the self-reporting sample. 
That nearly doubles the Social Security treatment-control difference, to $393, and strongly 
suggests that attrition bias is present in the self-reports. Further investigation produces evidence 
of additional factors: survey respondents may have overestimated their hours, thus their total 
pay given their wage rate. And, as noted, some income is not reported to Social Security. Both 
effects could work as multipliers, scaling the absolute numbers and thus the gaps between 
them. 
 
When the 20-year follow-up with IRS data, Schochet (2021), was published, it triggered 
controversy. The ultimate cause may be the paper’s tendency to highlight statistically significant, 
positive findings. One can see the filtration playing out in sequence. First, where the nine-year 
follow-up (SBM, Table 5) computes impacts across several kinds of subgroups—defined by age, 
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gender, race, or whether a student lived at the training site—Schochet (2021) revisits just the 
analyses across age groups. Schochet (2021) explains that for privacy reasons, Treasury 
officials had to carry out the analysis on the IRS data. And “because of… concerns about data 
disclosure and associated staff time in assessing associated risks, impact estimates could not 
be obtained for other subgroups examined in previous analyses.” This implies that Schochet 
(2021) exercises some discretion in prioritizing analysis by age. Second, among the three age 
groups—16–17, 18–19, and 20–24—only impacts for the last are graphed. Third, after checking 
for an impact in that age bracket for each year in 1993–2015, and separately for employment 
and earnings, the narrative zeroes in on the last year, in which the employment impact is 
significant at p < 0.1. Fourth, the abstract mentions this positive finding, but not the null findings 
for the full sample (as seen in the IRS curves in Figure 5). 
 
This last omission aroused the ire of Straight Talk on Evidence, a project of Arnold Ventures. 
The project warned that busy policymakers will read only the abstract, and be misled.28 
 
Now, the full paper is clear about the null results for the full sample (Schochet 2021, pp. 12–16). 
Moreover, in effective reply to the concern that the paper is selectively highlighting the most 
promising findings, which thus might be no more than filtered noise, Schochet (2021) implicitly 
offers several rebuttals. All are conceptually grounded in Peter Schochet’s own scholarship on 
multiple hypothesis testing in social policy evaluations (Schochet 2009).29 The age group 
analysis, along with the others in SBM, was pre-planned 20 years ago. The classificatory jumps 
from ages 16–17 to 18–19 to 20–24 are intrinsically more consequential than one might think. 
For, at entry into Job Corps, the oldest group had worked more than the youngest (90.4% ever 
worked vs. 68.4% at baseline), earned more ($5.47 vs. $4.71/hour), and was more likely to have 
children (34.3% vs. 8.6%) (Schochet 2021, Table 1). Circumstantial evidence corroborates the 
finding that older students benefited more: they stayed in the program longer, they devoted 
more time to educational and training activities, and they were more highly motivated according 
to a separate survey of program staff (SBM, pp. 1876–77). We add that, against a historical 
backdrop of training programs failing to help young people, it would be least surprising for Job 
Corps to help its least-young students. 
 
In presenting and assessing the evidence, to avoid inadvertently filtering for promising or 
significant results, we treat the two outcomes and three age groups symmetrically, showing 
results for all. Within the confines of published data, the way to do that is with TOTs, since those 
are printed in Schochet (2021). 
 

29The Straight Talk piece also includes a reply from Peter Schochet. 
28Straight Talk on Evidence (2020). 
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Figure 6. Estimated impacts of treatment on employment and wages in the National Job 
Corps Study, by age group, from Schochet (2021) 
Notes: Based on Schochet (2021), Tables A.3–A.4. Depicted are estimated impacts of treatment on the 
treated (TOT) along with 95% confidence intervals. TOTs are computed by dividing the treatment-control 
difference in an average outcome by the treatment-control difference in average uptake of treatment. 
Data are from the Social Security Administration through 2000 and the IRS after. 
 
Figure 6 plots TOTs of Job Corps by year and age group. All the underlying data come from 
government agencies—from the Social Security Administration through 2000 and the IRS 
thereafter. 95% confidence intervals are plotted too. Bear in mind that these intervals in a sense 
understate the precision of the impact estimates, because they pertain to each year in isolation. 
Just as combining two polls increases precision, so would computing the average impact over, 
say, 2011–15, instead of year by year.30 
 
In the upper-right panel of the figure, at the rightmost edge, one can see the statistic highlighted 
in the Schochet (2021) abstract: the employment TOT for the 20–24-year-old Job Corps 
entrants was 4.2 percentage points in 2015, with statistical significance. However, across the 
whole follow-up period, this employment TOT is generally not as large and statistically 
significant. Zooming out more, the impact on earnings in this same age group—the labor 
indicator emphasized in the 2008 write-up (SBM)—is harder to distinguish from zero. And the 
most statistically significant result in the figure is the 4.6-percentage-point employment reduction 
for the 18–19-year-olds in 2013 and 2014. That result is in itself hard to explain, and is not 
highlighted. 

30The effect is smaller than when combining independently sampled polls because impacts in successive 
years within the same cohort are not statistically independent. 
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We therefore do put significant weight on the possibility that the deviations from zero in the 
results by age group are mostly noise. The curve for employment in the youngest group hovers 
around zero, that for the middle group runs slightly below, and that for the oldest somewhat 
above. If we are to chalk up the negative result on 18–19-year-olds to noise, then the same 
cause vies to explain the positive impact in the oldest group. 
 
Unfortunately, the strong signal from Figure 5—essentially no impact overall—looks like the 
main verdict from the Job Corps evaluation. 

4.4 Workforce Investment Act Gold Standard evaluation 
In 1998, Congress once more overhauled the federal government’s array of workforce 
programs, with the Workforce Investment Act (WIA). The law lessened the historical focus on 
low-income people; partially deemphasized job training in favor of helping people market the 
skills they already have; consolidated the customer interface into one-stop employment offices; 
gave clients more control over the choice of services through a system of vouchers called 
Individual Training Accounts; and consolidated various programs into three service streams, for 
Youth, Adults, and Dislocated Workers (Blank, Heald, and Fagnoni 2011, p. 49; Bradley 2013, p. 
4). The Youth track included the Job Corps. The Adult track continued the historical focus on 
low-income people. The Dislocated Worker track covered people in various difficult 
circumstances: loss of work because a plant downsized or closed, falling demand for one’s skills 
because of broad economic changes, and more (Fortson et al. 2017, p. xvi). 
 
Like the JTPA before it, the WIA authorized the Department of Labor to conduct evaluations. In 
time, that led to another national, randomized evaluation of ongoing workforce activities—in 
particular of the Adult and Dislocated Worker programs. The study was dubbed the WIA Gold 
Standard Evaluation, and fairly lives up to the name. The main report devotes some 50 pages of 
appendices to methodological issues such as observation weighting and imputation of missing 
values (Rotz et al. 2017). It arrives unflinchingly at disappointing conclusions. 
 
As in the Job Corps evaluation, the 28 study sites were chosen randomly. To further enhance 
national representativeness, site selection was stratified across 6 regions, with a pre-set number 
chosen in each region (Fortson et al. 2017, p. 13).31 Unlike most studies reviewed here, this one 
had three treatment arms, which corresponded to the three levels of service under the WIA 
(Fortson et al. 2017, Figure 1): 
 

1.​ One group was offered only “core services,” which “consisted mainly of information and 
online tools to help customers plan their careers and find employment.” 
 

31There were small deviations from perfection. Offices with fewer than 100 clients/year, which together 
served 2% of clients nationally, were excluded for reasons of cost. Two initially chosen sites declined to 
participate and were replaced. 
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2.​ The second group got access to those along with “intensive services,” which “included 
assessments, workshops, job search assistance, development of career and service 
plans, one-on-one career counseling and case management, placement in work 
experience positions, and short-term prevocational training.” 
 

3.​ The “full-WIA” group got access to all of the above as well as training services “designed 
to prepare them for jobs in high-demand fields,” whether provided by vocational training 
organizations, community colleges, or employers (on-the-job training). 

 
Randomization ran from late 2010 to early 2012. In the wake of the financial crisis, 
unemployment was falling but still high, at 8–9%. 2,974 people entered the experiment’s Adult 
track and 1,983 the Dislocated Worker track (Fortson et al. 2017, Table III.2). 
 
As in the JTPA evaluation, forces conspired to limit the treatment differential. Budget cuts meant 
that training sometimes wasn’t available (Fortson et al. 2017, p. xxi). Subjects could also opt out 
of training as they decided how to spend their vouchers. And for many people, the WIA was not 
the only option for job training: private sources, charitable or commercial, were also available. 
For all these reasons, for the first three quarters of the study period, the differentials in 
participation in job training across the three arms were modest: 34% of the core group got some 
training, while 41% of the intensive group and 50% of the full-WIA group did. In the full-WIA 
group, training spending averaged $3,223, with $1,521 coming from the government and the 
rest from participants (Fortson et al. 2017, Table VIII.1). Adding $888 for other services brings 
the government’s cost to $2,409 per treatment subject, which is far below the average reported 
for smaller programs (see Table 1 and §6.5.1 later in this document). 
 
Figure 7 pulls together the main results. It takes employment and earnings data from the official 
National Directory of New Hires (see §3.3). It shows that as the economy recovered, 
employment and earnings rose in all three arms of the adult and dislocated worker experiments. 
The full-WIA group—with access to WIA-supported job training—had lower employment and 
earnings in the first two quarters, presumably because some subjects were in training. But that 
investment of time did not clearly pay off over the three years of follow-up. In the last year, for 
dislocated workers, there is a mild suggestion that the full-WIA subjects earned more than the 
group a step down in services, core-and-intensive (bottom right panel). The positive impact 
might still deserve some weight if the four graphs told a consistent story of positive impact 
across outcomes or study populations. But they do not. 
 
The WIA evaluation unfortunately turns out to have little power to detect the effects of job 
training. The treatment-control difference in training take-up was modest, 16 percentage points 
at best. And relatively little was spent on training. The delivered training may have boosted 
employment and earnings. But when the ITT is statistically indistinguishable from zero, so is the 
LATE. 
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Figure 7. Employment and earnings by quarter in the three arms of the Workforce 
Investment Act Gold Standard evaluation, in the adult and dislocated-worker programs 
Notes: Based on Rotz et al. (2017), Tables G.VI.1, G.VI.2, H.VI.1, and H.VI.2. All data from official 
sources. Only the full-WIA group was offered job training under the Workforce Investment Act. Some in 
the core-and-intensive group were offered short-term prevocational training. The core group was not 
offered training. 

4.5 Major American randomized evaluations: summary 
The story of American leadership in seeking empirical truth about workforce programs is one of 
ambition and disappointment. We are aware of no other instance of a national government 
committing this much energy to rigorous assessment of whether a family of social programs 
works. Unfortunately, the answer, at least from the national trials of the JTPA, Job Corps, and 
WIA, is that the main-line programs have not moved the needle much on labor market 
outcomes. Alone, the JTPA produced positive impacts on some of its study populations, the 
adults. Especially in the WIA study, low uptake made it harder to detect any actual benefits for 
those who did get training. But low uptake is not a failure mode we want to abstract from. 
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As we will see in §7, some smaller, privately run programs have done much better. This will 
raise questions about how much those successes can be expanded, with what sort of funding, 
and with what sort of administration. 

5 “Judge randomization” studies 
Some researchers on workforce interventions have borrowed a trick from criminologists. It is 
called “judge randomization” (Martin, Annan, and Forst 1993; Kling 2006) even when no judges 
are involved. In our context, the idea (as an example) is that people participating in an 
unemployment program are arbitrarily assigned to a caseworker within a given employment 
office; and if some caseworkers are more apt to assign clients to on-the-job training, that 
constitutes a natural experiment in on-the-job training. Here, the propensity of a caseworker to 
assign a particular treatment is the instrument. It replaces the coin toss in a randomized 
experiment. 
 
This section reviews the two judge randomization studies of training that we are aware of. One 
is set in the US, the other in Denmark. As will be discussed, it is not clear a priori that the US 
one approaches the ideal of randomized treatment. In many studies involving actual judges, 
assignment really is random, if with some scope for human beings to override the assignment 
(e.g., Kling 2006; Green and Winik 2010; Loeffler 2013; Aizer and Doyle 2015; Bhuller et al. 
2020). Deliberate scrambling is rare in job training. Evidently governments take more care that 
justice be blind than that unemployment caseworker assignment be blind. 

5.1 Hyman (2018), “Can displaced labor be retrained? Evidence 
from quasi-random assignment to trade adjustment assistance” 
For decades, it was US policy to increase economic integration with other countries while aiding 
people at home who lost jobs to foreign competition. Starting in 1962, Trade Adjustment 
Assistance (TAA) covered the cost of job training for such dislocated workers. TAA also paid for 
unemployment insurance during training, extending the usual 26 weeks of coverage to up to 
three years, and provided assistance with job search and relocation (Collins 2014). (The 
program has been in legislative limbo since 2022, when Congress failed to reauthorize it. At 
least for now, the political compromise that undergirded trade promotion has broken down.) 
 
The study’s largest limitation from our point of view is that the extension of unemployment 
insurance was contingent upon being in training, making it impossible to statistically distinguish 
the effects of training and income support. 
 
While local government entities administered much of the program, an office in the Department 
of Labor determined which workers qualified, i.e., which plausibly lost their jobs to foreign 
competition or offshoring. In fact, the DOL did not make the decision worker by worker, but plant 
by plant. If a single worker laid off from a plant won TAA assistance, then all subsequent 
applicants from the same plant within the next three years did too (Hyman 2018). 
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Hyman (2018) studies whether this assistance helps people recover from layoffs. The premises 
of the analytical strategy are that 1) among the several hundred DOL investigators who decided 
which layoffs and closures owe to foreign competition and therefore merit TAA, some were more 
lenient; and 2) the assignment of cases to investigators was effectively arbitrary, or could be 
cast as such with proper econometric framing.32 The first assumption is fairly demonstrable, as 
will be discussed. The second can be backed only by circumstantial evidence, for the 
assignment process was somewhat opaque, and there is no suggestion that it was a lottery. 
Hyman quotes this description from the DOL: 
 

TAA cases are assigned… primarily based on investigator caseload, as well as 
previous experience with a company or industry. Staff leave or other scheduling 
issues can be a factor as well. 

 
Assignment based on who has bandwidth and who is not on vacation could be effectively 
random: two similar cases could easily go to different investigators. Assignment based on 
previous experience is not random since it could induce sustained associations between what 
industry a person worked in and which caseworkers got their cases. 
 
To carry out the analysis, Hyman (2018) links two data sets. He obtains data on all petitions for 
TAA filed between 1974 and 2016. For each petition, the data set names the (former) employer 
claimed to have been pressured by foreign competition and the DOL investigator who 
adjudicated the case. Hyman links the petitions to the Longitudinal Employer-Household 
Dynamics (LEHD) database maintained by the Census Bureau, which aggregates records from 
state unemployment insurance programs. This allows Hyman to track whether a worker 
held—and then lost or left—a job at a plant that was the subject of a TAA petition; whether the 
plant’s former workers won TAA; and how much recipients and non-recipients worked and 
earned in the years that followed. For this project, 24 states and the District of Columbia granted 
access to their contributions to the LEHD data set. The resulting sample includes some rust belt 
states (Illinois, Indiana, Pennsylvania) as well as South Carolina, where the textile industry was 
once a major employer. The LEHD snapshot used in the study starts between 1985 and 2002, 
depending on the state, and stops in 2011. 
 
Hyman (2018) exemplifies a nearly universal pattern in empirical economics: because the 
treatment variation is not random, analytical complications are introduced in the hope of 
effectively pushing it in that direction. Concretely, once a company learns that, in response to a 
petition from a former worker, a DOL investigator has certified its entire workforce as 
TAA-eligible, the company might feel freer to lay off more workers. And the workers laid off later 
might differ systematically from those laid off earlier: perhaps they are more skilled and more 
valuable. But their counterparts in the control group—people who also escaped initial layoffs, 
but at plants that did not get TAA assistance—might not lose their jobs, at least not in the same 

32As is common in judge randomization studies (e.g., Aizer and Doyle 2015), the instrument is the 
leave-one-out approval rate, recomputed for each application. This “jackknifing” should reduce the 
endogeneity of the instrument to application-specific circumstances. 
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numbers. To avoid introducing such a mismatch, Hyman (2018) limits its sample to people who 
had already been laid off in the 12 months preceding the official decision on TAA support. 
 
To further narrow the comparison groups and arguably make them more meaningful, Hyman 
adds many controls: for the year and quarter when the TAA case was filed; for the industry 
(important in light of the statement quoted above that investigators may tend to specialize in 
certain industries); for the type of organization that filed the petition (a company, union, worker 
group, or state career office); and for whether the application was for special handling in 
connection with the North American Free Trade Agreement (NAFTA). As well, Hyman includes 
controls for demographic traits such as race and sex, and aspects of education and employment 
history such as high school completion and salary before being laid off. 
 
The hope is that as more controls are added and the domains of comparison are narrowed, 
some variation in the probability of access to TAA will remain, and it will be tantamount to 
random. The hope, in other words, is that as one shifts to comparing the careers of two white 
women with high school degrees who had stopped working at different car plants in Indiana just 
before TAA applications were filed for the plants in the summer of 1998, any other differences in 
the women’s lives not controlled for did not affect their work careers even as, because of 
differences in the leniency of investigators, one was more likely to get the TAA package. Then, 
any difference in their subsequent careers is attributable to TAA. 
 
It is not obvious that this works, i.e., that adding lots of controls will expunge most non-treatment 
differences but preserve arbitrary differences in treatment, forming a natural experiment. Hyman 
(2018) conducts several statistical tests to validate or rebut the strategy. One test is for 
relevance of the instrument—whether, even with all the controls, an investigator’s average 
approval rate still helps predict their individual decisions. It does: each 10 percentage point 
increase in an investigator’s average approval rate lifts the probability of approval in individual 
cases by 6 points, and with great statistical significance (Hyman 2018, Table 4, first row). 
 
Then there are two tests that speak indirectly to excludability, that is, whether after incorporating 
all the fixed effects and other controls, an investigator’s leniency has no statistical connection 
with post-treatment employment and wage earnings except via the TAA treatment. When this 
condition holds, leniency indeed plays the role of a coin toss in a classical experiment. The first 
test starts with the observation that if the leniency of the assigned investigator were truly 
random, it would be uncorrelated with all the other variables in the study. Technically, this 
property need not hold for the impact estimates to be unbiased; still, circumstantial evidence 
that it does is reassuring. In the event, Hyman (2018, Table 3, cols. 5–6) finds that leniency is all 
but unrelated to demographic traits, but is higher for cases where employees have longer tenure 
or higher pay, where the county unemployment rate is higher, where the investigator is less 
experienced, or the plant is in an industry more exposed to foreign competition. Hyman (2018, 
p. 20) argues that even the associations that are statistically significant are not practically 
significant. For example, an extra decade of experience only bumps an investigator’s approval 
rate by 0.004 percentage points (in a multivariate regression, Table 3, col. 6). 
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When testing for correlations with many variables, a few will be reported as statistically 
significant by chance. For this reason, Hyman (2018, Table 3, col. 6) runs an F test for the 
hypothesis that all of the correlations are actually 0. It returns a p value of 0.18. This is above 
the conventional maximum of 0.05 for statistical significance. But for checks such as this one, 
low thresholds are the opposite of conservative (Roodman 2009, p. 142). There is only an 18% 
chance that this much correlation would be measured if the treatment were unrelated to all of 
the controls, which is not strongly reassuring. 
 
Still, in a context where perfection is neither expected nor formally needed, the tests for effective 
randomness produce somewhat reassuring results. Some correlations are probably real, but 
small. 
 
The second indirect test of excludability is a placebo check of the sort Heckman championed 
(see §4.1.4). If the investigator leniency variable generates a valid natural experiment, it should 
only appear to affect post-treatment outcomes, not pre-treatment ones. 
 
That placebo check, along with the study’s main results, is depicted in plots gathered in Figure 
8. The blue lines show the estimated impact of TAA being made available to former employees 
of a given plant, on both the number of quarters per year in which they work, and on how much 
they earned per year. In the ten years before a plant’s access to TAA is adjudicated, the blue 
lines do not stray far from zero; indeed, most of the 90% confidence intervals, shown with 
dashed lines, easily embrace 0. The treatment does not appear to affect outcomes before it 
could. Then, in the first two years after the TAA decision, employment and earnings drop in the 
treatment group; that is consistent with entering a classroom rather than immediately looking for, 
and sometimes finding, a new job. After, the impacts turn positive, suggesting that TAA helps 
people find more and/or better work. However, the benefits fade by year 10. (Top row of Figure 
8.) Hyman (2018, p. 24) calculates that workers net an extra 20 months of work and $50,000 in 
earnings over the 10 years. 
 
The plausibility of the overall pattern—the roughly flat stretch, the short, sharp fall, the marked 
rise, then the long-term decay—adds credibility to the results. If the apparent benefit of TAA is 
statistical noise, this particular pattern would be surprising. 
 
Having established the basic result, Hyman (2018) slices the data in a few ways in pursuit of 
insight into which groups of people are most helped and how. One major question is about the 
impact of the training part of TAA. The data do not reveal how long individuals spend in 
TAA-funded training. However, they do provide averages by state and quarter. Splitting the 
sample by whether a person worked in a state that was above or below the 50th percentile just 
before being laid off, it emerges that earnings do not decay for those from states and quarters 
where people spent more time in training (Hyman 2018, Figure 10). Whereas, in the 
complementary group, earnings initially shoot higher—consistent with spending less time in 
training—and then fall. This characterization of the ups and downs is not formally tested.33 And it 

33Another impediment to assessing the strength of this finding is that confidence intervals are omitted for 
legibility from Hyman (2018), Figure 12. For standard errors, the figure’s notes refer the reader to an 
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is based on an endogenous splitting of the sample: perhaps it mostly shows that where new 
jobs were harder to find, people opted more for training. On balance, it hints mildly that the 
training phase of TAA support deserves some credit for TAA’s apparent benefits. However, since 
the extension of unemployment insurance is contingent on participating in job training, the check 
still cannot distinguish the effects of training from the effects of the concomitant income support. 
 
Also important—and related—are the results on mobility across space and industry. Dorn (2009) 
divides the United States into “commuting zones” that represent local labor markets. The North 
American Industry Classification System, at the 2-digit level, categorizes major industries such 
as construction and retail. Hyman (2018), Figure 12, here copied into the second row of Figure 
8, finds that people who could tap TAA assistance were 20–40 points more likely to move to a 
new commuting zone. Impacts were similar for moving to a new industry. These findings are big 
if true: transitional assistance indeed helps people transition to better work settings after 
economic disruption. 
 
How much should we believe these conclusions? There are reasons to doubt and reasons to 
trust. Reasons to doubt include that this is a large, complicated, opaque, non-experimental 
study. Complexity brings more opportunity for bugs and increases the degrees of freedom in 
defining the sample and running the numbers, which widens the space for p-hacking, conscious 
or unconscious. Treatment was not randomized. The study has not been published, and the 
follow-up data set is confidential, which makes it difficult to peer inside the black box. 
 
On the other hand, the checks for excludability and relevance return fairly reassuring results. 
And the time profile, including the lack of impact in the pre-treatment period and the sharp but 
temporary drop, is hard to explain as mere artifacts of reverse causation or third-variable 
confounding. 
 
We view the topline results as plausible but are unsure how much to attribute them to training 
rather than the income support during training. 

online appendix, which does not appear to be available. Significance stars are in the corresponding Table 
8, but that table leaves out the last year—year 10—whose low point estimate for the below-median group 
especially influences the degree of downward trend in this group. 
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Figure 8. Estimated impacts of availability of Trade Adjustment Assistance, from Hyman 
(2018) 
Notes: Copied from Hyman (2018), Figures 7, 8, and 12. Earnings in 2010 dollars. Dashed lines show 
90% confidence intervals. 

5.2 Humlum, Munch, and Rasmussen (2025), “What works for the 
unemployed? Evidence from quasi-random caseworker 
assignments” 
The other judge randomization study in this review differs from Hyman (2018) in a few ways: 

-​ It is set in Denmark. 
-​ The decisions about training options are made on an individual basis, not for whole 

companies. 
-​ The decisions are made by caseworkers in local job centers rather than at a central 

agency. 
-​ The caseworkers do not merely authorize funding; they design a program for each client, 

which in about half of cases includes classroom-based education, on-the-job training, or 
both (Humlum, Munch, and Rasmussen 2025, Table 2). This variation in two treatments 
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allows Humlum, Munch, and Rasmussen—henceforth “HMR”—to estimate the impact of 
each. 

-​ The paper makes a more airtight argument that the assignment of cases to caseworkers 
contains an isolatable component that is as good as random. 

 
Despite the prima facie credibility of this natural experiment, the study’s results taken together 
are surprising, which causes us to put somewhat less weight on them. 
 
Citing Danish law and norms (HMR, §2.2), HMR splits the training treatment into two main 
types. Classroom training encompasses ordinary education, basic skills in job search, and 
“wrap-around” services to help people choose new kinds of jobs and find employers. Classroom 
training is also defined to include vocational teaching. Meanwhile, on-the-job training consists of 
internships and subsidized fixed-term contracts.  
 
The paper leverages a quirk in the administration of the Danish unemployment program: within 
an employment office, clients were often assigned to caseworkers based on the day of month of 
their birth. For example, in one local office, clients born in the first week of the month might go to 
one caseworker, those born in the second to another, and so on. HMR provides an illustration 
using simulated data, which is copied below as Figure 9. In the simulation, 58% of cases follow 
the week-based assignment “rule.” This generates distinct bulges for each caseworker in the 
distribution of cases by birth day of month. In the real data, which privacy restrictions prevent us 
from seeing, the picture would sometimes be neater than depicted here, sometimes less so.34 
 

34HMR borrows this strategy from Cederlöf, Söderström, and Vikström (2025), which is similar in many 
ways, and set in Sweden. The latter, however, focuses on estimating the effectiveness of caseworkers in 
reducing clients’ time on unemployment and helping them get higher-paying jobs, as distinct from the 
impacts of training. It does report that caseworkers who assigned training more were less effective on 
average (Cederlöf, Söderström, and Vikström 2025, Table 8, “Supportive” row). However, this finding is in 
itself non-experimental. 
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Figure 9. Simulation: Number of clients assigned to four caseworkers in a job center, by 
day of the month of birth, from Humlum, Munch, and Rasmussen (2025) 
Notes: Copied from Humlum, Munch, and Rasmussen (2025), Figure 1. 
 
Since it is hard to see how being born on the 7th of the month would affect one’s career 
differently than being born on the 8th other than via assignment to caseworkers with different 
propensities for recommending training, this set-up bids fair to produce a strong natural 
experiment.  
 
A wrinkle is that assignment by birth date is far from universal, and the specifics of the practice 
are not documented—how much various job centers practiced it, and how they partitioned the 
days of the month into blocks. HMR therefore combines automatic and manual techniques to 
estimate the rules actually used. For each job center—or unit within the job center where it 
appears that different age groups are handled separately—HMR provisionally assumes that 
whichever caseworker gets the most people born on, say, the 12th of the month, is in fact the 
caseworker for that day. Once these guesses are made, plots like those in Figure 9 are drawn. 
If, as in the figure, a blocking pattern is evident, the office is kept in the sample and the 
date-based assignment is inferred from the graph. After this construction process, the HMR 
sample consists of 167,222 unemployment episodes experienced by 127,713 people, who saw 
any of 536 caseworkers between 2012 and 2017 (HMR Table A.1). 
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This construction process leaves some scope—probably modest—for unobserved exercise of 
discretion. And to the degree the researchers’ judgments are wrong—again, probably 
modest—they erode the relevance of the birth date instruments, i.e., the tendencies of the 
predicted caseworker to assign classroom and/or on-the-job training. Finally, even with a perfect 
understanding of the caseworker assignment process, impacts in this design could be driven by 
something else about the caseworkers who happen to prefer certain programs, violating the 
exclusion assumption. But HMR presents a battery of fairly convincing tests suggesting that 
exclusion is met. 
 
Just as in Hyman (2018), the authors also carefully check the relevance and independence of 
the instruments. As for relevance of the instruments: After controlling for client demographics 
and time and region fixed effects, clients whose cases are predicted, by virtue of when they 
were born, to be handled by a worker with 10 points higher propensity to require classroom 
training indeed are assigned more classroom time—3.8 points more. This association between 
classroom treatment and its instrument is highly significant, statistically. For on-the-job training, 
the association is half as big—2.1 points—but still significant by conventional standards (HMR, 
Table C.2). 
 
As for independence of the instruments: Like Hyman (2018), HMR checks whether the 
instruments are related to demographic traits and other variables that are controlled for—which, 
recall, is not technically required to avoid bias, but can strengthen the view that the instrument is 
as good as random. Since 65 controls are listed in the table of results from these checks, under 
the null hypothesis that the instruments are related to none of them, we should see ~6.5 
correlations significant at 0.1 for each instrument. There are 5 for the classroom training 
instrument and 12 for the on-the-job training instrument.  
 
HMR’s major finding is that of the two types of treatment—classroom and on-the-job—the first 
appears to have helped people find work. See Figure 10 below, which is adapted from HMR 
Table D.1. Being assigned classroom training increases employment by about 26 hours/month 
in the second year after entering the unemployment system (HMR, Table D.2). Dividing that by a 
typical 160 hours/month yields a substantial 16% increase in employment, which is among the 
very largest in this review. The story is the same if one takes employment (having a job) or 
earnings as the outcome, as distinct from number of hours worked. They find that being 
assigned to the classroom training increases employment seven quarters after the start of the 
unemployment spell by about 20 percentage points (HMR, Figure D.2). 
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Figure 10. Impact of assignment to classroom training or on-the-job training on work 
hours per month, by quarter before/since start of unemployment episode, from Humlum, 
Munch, and Rasmussen (2025)  
Notes: Based on Humlum, Munch, and Rasmussen (2025), Table D.1. Sample consists of those who 
entered unemployment between 2012 and 2017. Because follow-up stops after 2019 (at the onset of 
COVID-19), unemployment spells that began in 2017 start to drop out of the sample after quarter 7.  
 
But for on-the-job training, the confidence intervals are about twice as wide and the central 
impact estimates are in general statistically indistinguishable from 0. Despite this imprecision, 
there is enough statistical power to reject the hypothesis that classroom and on-the-job training 
have about the same impact. The p values for this hypothesis range between 0.03 and 0.22 for 
quarters 6–11 (HMR Table D.1), which is low. So it is unlikely the two treatments are the same, 
and that the impact of one is merely hard to detect because of low statistical power. 
 
For insight into how classroom training helps, HMR, like Hyman (2018), subdivides the main 
analysis along several dimensions. A distinction is drawn between returning to one’s old 
occupation and finding a new one. Meanwhile, classroom courses are split into “job search 
courses” (which averaged 19 days) and “skills and wrap-around courses.” The latter subdivision 
puts wrap-around services such as job counseling in the same grouping as vocational training. 
HMR explains that “While ‘job search’ courses are easy to distinguish from other classroom 
courses, the dividing lines between ‘skills’ and ‘wrap-around’ courses are less clear.” This is 
surprising because a priori, skills training looks like the odd one out relative to job counseling 
and job search assistance. HMR goes on to explain that the combination of skills and 
wrap-around “also helps support the statistical power of our analysis.” This trades off precision 
in the conception of what is being measured for precision in its measurement. 
 
The product of these two two-way splits—new or old occupation, job search courses or other 
classroom subjects—is four results. HMR finds that about a year after unemployment starts, 
both job search courses and skills-and-wrap-around-courses increase reemployment in new 
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occupations. Neither reliably increases it in old occupations (HMR, Figure 9).35 This suggests 
that the classroom training helped Danish workers recover from job loss by putting them on new 
professional paths. 
 
To further explore this story of resilience, HMR analyzes whether training especially helped 
people whose jobs were most exposed to offshoring. HMR classes as least exposed those 
whose old jobs required on-site work or face-to-face interaction with customers—think of 
salespeople and car mechanics, not computer programmers and call center workers. The 
impact estimates for the more-exposed are over twice as large, though the difference is not 
statistically significant (p = 0.14 for hours, weaker for other outcomes). 
 
HMR also decomposes the analysis by stage in the training process. As the effects of classroom 
training emerge in the months after entry into the unemployment system, clients pass through 
four stages: not yet being assigned to any kind of training; being assigned; participating; and 
having finished, after either dropping out early or completing the course. HMR (Figure 6(b)) 
shows that the largest aggregate employment boost accrues to those who have finished 
training, and it appears after 14 months. This broadly corroborates the hypothesis that 
classroom training works, once it is completed. But other results from this decomposition fit the 
theory less well. Dropping out of a class early, and never starting one’s assigned class, have 
roughly the same per-person impact on unemployment as completing the class.36 
 
The HMR results taken together are a bit hard to explain. The estimates are large, matched only 
by the LATE estimates from the sectoral training programs discussed below. And why would 
classroom training be distinctly better than on-the-job training at guiding people to new 
occupations? HMR (§7.1) suggests that the reason is that a return to the classroom is often 
needed for fundamental reskilling. However, it is not clear that the Danish classes for the 
unemployed are so foundational. They last only 52 days on average (HMR, Table 1). And, as 
just mentioned, the benefits are about as big for those who drop out early, or don’t even take 
their assigned courses. Among the subjects taught in the classroom, job search has, if anything, 
bigger impacts even though it is not about reskilling (HMR, Table H.7, col. 2). Meanwhile, 
because the analysis amalgamates skills training with job counseling, it is hard to tell whether 
vocational training indeed has a major impact, as the reskilling theory predicts. 
 
Overall, the study is tricky to evaluate. The methodology looks sound. And the claim to 
quasi-experimental identification of impacts is stronger than in Hyman (2018), because of the 
birthday rule. But like Hyman (2018), the study is also intrinsically opaque and complex.  

36HMR (§7) estimates the impacts at various stages by estimating a set of γ1*t*
*s* parameters for the 

probability, for someone assigned classroom training, of being in stage s in month t, as well as estimating 
quantities we will label β1*t*

*s* for the employment impacts of being in each state. HMR Figures 5 and 6 plot 
the γ estimates and the γ × β estimates, respectively. The latter are the aggregate impacts in the sample 
for compliers in each stage. The impacts per client—the β’s—can be roughly estimated by eyeballing the 
figures and taking ratios. 

35Across 8 quarters—0 through 7 after randomization—and two treatments, the impact on reemployment 
in one’s original occupation is significant at p < 0.05 in one case: job search services in quarter 0. It is 
hard to know whether this significant result is signal or noise. 
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6 Meta-analyses 
In the US, randomized studies of small workforce programs are too numerous to justify 
writing—or reading—critiques of each. This section therefore turns to meta-analysis, the 
discipline of synthesizing estimates from many studies. We first review four previous 
meta-analyses. Then we report on our own meta-analysis of randomized studies in the US. 
 
The five meta-analyses reviewed here cover distinctive but overlapping swaths of the literature: 
Smedslund et al. (2006) looks at randomized evaluations of welfare-to-work programs, almost 
all from the US; Haelermans and Borghans (2012) at non-randomized studies of on-the-job 
training worldwide; Card, Kluve, and Weber (2018) at a large, international collection of 
randomized and non-randomized studies of labor market interventions; Peck et al. (2021) at 
career pathways studies in the US, randomized and not; and our comprehensive meta-analysis 
of randomized studies in the US that involve training. 
 
The studies concur on the first-order question: average impacts on earnings or employment are 
positive, though not transformational. There is little consistency on the second-order question of 
which traits of an intervention are associated with greater impact. One reason is that different 
studies check different traits. Another may be that these meta-regression findings are fragile 
given the small samples and intercorrelations among traits. We provide some conceptual 
preliminaries in Appendix E.  

6.1 Smedslund et al. (2006), “Work programmes for welfare 
recipients” 
Smedslund et al. (2006) is a product of the Campbell Collaboration, which promotes systematic 
reviews of evidence on social interventions. Like its health-focused sibling, Cochrane, Campbell 
leans heavily on randomized trials. The domain of interest for Smedslund et al. is 
welfare-to-work programs, worldwide. That overlaps with the scope of our review in the manner 
of a Venn diagram: some welfare-to-work programs do not train; some training programs are not 
expressly intended for people on welfare. 
 
Because of the American tradition of social experiments, Smedslund et al. is drawn 
gravitationally to the US. 44 of the 46 studies are set in the country, and the other two in 
Canada. 
 
Smedslund et al. finds that, on average, welfare-to-work programs produce real benefits that 
gradually fade. The programs increased employment by 9.7% (not 9.7 percentage points) in the 
first year, 9.2% in the second year, and 3.7% in the fifth year. All those figures are 
random-effects averages, and all have great statistical significance. The parallel figures for 
earnings impacts are 4.3%, 4.4%, and 1.1%, the last being difficult to distinguish from 0 
(Smedslund et al. 2006, p. 2). 
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Smedslund et al. finds “some asymmetry” in funnel plots for employment and earnings impacts, 
but does not quantify any resulting publication bias. As explained in §3.4, when most of the 
underlying literature is government-funded randomized trials, we expect less publication bias. 
 
The study does estimate average impacts just of programs with a training component. Here, it 
does not break out the impact by time since randomization. Overall, programs that included 
skills training raised employment by 5.6% and earnings by 4.5% (Smedslund et al. 2006, p. 2). 
Those estimates too are statistically distinguishable from zero. They are statistically 
indistinguishable from the averages for programs that did not incorporate skills training. But that 
statement makes a cross-group comparison (as defined in Appendix E), and so should be 
interpreted gingerly. 

6.2 Haelermans and Borghans (2012), “Wage effects of 
on-the-job training: A meta-analysis” 
This meta-analysis draws together 71 impact estimates from 38 studies of on-the-job training. 
37 of the estimates come from Europe and 13 from the US. Almost none meet the evidentiary 
standard used in our review. In particular, none are randomized. One with a potentially 
compelling quasi-experiment is included: the Leuven and Oosterbeek (2004) study of the Dutch 
tax credit for training over-40s, which is reviewed in Appendix D. 
 
Across the 71, and across the various follow-up periods, the random-effects mean impact on 
wage earnings is 3.9%, with great statistical significance. 
 
However, Haelermans and Borghans find strong evidence of publication bias. The study’s funnel 
plot appears in their Figure 2. Each dot represents an estimate of the impact of on-the-job 
training, with the standard error (akin to the margin of error in a poll) on the horizontal axis and 
the impact on the vertical. The suggestion of publication bias is clear: the precise estimates 
cluster together on the left while the imprecise ones are scattered to the right and swing 
asymmetrically upward. This means that noisy studies finding large impacts were far more likely 
to get published than those with negative or small impacts.  
 
Haelermans and Borghans (2012, Table 5, row 1, penultimate column) estimate that adjusting 
for this publication bias cuts the average wage impact of on-the-job training from 3.9% to 2.6%. 
Turning that around, in this collection of non-randomized academic studies, publication bias 
inflates the typical reported impact by 50%. 

6.3 Card, Kluve, and Weber (2018), “What works? A meta 
analysis of recent active labor market program evaluations” 
In the small fleet of meta-analyses of labor market programs, Card, Kluve, and Weber (2018) 
(CKW) is the flagship. Its scope extends beyond those of the meta-analyses above, to all 
individually targeted programs meant to help people into the labor market. That includes job 
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training, job search assistance, subsidies for private employment, and public employment. This 
second edition of the work gathers 857 impact estimates from 207 papers. Fully 502 estimates 
come from the Germanic and Nordic countries, and 87 from Anglo-Saxon nations (US, UK, 
Australia, New Zealand, and Canada; CKW, Table 1). Training programs are best represented, 
with 418 estimates. Of these, 54 result from randomized experiments (CKW, Table 3). 
 
The big data set gives CKW more statistical power to address some important questions. Which 
kinds of labor market interventions work best? Do their impacts fade or persist? How does the 
answer depend on the target demographic? Do the programs work better during recessions? 
 
CKW discovers that while the outcome most often tracked in papers from Anglo-Saxon 
countries is how much a person earns, in the rest of the world—and thus overall in the 
sample—it is whether a person has a job. The difference in emphasis may reflect a difference in 
the structure of labor markets (Krugman 1994), since minimum wages, worker protections, and 
unemployment have historically been higher in the EU than in the US. The predominance of 
employment as an outcome leads CKW to focus on it exclusively. 
 
To analyze the various impact estimates, CKW first makes them comparable. In contrast with 
nearly all the research we have encountered in this review, which estimates simple 
treatment-control differences at various follow-up dates (ITTs), there are studies, especially 
non-randomized ones in Europe, that express results in other ways. A typical alternative unit is 
the probability per unit time of getting a job if one has not already done so, which is a “hazard 
rate.” For example, a job training program in Germany might boost an unemployed person’s 
chance of finding a job from 10% to 20% per month. To make all results comparable, CKW 
coarsens them into a trichotomous indicator, of whether an impact estimate is negative and 
significant, insignificant, or positive and significant (at p < 0.05). Since this quantization makes a 
serious tradeoff—more studies brought together for meta-analysis but with less precise 
information from each—CKW also runs the meta-analysis without it, restricting to the studies 
that report simple impacts on employment.37,38 The two approaches generate broadly parallel 
results. We will focus on those from the smaller sample, with actual employment impacts, since 
they are easier to interpret. 
 
A separate and subtle technicality has to do with how results are averaged across studies. It is 
neither common-effect nor random-effects. CKW, which operates in the tradition of economics 
rather than medicine, goes for a mathematically simpler alternative: it weights all studies equally, 
regardless of precision.39 This can be thought of as taking random-effects meta-analysis to an 
extreme in which the impacts vary so much across study contexts that small studies are as 
informative as large ones. And since labor market programs do clearly vary widely in their 

39Nodding to Solon, Haider, and Wooldridge (2015), CKW accompanies this unweighted OLS with 
standard errors that are heteroskedasticity-robust, indeed clustered by study. 

38This quantization also works around another problem that is common in non-academic impact studies: 
statistical significance is not reported, except through indications that it exceeds thresholds such as p < 
0.05. Smedslund et al. (2006) handles this problem by imputing p = 0.005, 0.03, 0.075, and 0.1 for three, 
two, one, or no stars. We will do nearly the same in §6.7. 

37The trichotomous variable is modeled as ordered probit. 
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impacts, CKW’s equal-weighting may not deviate far from the balances struck by conventional 
random-effects methods. Still, so heavily weighting small studies may make the results noisier. 
 
CKW finds that: 
 

-​ Job training lifts employment by 1.4–2 percentage points in the first year from the start of 
training, and 4.0–4.6 points more than that in year 2 and beyond (CKW, Table 5, cols 3 & 
4).40 This makes sense since training can temporarily pull people out of the labor market. 
 

-​ The average impact of job training on the long-term unemployed is 12 points higher than 
for “regular” recipients of unemployment insurance (CKW, Table 9, col. 2). 
 

-​ The average impact is 6 points higher for women (CKW, Table 9, col. 2). 
 

-​ The average impact is 3 points higher for those younger than 25 than those older (CKW, 
Table 9, col. 2). 
 

-​ Across Denmark, France, Germany, and the US (countries with enough data to check) 
individually targeted programs as a whole (not just training programs) helped people 
more during recessions. They increased employment by about 3 points extra for each 
1-point rise in the national unemployment rate or 1-point drop in economic growth. 
 

-​ This meta-analysis finds little publication bias. Nor do results that make it into academic 
publications differ on average from those that do not.41 
 

-​ Experimental estimates are about 1 point lower on average than non-experimental ones, 
but that result has essentially no statistical significance. 

 
Interpreted as statements about causation, most of the results are broadly plausible. Of course, 
the results come to us through several layers of uncertainty. Most of the studies are not 
randomized. (In fact, dozens of randomized studies are not included, as we will see in the next 
section.) The meta-analytical method puts especially heavy weight on small studies. Many 
hypotheses are tested, without any adjustment for the fact that a certain number of findings will 
be statistically significant by chance. And, as CKW emphasizes, when comparing impacts 
across groups, correlation is not causation. We would be surprised if serving women rather than 
men truly causes programs to lift employment by 6 more points. 
 
We find the results for the time-profile of impacts—low in the first year, then rising—especially 
plausible. We are less confident in the subgroup findings, causally interpreted. 

41The CKW (Figure 3) funnel plots are visually and technically complicated, so they are not reproduced 
here. 

40The short-term impact is the constant term in the regression estimate, which is not reported in CKW and 
is instead extracted from the public data and code. 
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6.4 Peck et al. (2021), “A Meta-analysis of 46 career pathways 
impact evaluations” 
In recent decades, two major paradigms have emerged in the American community of practice 
in subsidized job training: sectoral strategies and career pathways. Sectoral strategies stress 
working with employers in designing training programs; section 7 will give them great attention. 
Career pathways programs are about supporting participants through steps of graduated 
difficulty, such as schooling, on-the-job training, and work experience (Fein 2012; Sarna and 
Strawn 2018, Exhibit 2.1). In the 2010s, parts of the US government invested in expanding and 
assessing the evidence base on career pathways programs. One result is the Peck et al. (2021) 
meta-analysis. 
 
The meta-analysis is framed by two questions: What are the average effects of the programs? 
And which aspects of program design and implementation are associated with success? The 
study gathers results from 46 career pathways studies, 27 randomized and 19 not. 
 
The answer to the first question is “positive.” Peck et al. (2021, Exhibit 2-1) estimates that career 
pathways programs increased employment in the professions they targeted—by an impressive 
72%, from 26 percentage points to 45 points. To this extent, the programs worked as intended. 
More broadly, the programs increased total employment by about 6 points, from a base of about 
60%. However, these statistics are averages across whatever timeframes the underlying studies 
use in computing impacts (Peck et al. 2021, p. 123), so we cannot tell whether the impacts 
started high and fell as in the Job Corps evaluation, or the opposite, as CKW found. Impacts on 
earnings are broken out by timeframe; they amount to $1,040/year in the first three years after 
treatment, over a base of $16,320. The longer-term impacts appear to be similar in magnitude, 
but the report never expresses them in dollars because they just miss the report’s significance 
threshold (Peck et al. 2021, Exhibit D-5).42 
 
To answer the second research question, about correlates of impact, the study compiles a list of 
more than 75 program traits, from whether the training lasts more than a year to whether it leads 
to a college degree. Coding these traits—assigning the 0’s and 1’s for some 75 traits and 46 
studies—constitutes a distinctive contribution. It will inform our analysis of sector programs in 
§7. 
 
Since there are more traits than studies, it is impossible to identify the impacts of each. In fact, a 
common rule of thumb is that 10 studies are needed for each potential correlate, which here 
would allow only about 4.6 traits. To narrow the field, Peck et al. groups traits into blocks, with 
themes such as demographics and eligibility criteria. Then outcomes including employment and 
earnings impacts are regressed upon each block alone. Only the “survivors” are retained: those 
statistically significant at p < 0.1 and having a standardized coefficient exceeding 0.1 in 

42The main analysis is Bayesian, so uncertainty is expressed with credible intervals. Peck et al. (2021, 
Exhibit D-6) estimates the probability of any long-term (beyond three-year) effect at 89%—and then 
imposes a threshold of 90%. The meta-analysis is conducted on standardized effect sizes. Because this 
result is discarded as insignificant, it is never translated back into dollar terms. 
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magnitude.43 Finally, the outcomes are regressed only on all the survivors. The process is 
carried out separately for each outcome and timeframe. 
 
Peck et al. nicely presents the results on correlates of success in a diagram, which is here 
excerpted as Figure 11. A handful of traits appear in the rightmost column, having the largest 
association with positive impact on employment or earnings. Programs not led by a community 
college performed better, as did ones that set minimum-income requirements, or upskilled 
workers to help them stay employed at the same company, or involved employers in designing 
curricula. As with the CKW meta-analysis, it is hard to know how much weight to put on these 
non-experimental correlations, even as they look broadly plausible. 
 

43Standardized coefficients are those that arise after standardizing all variables, i.e., dividing them by their 
sample standard deviations. 
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Figure 11. Correlates of positive impacts on employment and earnings, reproduced using 
Peck et al. (2021) 
Notes: Reproduced from Peck et al. (2021), Exhibit 3-2. 

6.5 A new meta-analysis of randomized job training experiments 
in the US 
To develop a systematic view on the rich evidence from randomized job training trials in the US, 
we perform an aggressive search for studies and meta-analyze them. We deploy Claude 
Opus—with engaged oversight—to extract the needed information on each experiment from the 
thousands of pages of reports. 
 
To build the sample, we search for US-based randomized trials of interventions that included 
training, in the following reviews: Greenberg and Shroder (2004); Smedslund et al. (2006); 
Dutta-Gupta et al. (2016); Card, Kluve, and Weber (2018); Peck et al. (2021); and Katz et al. 
(2022). We added recent follow-ups on the PACE and WorkAdvance evaluations. 
 
The humble warning in Card, Kluve, and Weber (2010)—“There are likely to be measurement 
errors and errors of interpretation in the extraction of information from the studies.”—applies as 
well to this AI-accelerated effort. The collection and collation of studies involves many judgment 
calls—some here made by humans and some by AI. Does an intervention involve training 
enough that it belongs in the sample? Is training primary in the intervention? If an impact is 
reported for months 7–18 since randomization, is that a short-term (year-1) or medium-term 
(year-2) impact? 
 
To improve the extraction, we instruct Claude to: a) produce a “reasoning table” documenting 
sources and logic for extracted values and b) perform an adversarial review of all extractions, by 
reading the reasoning table and returning to sources. As in analyses done without the aid of AI, 
as we learn our way around the data and analyze it, we spot-check and revise the extraction. 
 
Another limitation is typical in this literature: many non-academic impact studies do not report 
continuous metrics of statistical significance, such as standard errors. Instead they only indicate 
whether significance exceeds certain standard thresholds. When the indicator is binary 
(treatment take-up, employment) and no controls are included, this is not a problem because a 
standard formula links point estimates and standard errors. When it is not, then, for binary 
outcomes, we use that formula anyway, while for the continuous outcome of earnings, we follow 
Greenberg, Michalopoulos, and Robins (2006, note 9) in imputing p = 0.005, 0.03, 0.075, and 
0.55 for p < 0.01, p < 0.05, p < 0.1, and p > 0.1. These uncertain imputations influence the 
meta-analytic, random-effects results. 

6.5.1 The sample 
Our sample consists of 56 studies. Of these, 24 report results for several demographics, 
implementing organizations, or localities. This brings the number of impact estimates to 146. 
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The sample covers its niche more thoroughly than previous meta-analyses. Thirty-seven of the 
56 studies are in Smedslund et al. (2006), zero are in Haelermans and Borghans (2012), 2 are 
in Card, Kluve, and Weber (2018), and 26 are in Peck et al. (2021). The sample includes the 
four major US-based experiments reviewed in §4 as well as many studies of smaller programs. 
 
Because workforce programs are diverse and multifaceted, job training features more 
prominently in some than others, and drawing the line between training and non-training 
interventions is difficult. We erred toward inclusion, while having Claude assess whether job 
training was a primary feature in each program. Roughly half the experiments cleared this 
hurdle: 33, with 78 impact estimates. We meta-analyze the full set of studies as well as this 
“training-primary” subset. 
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Notes: Full sample is 146 estimates from 56 studies. Averages are unweighted. Sample sizes vary 
because of missing data. For multi-region experiments, “regional” unemployment is national. Cost figures 
are per treatment group member. 
 
Most of the study traits we collect are listed in Table 1 along with their unweighted averages and 
standard deviations. The studies are overwhelmingly set in cities and spread rather evenly 
across Census regions. Most aim to serve low-income people, with only 3–4% meant for 
dislocated workers. Women and blacks disproportionately enter the study samples. Where 
training is primary, classroom training is a component 90% of the time and on-the-job training 
just 29%. People spend about 6 months in these programs, at a cost of $13,046 per person 
offered treatment (in 2025 dollars; not per person trained). Self-described sector programs are a 
minority, as are, more generally, efforts to engage employers. Nearly all studied interventions 
were publicly funded, but slightly less than half the training-primary interventions delegated local 
implementation to private organizations. Few of the experiments are written up in academic 
journals. 
 
Figure 1 provides a graphical overview of the impact estimates in the data set. It shows all the 
annual—or annualized—earnings impacts as a function of follow-up time. In fact, the data points 
differ from those in the meta-analysis because they are kept at the cadence used in the primary 
sources—monthly, quarterly, yearly, etc. The three federal programs—JTPA, Job Corps, and 
WIA—are plotted in blues. Some standout sector programs are marked in shades of magenta. 

6.5.2 Average impacts 

 
Table 2 
Notes: Impacts are estimated with restricted maximum likelihood (REML) meta-analysis. Control group 
averages are computed using the corresponding REML weights. “SD/SE” columns hold standard 
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deviations of control-group values and standard errors of impact estimates. Sample sizes vary because of 
missing data. Short-term outcomes have a ~1-year follow-up, medium-term ~2 years, and long-term 3–5 
years. 
  
Random-effects impact averages appear in Table 2. The outcomes are four: the take-up rate for 
the tested program; the take-up rate for any training; employment; and earnings. Impacts on the 
latter two are split by timeframe. Following CKW, the timeframes are short-term (year 1 after 
randomization), medium-term (year 2), or long-term. We implement the latter as years 3–5, 
subject to data availability, because most studies stop follow-up before year 6, and many well 
before that.44 Since some studies produce estimates for multiple populations, which may not be 
fully independent, we cluster standard errors by study. We use the dominant random-effects 
estimator, restricted maximum likelihood (REML). The results are therefore geared to represent 
the impact of the typical study, not the average impact on participants across all studies. 
 
If “work” means to increase employment and earnings on average, and to a statistically 
significant degree, then job training has worked in the US. In Table 2, 11 of the 12 mean impact 
estimates are 2–4 times their standard errors, making them highly significant. (All are ITTs, 
expressed per person offered treatment.) The exception is for the short-term impact of 
training-primary programs on earnings, which may reflect temporary earnings losses while in 
training. 
 
However, the average training program does not make a big difference. From a base 
employment rate of about 60%, it boosts the chance of having a job by 2.5–2.9 points in the 
medium term (year 2) and 1.7–1.8 points in the longer term (the pairs of numbers being for all 
programs and training-primary ones). The average program lifts pre-tax earnings by 7.8% in the 
medium term, meaning by $1,000–1,100/year from $12,500 in the full sample and $14,700 in 
the training-primary sample. The long-term earnings impacts are 4.9%, i.e., $700–800 from 
bases of $14,400 and $16,100 (all figures in 2025 dollars). 
 
One cause of the low impacts on labor market outcomes—but also a source of hope in some 
scenarios—is the low impact on participation in training. In training-primary interventions, the 
experimental offer of entry is accepted 75% of the time, while only 9% of the control group 
manages to access the treatment. Dividing that difference, 66%, into the ITTs quoted just above 
produces what we call “LATE-program” estimates 50% larger. Similarly, the impact on 
participation in any training program is only 28%, because many control group members find 
alternative trainings. If these substitutes are equally effective, then the impacts of training per 
se—the values of “LATE-training”—are 1/0.28 ≈ 4 times the ITTs reported in the lower rows of 
Table 2. If the average training program were hypothetically run in a context where alternatives 
were scarcer, its training take-up and the ITTs could be up to 4 times higher. 

44Longer-term estimates are available for a few programs, notably Year Up, for 7 years (Fein and Dastrup 
2022), Project QUEST for 11 (Roder and Elliott 2021), and the Job Corps for 20 (Schochet 2021). 
However, there may be a tendency to follow successful programs longer. 
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6.5.3 Benefit and cost 
Many studies in our sample compare the benefits and costs of training. All count the upfront 
cost of the programs and the impacts on (pre-tax) earnings. They vary in what else they include: 
impacts on crime, tax transfers, the value of goods and services produced during training, etc. 
 
In the face of this diversity, to perform a benefit-cost analysis of meta-analytical results, we 
mostly hew to the model of the recent, four-site WorkAdvance demonstration (Schaberg and 
Greenberg 2020).45 See Appendix G for details. The analysis distinguishes between the 
perspectives of the participant, government, and society, the last being the algebraic sum of the 
first two. It estimates transfers between government and participants—more precisely, treatment 
group members—associated with taxes and reliance on public benefits such as food stamps. 
Sales taxes, which in the US are levied by state and local governments, are included, for they 
are another channel that transfers some of what is earned and spent from trainee to the public 
fisc. The analysis adds (or subtracts) work-related spending, such as on uniforms and gas to get 
to work, and the opportunity cost of unpaid time.46 
 
We compute five summary statistics on the information arrayed in this framework: 
 

-​ A narrow benefit-cost (B-C) ratio. The numerator is the net present value of lifetime 
impacts on total compensation (not just pre-tax earnings). The denominator is upfront 
training costs.​
 

-​ A broader B-C ratio, which nets out from the denominator the reduction in spending on 
other training. 
 

-​ The marginal value of public funds (MVPF), which is the ratio of the net benefit to the 
participant to the net cost for governments. Here, government is assumed to fund the 
training. 
 

-​ The ratio of net cost to gross cost for government, which indicates how much training 
pays for itself through higher tax revenue and lower spending on public benefits (again, 
assuming government pays for it). 
 

-​ The internal rate of return (IRR) from the societal point of view, which is the discount rate 
at which costs and benefits balance. 

 

46Two studies in our sample estimate and monetize crime impacts: MDRC (1980) on the National 
Supported Work Demonstration (ex-addict and ex-convict groups) and McConnell and Glazerman (2001) 
on Job Corps. We opt not to because the linkage is complex and incompletely understood. For example, 
successful applicants to sector programs could have much lower criminal propensity than school 
dropouts, ex-convicts, and ex-addicts. Likewise for AI-displaced workers. 

45The late David H. Greenberg also coauthored a textbook on benefit-cost analysis. 
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Although the narrow benefit-cost ratio as defined here leaves out tax flows and other factors, it 
has the virtue of being easy to understand, thus perhaps more salient to policymakers. It is 
meaningful for private funders too, who cannot net out tax savings. 
 
All dollar figures are expressed per treatment group member, not per trainee. In other words, 
they are on an ITT rather than LATE basis. That distinction, however, does not affect the five 
summary statistics. 
 
For training-primary programs, we roughly estimate that: 
 

-​ The average program does a bit better than breaking even, with a narrow B-C ratio of 
1.44, a wide one of 1.80, and an MVPF of 2.52. 
 

-​ The average program, assuming it is government-funded, ultimately covers some 76% of 
its costs. That figure includes fiscal savings for federal, state, and local governments. 
 

-​ The societal IRR is 5.97%. 

6.5.4 Correlates of impact 
For extrapolating to an AI-disrupted future, it matters how the impacts differ across subgroups. 
For example, if training has worked better for mature adults, that will speak (tentatively) to its 
efficacy for dislocated, midcareer workers. That said, the caveat about cross-group comparisons 
bears repeating: no matter how rigorous the individual studies, meta-analytical comparisons 
among them are not as dispositive as to which factors cause training to be more effective as 
distinct from merely being correlated with them. 
 
To prune the list of potential correlates in our meta-regressions, we copy the block-based 
method in the Peck et al. (2021) meta-analysis (§6.4). In addition, to compensate for missing 
values in some variables, we run the meta-regressions with and without multiple imputation, 
which is a method for filling in the missing values while adjusting the standard errors for the 
uncertainty of those imputations.47 

47We generate 10 imputed data sets, separately for each outcome and timeframe. 
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Table 3  
Notes: REML estimates. Employment impacts are measured in percent, and earnings impacts are in 
2025 dollars. As explained in text, in each regression, the included regressors are survivors of initial 
block-by-block regressions. Medium-term impacts are ~2 years and long-term >~3 years. Standard errors 
in parentheses, clustered by study. Results in MI columns (✓) are pooled across 10 imputations; other 
columns use complete cases. Each pair of employment regressions produces different results despite the 
same sample size because missingness in non-surviving variables restricts the samples in some initial 
regressions that determine survivors. * p < 0.10, ** p < 0.05, *** p < 0.01 
 
The final meta-regressions—the ones on the “survivors” of block-based selection—are reported 
in Table 3. For statistical power, the sample includes all studies, not just training-primary ones. 
Results for short-term (year-1) impacts are omitted since they matter less and may be 
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dominated by temporary effects of being in the programs. In reviewing the results, it is best to 
focus on consistent patterns across the columns. 
 
We see that the medium- and long-term impacts on employment have fallen by about 0.07 
points per year since the 1970s. Programs tested in the South (the reference region in the first 
panel) did not work as well for employment; employment impacts in the other regions 
(Northeast, Midwest, West) were 2–4 percentage points higher. Classroom training showed no 
clear advantage, and it appears harder to help dislocated workers.  
 
Other statistically strong results are associated with small numbers of programs. The sole 
program with long-term results that expressly targeted people with drug problems or past 
involvement with the law—the National Supported Work Demonstration—entirely drives the 
impressive impacts on the “justice-involved.” The two programs that served people with 
intellectual disabilities boosted employment about 8 points in the long term.48,49 And the 
apparently powerful impact of an employer committing to hire graduates—$8,000–9,000 in year 
2 and beyond—owes to three programs: the Wildcat program that inspired the NSWD, Year Up, 
and the Wisconsin Regional Training Partnership. Section 7.1 will discuss the second and third. 
 
Intriguingly, the local unemployment rate is also associated with the effectiveness of training 
programs. To investigate the link to job market conditions, we include a covariate giving the 
average regional unemployment rate during the follow-up for that study. (The “region” is one of 
the four Census regions or, for multi-site evaluations, the nation.) Where the unemployment rate 
is 1 point higher, a training program boosts employment by 1.2 points more in the medium term 
(year 2 after randomization) and earnings by $250/year. However, the association is much 
weaker in the longer term (years 3–5). In the initial regression for the block of various variables 
characterizing the study setting (not shown here), the coefficient on long-term employment is 
only 0.37 points and is quite indistinguishable from 0, statistically. It does not survive into the 
long-term regressions reported in the table, so the corresponding cells are blank. 
 
Several theories could explain the medium-term association between the local unemployment 
rate and the impact of training. When unemployment is high, the marginal participant may be 
someone who just lost a job, who has a track record of productive work, and who is more able 
to take advantage of training and the opportunities it leads to. It could also be that mismatch 
unemployment is higher when unemployment is higher, which increases the returns from 
switching industries (Şahin et al. 2014). A final explanation is that when unemployment spikes, 
competition for training increases. That reduces the alternatives available to the control group, 
against whom results in the treatment group are benchmarked. In effect, each training program 
becomes more needed and less redundant. As discussed in section 3.2, that could lift the effect 
of offering training (ITT) even without any change in the impact of training on the trained. 

49The relatively low impact on programs for dislocated workers solely reflects the null results of the WIA 
(§4.4). Two other programs in the sample—the New Jersey Unemployment Insurance Reemployment 
Demonstration (Anderson, Corson, and Decker 1990) and the Texas Worker Adjustment Demonstration 
(Bloom 1990)—also targeted this group. But the studies only reported short-term impacts. 

48The Structured Training and Employment Transitional Services trial (Kerachsky et al. 1985) and the 
Transitional Employment Training Demonstration (Decker and Thornton 1995). 
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Evidence not shown in the table supports the latter theory. In the initial block-by-block 
regressions, a 1-point increase in unemployment is associated with 3.4 more points of program 
participation; the standard error is 2.8, meaning that the finding, while suggestive, does not 
meet the statistical significance “survival” criterion applied here. But when we switch from 
participation in the program of interest to participation in any training program, the medium-term 
association with the unemployment rate becomes even bigger and quite statistically strong, at 
4.7 points (standard error 1.8). Indeed, when jobs are tighter, offering another training program 
increases the number of people getting any training. 
 
A distinct puzzle is how to interpret the qualitatively different associations between impact and 
unemployment over the medium and long term. The weak association in the long term might 
just owe to the shrinkage of sample and the loss of statistical power. Or it may be that training’s 
direct impact on employment comes mainly in the months after exiting a program—roughly, the 
medium term. That effect may persist over years, as those with jobs retain them, but may 
depend little on the contemporaneous unemployment rate. In Appendix F, we report results from 
meta-regressions like those in Table 3, with one addition: the impact of training in the previous 
timeframe is controlled for. We expect that its coefficient will be smaller in the medium-term 
impact meta-regressions because there the persistence term is for the short term (year 1 after 
randomization), and contains transient artifacts of being in training. Sometimes training takes 
people out of the job market. Sometimes it guarantees them a job, temporarily. 
 
This “persistence” term, shown in the top row of the table in Appendix F, is statistically strong 
throughout. It is smaller in the medium term for employment (as expected), but not for earnings 
(surprisingly). In the long-term regressions without multiple imputation, the medium-term 
impacts gain coefficients of 0.48 and 0.52.50 This suggests that the medium-term associations 
with unemployment mentioned above—1.2 points of employment impact and $250/year of 
earnings impact—persist into years 3–5 at half those levels. 
 
Overall, the results relating to the unemployment rate suggest that training helps people bounce 
back faster after losing their jobs. However, the lack of longer-term association suggests that 
local job market conditions do not matter for whether training puts people on a permanently 
better work track. 
 
Forest plots showing the impacts of individual studies along with these bottom lines are 
viewable through a web interface at droodman.github.io/job-training-meta-analysis. Also posted 
there are tables reporting the block-by-block meta-regressions from which the survivors are 
extracted. 

50 The multiple imputation regressions are somewhat less reliable here because they assume that the 
missingness in long-term impact estimates is unrelated to the new regressor, medium-term impact. In fact 
there is some tendency to follow successful experiments longer. 
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6.5.5 Randomized job training experiments in the US: summary 
The meta-analysis of randomized trials in the US supports these conclusions: 
 

-​ Job training programs on average boost employment and earnings. 
 

-​ The ITT impacts are small, at about 2 points of employment, and $1,000–1,100 in 
pre-tax earnings in year 2 and $700–800/year beyond. This is enough to offset the costs, 
we roughly estimate. 
 

-​ Programs backed by a hiring commitment from employers increase the earnings of 
admitted students an order of magnitude more. The result is driven by a small number of 
studies but is intriguing in light of the excitement about “sector programs,” to which we 
will soon turn. 

7 Zeroing in on sector programs 

7.1 History 
As the US government lumbered through iterations and evaluations of its billion-dollar workforce 
programs, social entrepreneurs, foundations, and state and local governments continued 
experimenting at smaller scales. As mentioned, one paradigm that emerged was the “sector 
strategy,” programs that worked closely with employers, screened job seekers, taught them 
occupational and work-readiness skills, and placed them in quality jobs in specific high-demand 
industries. In a sort of convergent evolution, elements of the approach appeared in the 1980s, in 
spots across the country (Mangat 2007; Conway 2014; King and Prince 2015). Eventually 
observers noted the similarities and gave the family a name.51 
 
While experts may disagree on nuances, all stress that sector programs actively intermediate 
between potential employers and potential employees. This stance contrasts with the implicit 
“train and pray” approach of most schools and community colleges. Intermediaries who work 
closely with major local employers can keep tabs on which skills are in demand, incorporate that 
into curricula, arrange internships, and earn employers’ trust that their graduates make good 
workers. King and Prince (2015) explains that the sector approach breaks from a common 
pattern: 
 

…in which multiple training providers, to degrees varying between “hardly at all” 
and “effectively,” identified the skills in demand, created curricula… and then 
competed… to have their trainees hired. Duplication of effort, inconsistency in 
training standards, and the occasional fly-by-night training providers all contributed 
to employers’ suspicion…. [E]ducation and training institutions have little incentive 

51 See footnote 6 for more on the definition.  
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to engage employers because their funding is based on enrollment in, and 
sometimes completion of, classes rather than on job placement.  

 
Most of the trial, error, and learning that forged the sectoral strategy took place without recourse 
to randomized trials. But the example set by the National Supported Work Demonstration did 
play a role, as private foundations sought to rigorously test claims, and positive results stoked 
optimism and funding. Those encouraging results are precisely why this section is devoted to 
sector programs. 
 
When thinking about how to build on the success of some sector programs, it is important to 
recognize that how they work is intertwined with how they came to be. Embedding the model in 
another institutional context, such as a federal program, might lose the essence, depending on 
how done. We therefore begin by recapping the history while emphasizing the role of 
randomized research. 

7.1.1 The Center for Employment Training in San Jose 
In the 1980s, after the federal government terminated the NSWD, the Rockefeller Foundation 
funded a set of four randomized studies called the Minority Female Single Parent 
demonstration. One site stood out: the Center for Employment Training (CET) in San Jose. In 
the last year of the 2.5-year follow-up, CET boosted employment from 57% to 66%, and monthly 
pay from $405 to $506 (in 1986 dollars; Burghardt et al. 1992, Table IV.1). 
 
Meanwhile, with funding through the JTPA, MDRC launched a 13-site demonstration called 
JOBSTART. It tested ways to help young school dropouts, the group that the NSWD had helped 
least. Once more, one program stands out in the results tables: CET. In the last two years of 
follow-up, CET’s treatment-control difference averaged $250/month. (Cave et al. 1993, Table 
5.12) 
 
What made CET different? It was not that the students spent six months in the classroom 
learning occupational skills. More distinctive was that CET shared features with what would later 
be called sector programs, “including a focus on good jobs and links to employers” (Giloth 2010, 
p. 20). 
 
Impressed by the findings, the Department of Labor launched a project in 1992 to replicate 
CET’s model at 14 locations across the country and evaluate it through randomization. It did not 
go well. Only four sites were deemed to have copied the model with high fidelity—and those 
were CET chapters outside San Jose. No site produced sustained, positive, significant results 
(Miller et al. 2005, Table 3.2). The evaluators tentatively attributed the lack of impact to several 
factors: the youth who were served by the replications were slightly better off; the economy was 
doing better; and control group members had other options for training (Miller et al. 2005, p. xi). 
They also suggested that the secret sauce consisted of bonds to local actors, built over years: 
 

CET-San Jose is unique in so many ways, having grown organically over 20 years, 
with an unusually committed founder and staff, very strong ties to the local 
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community, and a tradition of political advocacy on behalf of the local Hispanic 
community. Perhaps a homegrown model like CET cannot be easily exported in a 
top-down way to other areas (Miller et al. 2005). 

7.1.2 Project QUEST: Hint from non-randomized research 
Noticing patterns, private funders settled on the term “sectoral strategy” (Conway 2014). To 
learn more about programs under this umbrella, the Mott, Ford, and Casey foundations funded 
two collections of non-randomized evaluations, which merely checked whether people earned 
more after going through the program than before (Zandniapour and Conway 2002; Roder 
2008; Conway 2014, p. 50).  
 
One should expect regression to the mean to bias such studies, known in labor economics as 
“Ashenfelter’s dip” (Ashenfelter 1978; see Appendix A.2). People whose fortunes oscillate are 
more likely to enter a training program just after their latest downswing and then, in many cases, 
at least partially recover even without training. As with CET a decade earlier, one program 
appeared in both collections and was the standout in each. Project QUEST in San Antonio, 
Texas, produced the largest earnings rise among six programs analyzed in Zandniapour and 
Conway (2002, Figure 2), from $5,367/year before entry to $24,907/year after. It ranked first 
among the nine programs in Roder (2008, Figure 1) as well. The program did not run trainings. 
Instead, after consulting local healthcare employers about their staffing needs, it worked with 
community colleges to structure and run certificate programs for its recruits. Its graduates 
earned qualifications as radiology technicians or registered nurses, among other professions. 

7.1.3 The Sectoral Employment Impact Study and a randomized evaluation 
of Project QUEST 
The organization that ran that last study, Public/Private Ventures, embarked on randomized 
evaluations of a trio of mature sector programs in the mid-2000s. P/PV also initiated a trial of 
Project QUEST, which another group, Economic Mobility Corporation (“Mobility”), would 
complete. The four are about as diverse as four sector programs can be (Maguire et al. 2010, p. 
ii; Roder and Elliott 2018, pp. 26–27): 
 

-​ Project QUEST, in San Antonio. 
 

-​ The Wisconsin Regional Training Partnership (WRTP) is an association of unions and 
employers in Milwaukee that ran 2–8-week trainings in response to specific requests 
from employers. The employers committed to hiring the graduates. 
 

-​ Jewish Vocational Service in Boston (JVS-Boston) conducted intensive, 
five-and-a-half-month courses that prepared people to work in medical billing and 
accounting, among other activities. 
 

-​ Per Scholas in New York was a “social venture” that refurbished old computers, 
distributed them to low-income people, and used these activities as a training conduit. 
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The programs boosted earnings by $2,000–5,000/year (Maguire et al. 2010, Tables 11, 15, 17; 
Roder and Elliott 2018, Figure 6). This is a remarkable set of results—four for four—and was 
immediately recognized as such. 

7.1.4 Year Up: Early randomized evidence 
In 2008, a non-profit called Year Up, which works with young adults and forms tight partnerships 
with major corporations, retained Mobility to run a small evaluation of its operations in Boston, 
New York, and Providence. Initial earnings impacts were similarly impressive. That appears to 
have led Mobility to publish the pilot and obtain funding to follow subjects longer (Roder and 
Elliott 2014, p. 1). 

7.1.5 Pathways for Advancing Careers and Education (PACE) 
As part of the federal interest in career pathways programs, the US Department of Health and 
Human Services launched a family of trials called PACE (Pathways for Advancing Careers and 
Education). Recall that career pathways programs support participants through schooling, 
training, and work steps of increasing difficulty. While such sequencing need not come at the 
expense of collaborating with employers—one plank of the sectoral strategy—in practice it 
tends to (King and Prince 2015, p. 202). 
 
PACE evaluated several programs that arguably merited both labels, including the Valley 
Initiative for Development and Advancement (VIDA) in the Lower Rio Grande Valley of Texas, 
which was modeled on Project QUEST; and Year Up, this time with a larger sample across eight 
cities. Once again, the repeat performer performed by far the best: Year Up boosted incomes by 
an extraordinary $8,000/year, with the impact showing no diminishment after seven years (Fein 
and Dastrup 2022, Exhibit 2-1), although this also had standout costs of around $30,000 per 
participant. The other eight PACE evaluations produced no clear impacts on employment or 
earnings. 

7.1.6 WorkAdvance 
Starting in 2011, MDRC fielded a quartet of evaluations called WorkAdvance. The “advance” in 
the name nods to an emphasis on supporting and coaching people after they have found better 
jobs, so that their trajectories continue to climb after they make the leap to steady work. Yet 
again the repeat performer—Per Scholas (see above)—was the standout. It unambiguously 
lifted wages. The other three did not at first (Towards Employment, St. Nicks Alliance, and 
Madison Strategies Group; Schaberg and Greenberg 2020, Tables 2.1–2.4). However, 7–10 
years after randomization, the impact of St. Nicks rose to $8,000/year, with statistical 
significance (Yusim et al. 2025, Table 3). 

7.1.7 Katz et al. (2022): Academic recognition 
In 2020, academic economists Lawrence Katz and Jonathan Roth collaborated with MDRC’s 
Richard Hendra and Kelsey Schaberg to analyze why some sector programs are so effective. 
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The paper marshals the evidence for the trio evaluated by P/PV, as well as Project QUEST, Year 
Up, and the WorkAdvance programs. Katz et al. (2022) became the leading summation of the 
evidence of the effectiveness of sectoral programs. 

7.2 Some takes on the history of research on sectoral programs 
We distill this history with a few observations: 
 

-​ The diversity, within a large country, of implementers and funders; the flexibility of private 
organizations to experiment; the mechanisms of community to share hopes and 
discoveries; and the collaboration between doers, funders, and researchers have led to 
slow collective learning. 
 

-​ The placement of randomized studies is indeed non-random. Several programs got 
evaluated more than once. Evidently, their managers were committed enough to the 
scientific method to collaborate with researchers wanting to double-check startling 
research findings. In one case, Year Up, results from a pilot study were apparently 
impressive enough to raise the probability that they reached our eyes, and to motivate 
the launch of a larger study. In another, Project QUEST, strong results attracted funding 
to continue tracking impacts (Roder and Elliott 2021). 
 

-​ Notwithstanding the selection and self-selection, it is clear that a) certain programs are 
genuinely making a difference for their enrollees and b) they share traits, notably a 
commitment to collecting and incorporating knowledge about the demand for skills 
among local employers. The earnings impacts of a few of them are highlighted in Figure 
1. 
 

-​ From the point of view of evaluators, stars are generally found, not made. One reason 
appears to be that it takes programs time to mature. Ten of the 14 cases in the CET 
replication were classed as low- or medium-fidelity. The newer programs in 
WorkAdvance did not perform as well as Per Scholas, at least for the first 5 years. The 
generalization here is not neat, however. Even CET’s high-fidelity replications of its San 
Jose program did not raise earnings over the long term. The most successful replication 
evidenced in the research is Year Up’s expansion outside of Boston (Fein and Dastrup 
2022, Exhibit 2-9). 
 

-​ It is appropriate to theorize post hoc about why certain programs work. But it is also 
tricky. The sample of studies is small. It is tempting to explain away failures as not being 
true sector programs. Comparisons across trials are subject to the caveat that 
correlation is not causation. 
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7.3 Revisiting the sample of studies in Katz et al. (2022) 
Katz et al. (2022) is not a meta-analysis or systematic review. Its purpose is to use the results 
from certain encouraging evaluations to test economic theories about why they work. 
Nevertheless, because Katz et al. has become a proof point for the idea that sector programs 
work, it is worth thinking critically about how well its 9 studies of 8 programs represent the body 
of evidence on sector programs. 
 
Revisiting the selection of studies leads to a question of definition. What is a sector program? 
Does the CET count even if it predated the term? What about its low-fidelity replications? 
“Sector program” turns out to be a bundle of loosely defined potential attributes. The most 
systematic effort to concretize “sector program” is in the Peck et al. (2021) meta-analysis 
reviewed in §6.4. Among the more than 75 program traits that review defines, 15 or so pertain to 
working with employers. Examples: whether programs convene advisory councils to solicit 
high-level input on program design; whether companies promise to hire graduates, or provide 
mentors. These traits are listed on the left of Table 4, below; the table also shows how Peck et 
al. scores the 8 programs in Katz et al. 

 
Table 4 
Notes: Peck et al. (2021) codes the programs in 46 studies on more than 75 traits. Shown here are the 
codings related to employers’ role. Per Scholas was evaluated two times, and was given somewhat 
different codings in each case. Program efforts to assure that “curricula adapted for employers’ needs” 
and employer contributions of “input on curriculum or program development” are in practice hard to 
distinguish. The eight studies shown are those covered in Katz et al. (2022). PACE is the Pathways for 
Advancing Careers and Education evaluation program.52  

52 Source: public-use dataset accompanying Peck et al. (2021) (U.S. Department of Labor, Chief 
Evaluation Office, n.d.). 
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When it comes to collaborating with employers, Year Up checks by far the most boxes. It is one 
of two in which corporate partners “commit to hire” graduates—or, more precisely, to offer 
six-month internships after the six months of training (Fein and Dastrup 2022, p. 4). Only Year 
Up arranges for the partners to supply mentors. 
 
When the table is scanned by rows rather than columns, two nearly synonymous traits stand out 
as universal: “curricula adapted for employers’ needs” and employers having “input on 
curriculum or program development.” We therefore provisionally equate “sector program” with 
employer involvement in curricula. That resonates with the core idea of forging a strong link 
between pedagogy and workplace needs. As mentioned in §6.4, Peck et al. finds that this trait is 
one of the strongest correlates of positive wage impact.53 (In our meta-analysis in §6.5, this 
explanatory factor is outcompeted by whether employers commit to hiring graduates.) 
 
With this working definition of a sector program in hand, we ask which sector programs with 
randomized studies are not covered by Katz et al. Table 5 addresses this question. It is built 
starting from the list of programs with randomized evaluations that Peck et al. rates as having 
either of those two nearly indistinguishable traits. Three programs are then dropped for lack of 
strong textual evidence that the programs were designed to substantially involve employers in 
curriculum development, or for lack of medium- or long-term impact estimates.54 On the other 
hand, CET and its replications, which are excluded from Peck et al. for not being “career 
pathways” programs, are added. 

54Green Jobs and Health Care in Minneapolis, IBEST, and YouthBuild are excluded on the first criterion 
and Career Pathways in Louisiana on the second. 

53Technically, this statement refers to the second trait, employers having input. But the two are correlated 
0.58 (Peck et al. 2007, Exhibit E-9), so their associations with outcomes are hard to distinguish. 
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Table 5 
Notes: Q = quarter. Aside from CET and its replications, all programs are marked by Peck et al. (2021) as 
involving employers in curriculum development. Three so marked are dropped for lack of textual support: 
Green Jobs/AIOIC, PACE/I-BEST, and PACE/PCPP. Sources: Burghardt et al. (1992), Rangarajan, 
Burghardt, and Gordon (1992), Cave et al. (1993), Miller et al. (2005), Maguire et al. (2010), Martinson et 
al. (2016), Copson et al. (2016), Rademacher, Bear, and Conway (2001), Roder and Elliott (2021), Betesh 
et al. (2015), Modicamore et al. (2017), Schaberg and Greenberg (2020), Gardiner and Juras (2019), 
Copson, Martinson, and Gardiner (2014), Gardiner and Grittner (2022), Rolston, Copson, and Gardiner 
(2017), Farrell and Martinson (2017). 
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This exercise confronts us with a distinction between intention and execution. The evaluators 
judged that only 6 of 14 CET replication sites achieved high fidelity on “employer involvement in 
design and training” (Miller et al. 2005, Table 1.1). (Separately, as noted, they judged that only 4 
replicated the CET with high overall fidelity.) One can argue that the low-fidelity sites should be 
deleted from the sectoral strategy evidence record. Loosely speaking, they don’t count because 
they didn’t do it, or didn’t do it right.55 This makes sense when the goal is to learn from success. 
But it is sometimes more meaningful to generalize from what was planned than what was done. 
For a decision-maker pondering whether to greenlight a project to bring sector-based training to 
more people, the decision is not exactly whether to do that but whether to back people who plan 
to do it. The proper reference class for predicting impacts is then the set of past projects with 
similar stated plans. 
 
Since there is value on both sides of this distinction—learning from intended sectoral programs 
as a group and actual sector programs as a group—Table 5 lists programs fitting the more 
inclusive meaning (intention) while adducing information as to the more demanding meaning 
(implementation). In addition, the table supplies facts that situate Katz et al. within the larger 
body of evidence on sectoral programs. It documents how long subjects were followed, because 
Katz et al. only includes studies with “medium-term impact estimates (covering 2 years or more 
after randomization).” And it shows whether outcome data came from self-report or official 
sources and, if the first, the response rate. 
 
Overall, because we are interested in generalizing from the full evidence base on (would-be) 
sector programs, there is a good case for adding 10 randomized evaluations of sector programs 
to the 9 (of 8 programs) in Katz et al. They are the CET and its replications; three of the Green 
Jobs and Health Care experiments (Martinson et al. 2016); the Accelerated Training for Illinois 
Manufacturing program (Betesh et al. 2015); the Accelerating Connections to Employment 
programs in Maryland and Texas (Modicamore et al. 2017); and three PACE programs in 
addition to Year Up, including VIDA in the Rio Grande region of Texas. 
 
It is of course arguable whether the trait we have singled out as definitional—employer 
engagement in curricula—truly is. Nevertheless, we believe this exercise expands the reference 
class of sector programs in a way that is reasonably meaningful and minimally arbitrary. 
 

55It is entirely possible that some deviations from the CET model made the replications more effective. 
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Figure 12. Annual earnings of subjects in selected PACE-evaluated programs 
Notes: Adapted from Juras et al. (2022). Shown are results from the four programs in the Pathways for 
Advancing Careers and Education (PACE) evaluation that best fit the “sectoral strategy” label. 
Randomization took place in quarter 0.  
 
To convey the range of performance in this larger family, Figure 12 shows earnings in the 
treatment and control groups of the four PACE-evaluated ones. One of the plots is not like the 
others. Students in Year Up earn less during that initial year of classroom work and internship, 
but then shoot past their control-group peers. Thereafter the gap between the two holds steady 
at around $2,000 per quarter per treatment group member. The program (on average) lifts 
students onto a higher-paying career track. The other three PACE programs achieve no such 
success. 
 
Meta-analytic impact estimates for the larger family of sector programs are reported in Table 6. 
For context, Figure 13 and Figure 14 collate the ITT estimates from the individual studies. In 
these forest plots, central estimates are represented with dots and 95% confidence intervals 
with whiskers; the results are also shown numerically on the right. Impacts on annual earnings 
are adjusted for inflation to dollars of 2025. A random-effects average appears at the bottom of 
each plot. 
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