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Glossary 
Incumbent worker: An individual who is employed but needs training to upgrade their skills to secure 

full-time employment, advance in their careers, or retain their current occupations in H-1B 

occupations and industries. Incumbent workers are workers who typically are employed in lower-

skilled, lower wage, front-line, and/or entry-level positions, and where attaining new skills and 

competencies could help advance them into middle- and high-skilled jobs with their current employer. 

Institution of higher education (IHE): Generally, a two-year or four-year college or university. For 

purposes of the grants, applicants had to represent a consortium of institutions of higher education, as 

defined in Section 102 of the Higher Education Act of 1965 (20 U.S.C. 1002) or be a state system of 

higher education, such as a community college system office or a single state higher educational board. 

Mentor: Provides on-the-job training opportunities for apprentices. Mentors are typically other 

employees of the hiring employer who are already fully proficient in the occupation being learned by 

the apprentice.  

Occupation, occupational field: The specific job associated with an apprenticeship program. The U.S. 

Department of Labor Office of Apprenticeship or a State Apprenticeship Agency (SAA), which assigns 

the job a distinct occupational code, must approve occupational fields. Grantees can operate multiple 

apprenticeship programs within an occupational field, and sponsors can operate multiple programs 

across different fields.  

On-the-job training (OJT): Every apprenticeship program includes OJT (called “on the job learning” in 

apprenticeship regulations and OJT in the funding announcement). Apprentices get hands-on training 

from an experienced mentor at the job site for typically not less than one year. Structured OJT 

experiences are developed by mapping the skills and knowledge that the apprentice must learn over 

the course of the program to be fully proficient at the job. Employers traditionally bear most training 

related costs. 

Pre-apprenticeship program: Prepares individuals to enter and succeed in an apprenticeship program 

through a training curriculum based on industry standards. Can include educational and pre-

occupational services (e.g., career and industry awareness workshops, job readiness courses), hands-on 

training in simulated lab experience or through volunteer opportunities, and assistance in applying to 

apprenticeship programs. Pre-apprenticeship programs involve formal partnerships with at least one 

apprenticeship program sponsor.  
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Registration Agency: The U.S. Department of Labor Office of Apprenticeship or a federally recognized 

State Apprenticeship Agency (SAA) act as a Registration Agency, responsible for evaluating an 

apprenticeship program’s apprenticeship standards and for ongoing evaluation of apprenticeship 

programs to determine whether they comply with federal regulations related to program design, 

worker protections, and other criteria. Registered programs can access federal resources, state tax 

credits where available, and technical assistance.  

Registered apprenticeship program (RAP): A paid, structured program of work-based learning under 

mentors, providing both value to employers and formal technical instruction to workers, and 

culminating in an industry-recognized credential that meets standards for registration by a Registration 

Agency. The DOL Office of Apprenticeship recommends that a registered apprenticeship program 

includes at least 144 hours per year of related technical instruction and requires at least 2,000 hours 

of on-the-job training. An apprenticeship sponsor for a specific occupation runs the training program. 

Sponsors are responsible for registering individual apprentices and determining whether they have 

successfully completed the apprenticeship program.  

Registered apprenticeship program addition, expansion, maintenance, or revision: Changes to an 

existing registered apprenticeship program, including the development of programs in additional 

occupational fields by an existing apprenticeship sponsor. Maintenance or expansion may also entail 

transitioning from a time-based apprenticeship to a competency-based or a hybrid apprenticeship.  

Related technical instruction (RTI): Instruction that complements the apprentice’s on-the-job learning, 

delivering the technical concepts and workforce and academic competencies needed to succeed on 

the job. A community college, a technical school, an apprenticeship training school, or the employer 

itself can provide the instruction. Education partners collaborate with employers to design the 

curriculum to deliver the skills and knowledge needed by apprentices. All partners work together to 

identify how to pay for the RTI, including the cost to the employer and other funds that can be 

leveraged.  

Sponsor: Entity responsible for the overall operation of the registered apprenticeship program, 

working in collaboration with the partners. Sponsors can be a single employer or a consortium of 

employers. Alternatively, the sponsor can be any of a range of workforce intermediaries including an 

industry association or a joint labor-management organization. Community colleges and community-

based organizations can also serve as sponsors.  

Joint program: A program sponsored jointly by a labor organization and one or more employers 
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Non-joint program: A program not sponsored by a joint labor management organization 

Group program: A program with one sponsor where multiple employers agree to the apprenticeship 

standards 

Independent or nongroup program: A program with one sponsor and one employer 

Standards of Apprenticeship: Document describing apprenticeship components for a specific job role. 

Its individual standards include the purpose of the proposed apprenticeship program, the term of the 

apprenticeship, the provision of related technical instruction, wage progression for the apprenticeship, 

supervision of apprentices, safety, registration of apprentices, work process schedule, probation 

period, periodic evaluation of apprentices’ performance, completion requirements, and 

apprentice/mentor ratio.  

Unregistered apprenticeship program: Includes paid work-based learning, on-the-job training, an 

educational or instructional component, and an industry-recognized credential on completion. Unlike 

registered programs, unregistered programs do not have sponsors or Standards of Apprenticeship that 

are recognized under the National Apprenticeship Act and are not directly reviewed and approved by 

federal or state apprenticeship offices.  
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Executive Summary  
Apprenticeship is an “earn and learn” employer-based training model. Apprenticeships 

combine classroom-based instruction with on-the-job training (OJT) under a mentor at 

the employer’s worksite. Apprentices are employed during their training and earn 

progressively higher wages. Traditionally used as 

a training model for construction-related 

occupations, the U.S. Department of Labor (DOL) 

aims to expand apprenticeships to a range of 

nontraditional occupations and to increase 

opportunities for all Americans through its grant 

programs. This report describes the impact of 

two federally funded apprenticeship grant 

programs on apprentices’ employment and 

earnings nine quarters after enrolling: Scaling 

Apprenticeship through Sector-Based Strategies 

(Scaling Apprenticeship), and Apprenticeships: 

Closing the Skills Gap (Closing the Skills Gap). 

Between these two grant programs, DOL 

awarded almost $284 million to 51 grantees 

between 2019 and 2020. Box ES.1 provides a 

summary of these grant programs.  

Scaling Apprenticeship and Closing the Skills Gap grants had similar goals: expanding 

apprenticeships in industries and occupations with a high demand for skilled workers, and increasing 

apprenticeship opportunities generally. Both grant programs focused on occupations common in three 

industries: advanced manufacturing, information technology (IT), and health care. Closing the Skills 

Gap grantees had an added goal of expanding apprenticeship in artificial intelligence- and 

cybersecurity-related occupations, typically within the larger IT industry. Both grants had a four-year 

period of performance. Both programs supported creating new and expanding existing apprenticeship 

programs.  

Grantees could focus on registered apprenticeship programs, which are approved by either the 

DOL Office of Apprenticeship (OA) or a federally recognized State Apprenticeship Agency (SAA), or 

unregistered programs. All grant-supported apprenticeship programs, regardless of registration status, 

BOX ES.1 
Scaling Apprenticeship Grants 
▪ Awarded in June 2019 to 23 grantees; grants 

ranged from $2 million to $12 million. 
▪ Only institutions of higher education (IHEs) 

were eligible to apply. 
▪ The average grantee proposed to serve 3,583 

participants and 2,582 apprentices. 
▪ Grantees could support pre-apprenticeship 

programs. 

Closing the Skills Gap Grantees 
▪ Awarded in February 2020 to 28 grantees; 

grants ranged from about $2 million to $6 
million. Three grants ended early and are not 
included in the study. 

▪ IHEs, industry or employer associations, labor 
unions, and workforce intermediaries could 
apply. 

▪ The average grantee proposed to serve 3,402 
participants and 3,119 apprentices. 

▪ Grantees could not support pre-
apprenticeship programs with grant funds. 
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had to include the following elements: paid, work-based learning at an employer site; OJT and 

mentorship; an educational or instructional component; an industry-recognized credential upon 

completion; and safety and supervision policies and procedures. Registered programs adhere to 

guidelines around the length of related technical instruction (RTI) and OJT. A sponsor is responsible 

for the program and maintains the Standards of Apprenticeship, which documents RTI, OJT, wage 

increases, and other aspects of the program. Unregistered programs are not required to have a 

sponsor or Standards of Apprenticeship. They do not have a 2,000 OJT hour minimum, so may be 

shorter than registered apprenticeships.1  

Prior research found the positive impact of participating in apprenticeship on apprentice earnings 

and employment outcomes (Dula 2021; Hollenbeck and Huang 2016; Reed et al. 2012; Jacoby and 

Haskins 2020). This study adds to the evidence base on the impact of participating in apprenticeship 

programs outside of traditional construction occupations, the impact of participating in unregistered 

apprenticeship programs, as well as the impacts of participating for subgroups of apprentices.  

Impact Study  
The DOL Chief Evaluation Office (CEO) commissioned an evaluation of the Scaling Apprenticeship and 

Closing the Skills Gap grant programs. This report presents the results of the impact study. The 

purpose of the impact study is to estimate the effect of apprenticeship on employment and earnings.  

Research Questions  

The impact study research questions focus on the difference between the average outcomes of the 

apprentices and the average outcomes these individuals would have achieved if the grant programs 

did not exist.  

The primary impact study research questions are:  

◼ What is the impact of registered apprenticeships on earnings and employment of participants 

in the ninth quarter following program enrollment?  

 
1 DOL OA traditionally capitalizes “Registered Apprenticeship Program,” but we have chosen not to capitalize 
here to ensure uniformity between the terms “registered apprenticeship” and “unregistered apprenticeship.” 
Although expansion of registered apprenticeship is an important policy goal for DOL, registered apprenticeship 
was not preferred or privileged under the Scaling Apprenticeship and Closing the Skills Gap grant programs. 
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◼ What is the impact of unregistered apprenticeships on earnings and employment of 

participants in the ninth quarter following program enrollment? 

The secondary research questions are:  

◼ What are the impacts of registered and unregistered apprenticeships on ninth-quarter 

earnings and employment for different occupational sectors?  

◼ What are the impacts of registered and unregistered apprenticeships on ninth-quarter 

earnings and employment for subgroups (sex, race/ethnicity, age, and incumbent worker 

status)? 

The team selected the ninth quarter from program enrollment in the design phase of the study 

because many apprenticeship programs are two years or less and because, based on constraints 

imposed by the project timeline and the timing of data collection activities, it struck the best balance 

between being the longest duration (furthest in time from program enrollment) while providing a 

sufficiently large sample size for analysis. 

Methods 

To estimate the impact of participating in an apprenticeship, the evaluation used a quasi-experimental 

design (QED) to compare outcomes for apprenticeship participants with those of a matched 

comparison group of non-apprentices. Specifically, the evaluation team created two comparison 

groups that represent common workforce development pathways: (1) a sample of individuals who 

enrolled at a community college and trained in apprenticeship industries, and (2) a sample of 

individuals who received Wagner-Peyser Employment Services. We created these comparison groups 

to closely match the apprentices in our sample. Using and comparing two distinct comparison groups 

provides a more robust understanding of how apprenticeship outcomes compare to alternative 

pathways. 

The impact study methods rely on a “selection on observables” assumption. Simply put, this 

assumption is based on the idea that observable characteristics can account for any key factors that 

relate to both enrolling in an apprenticeship program, and employment and earnings outcomes (see 

Imbens 2004 for a review of this methodology). The design adheres to principles for generating 

credible comparison groups for workforce development programs that are found in the literature 

(Heckman et al. 1998; Heckman, Ichimura, and Todd 1997; Glazerman, Levy and Meyers 2003). These 

are: selecting treatment and comparison groups from the same local areas so that they face the same 

local labor markets and service environments; using a set of socio-demographic variables from a 
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common data source; and using preprogram earnings histories to capture pre-enrollment differences 

in employment and earnings that can influence later outcomes.  

Data Sources  

The impact evaluation relies on three main data sources. Each of these datasets, auxiliary data sources, 

and the methods for linking the data are described in more detail in the Technical Appendix. 

◼ Workforce Integrated Performance System (WIPS).2 These data include individual-level 

information about Scaling Apprenticeship and Closing the Skills Gap participants, as well as 

the Wagner-Peyser comparison group from nine states. DOL created the fields and 

definitions. Among other variables, the data contain demographic characteristics, employment 

status at program entry, highest education level completed at program entry, ex-offender 

status, low-income status, basic skills level, and program entry and exit dates.  

◼ Community College Data. Community college data from eight states provides information on 

the community college comparison group and includes the same demographic characteristics 

as the WIPS data. Community college data also contain information on students’ enrollment 

and course history. 

◼ National Directory of New Hires (NDNH). The NDNH houses quarterly wage data provided 

by state unemployment insurance agencies and federal employment records. The study used 

NDNH data on employment and earnings to obtain pre-program earnings of apprentices and 

comparison group members, as well as to measure employment and earnings outcomes. 

Caveats  
Although the study attempts to address or mitigate threats to the validity of its findings in several 

ways, readers should consider the following: 

◼ As with any QED study of a workforce program, there may be unobserved differences 

between apprentices and comparison group members that are associated with employment 

and earnings, despite using rigorous methods and rich data on pre-program earnings and 

 
2 WIPS is the performance management system for the Workforce Innovation and Opportunity Act, and for other 
DOL-funded workforce programs. Data are entered and updated quarterly for participants. For more information 
about WIPS data, including limitations, see: https://www.dol.gov/agencies/eta/performance/wips. 
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employment. However, this issue may be magnified with apprenticeship because, by 

definition, an employer hires an apprentice—either as a new hire or is a current employee (i.e., 

an incumbent worker). This poses an additional challenge since being in the treatment group 

means being selected by an employer and being employed as soon as enrollment takes place. 

Many of our sample restrictions and design choices aim to address this—using pre-program 

earnings, employment history, and other background characteristics—but unobserved 

differences between apprentices and comparison group members may remain. 

◼ Apprenticeship programs vary in length—some last two years or less, others over three years. 

As a result, the ninth quarter after program entry represents a post-completion quarter for 

some apprentices but not for others. Impacts might have been higher or lower in a later 

quarter: some apprentices might have completed training and moved into higher-paying jobs, 

while for others, the impact may have faded. Similarly, some community college students may 

have been in longer-term programs, such as those planning to transfer to a four-year college. 

This could apply to some apprentices. The heterogeneity of apprenticeship program lengths 

introduces important interpretive challenges. 

◼ The sample of apprentices used in the impact analysis may not be representative of the 

apprentices served by the grant programs, which themselves may not be representative of 

apprentices overall.  

Summary of Findings 

The overarching impact study finding is that registered and unregistered apprenticeships had large and 

significant impacts on employment and earnings in the ninth quarter post enrollment. This was true for 

apprentices when compared to both community college students and Wagner-Peyser participants. 

The study also found large and significant impacts on employment and earnings by occupational 

sector and apprentice subgroup. 

These findings contribute to the growing evidence base on the value of employer-based training 

programs and confirm the effectiveness of apprenticeship—particularly outside of traditional 

construction occupations—as a viable pathway to higher-quality jobs. In contrast to many previous 

studies, our analysis draws on a geographically diverse sample across multiple states, enhancing the 

generalizability of the results. Additionally, we evaluate the impact of apprenticeship participation for 

all apprentices, not just those who complete their programs, providing a more comprehensive view of 
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potential benefits. We also examine the outcomes associated with unregistered apprenticeship 

programs; however, these findings may not be generalizable to all unregistered programs because 

their design was shaped by criteria specified in the DOL funding announcement. Finally, our analysis 

includes subgroup estimates, offering insights into how the impact of apprenticeship varies across 

different populations. Together, these contributions offer new insights on the role of apprenticeship in 

today’s workforce development landscape. 

Key findings are presented separately for registered and unregistered apprenticeships. They are 

further broken down into two categories: one specific to the College analysis (i.e., the comparison 

group of community college students) and one for the Wagner-Peyser analysis (i.e., the comparison 

group of Wagner-Peyser participants).  

▪ Registered apprenticeship programs had large, statistically significant impacts on 

employment and earnings in the ninth quarter following enrollment relative to both 

comparison groups (primary research question). 

For registered apprentices, the positive impact of apprenticeship on employment in the ninth quarter 

following enrollment ranged from 7.8 percentage points (Wagner-Peyser analysis) to 8.8 percentage 

points (College analysis) (figure ES.1). Both were statistically significant at the 1 percent level. The 

relative impacts—that is, as a proportion of the comparison group mean—were approximately 10 

percent and 11 percent for the Wagner-Peyser and College analyses, respectively (not shown).  
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FIGURE ES.1 

Impact of Registered Apprenticeships on Employment Compared with Community 
College and Wagner-Peyser Participants 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Employment is defined as having any earnings in the ninth quarter recorded in the National Directory of New Hires. 
Wagner-Peyser analysis: N=261,984 (1,271 apprentices and 260,713 Wagner-Peyser participants). College analysis: N= 5,484 
(1,124 apprentices and 4,360 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Registered apprenticeship’s positive impact on ninth-quarter earnings ranged from $3,230 in the 

Wagner-Peyser analysis to $4,693 in the College analysis (figure ES.2). Both impacts were significant 

at the 1 percent level. The relative impacts were 29 percent and 51 percent, respectively. 
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FIGURE ES.2 

Impact of Registered Apprenticeships on Earnings 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Wagner-Peyser analysis: N=261,984 (1,271 apprentices and 260,713 Wagner-Peyser participants). College analysis: N= 
5,484 (1,124 apprentices and 4,360 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

▪ Registered apprenticeship employment and earnings impacts began in Quarter 0 (the 

enrollment quarter) and continued through Quarter 9 post enrollment.  

Starting from the quarter when apprentices enrolled in their apprenticeships (Quarter 0), 

apprenticeships had positive, significant impacts on employment (figure ES.3). The largest impacts 

were in Quarter 1 (18 percentage points in the College analysis and 14 percentage points in the 

Wagner-Peyser analysis). The impacts were statistically significant at the 1 percent level from 

Quarters 0 through 9. There were no statistically significant differences in employment between the 

apprentices and their respective comparison groups during the four quarters prior to enrollment, as 

expected but not guaranteed by our matching design. 
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FIGURE ES.3 

Impact of Registered Apprenticeships on Employment Over Time by Comparison 
Group 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Each point in the figure is an impact estimate: the adjusted difference in earnings between apprentices and Wagner-
Peyser participants or college students. Employment is defined as having any earnings in a quarter recorded in the National 
Directory of New Hires. Sample sizes vary slightly quarter-to-quarter due to data availability. Wagner-Peyser analysis: N in ninth 
quarter=261,984 (1,271 apprentices and 260,713 Wagner-Peyser participants). College analysis: N in ninth quarter= 5,484 
(1,124 apprentices and 4,360 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Similarly, positive earnings impacts for both comparisons began in Quarter 0 and continued 

through Quarter 9 (figure ES.4). The quarterly earnings impact was largest in Quarter 1 in the Wagner-

Peyser analysis ($4,771) and in Quarter 3 in the College analysis ($6,199). Earnings impacts were 

statistically significant in both comparison group analyses across all 10 quarters. 
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FIGURE ES.4 
Impact of Registered Apprenticeships on Earnings Over Time  

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Each point in the figure is an impact estimate: the adjusted difference in earnings between apprentices and Wagner-
Peyser participants or college students. Employment is defined as having any earnings in a quarter recorded in the National 
Directory of New Hires. Sample sizes vary slightly quarter-to-quarter. Wagner-Peyser analysis: N in ninth quarter=261,984 
(1,271 apprentices and 260,713 Wagner-Peyser participants). College analysis: N in ninth quarter= 5,484 (1,124 apprentices 
and 4,360 community college students). 
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent.  

▪ Registered apprenticeship had strong ninth-quarter employment and earnings impacts for all 

occupations, relative to both comparison groups.  

Advanced manufacturing, IT, and health care registered apprenticeship programs had positive impacts 

on employment relative to both comparison groups (significant at the 1 percent level). Impacts ranged 

from 4.9 to 8.6 percentage points for advanced manufacturing, 6.0 to 12.2 percentage points for IT, 

and was 15.5 percentage points for health care.3 

 
3 Sample sizes were not large enough to estimate the impact on healthcare occupations for the Wagner-Peyser 
analysis. 
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The ninth-quarter earnings impacts followed a similar pattern. The earnings impacts ranged from 

$1,920 to $3,542 for advanced manufacturing, $3,120 to $3,862 for IT, and was $7,980 for health 

care (College analysis only due to sample size constraints). All impacts were statistically significant at 

the 1 percent level.  

▪ Registered apprenticeship had significant ninth-quarter employment and earnings impacts 

for most subgroups, relative to both comparison groups.  

Registered apprenticeship had statistically significant impacts on employment for both incumbent and 

non-incumbent workers, for males, females, non-Hispanic whites, and non-Hispanic blacks. They were 

also generally significant for all age groups, except for those under age 25 in the Wagner-Peyser 

analysis. Employment impacts relative to both comparison groups were statistically significant at the 1 

percent level. Registered apprenticeship also had large, statistically significant impacts on earnings for 

the same subgroups.  

▪ Unregistered apprenticeship programs had large, statistically significant impacts on ninth-

quarter employment and earnings relative to both comparison groups (primary research 

question). 

The impact of unregistered apprenticeship on ninth quarter employment ranged from 3.9 percentage 

points to 4.8 percentage points (figure ES.5). Both were statistically significant at the 1 percent level. 

The relative impacts were 5 percent and 6 percent, respectively. 
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FIGURE ES.5 

Impact of Unregistered Apprenticeships on Employment 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Wagner-
Peyser analysis: N=33,592 (950 apprentices and 32,642 Wagner-Peyser participants). College analysis: N= 3,670 (594 
apprentices and 3,076 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Unregistered apprenticeship’s impact on ninth-quarter earnings ranged from $3,368 to $3,490 

(figure ES.6). Both impacts were significant at the 1 percent level. The relative impacts were 31 

percent and 38 percent, respectively.  
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FIGURE ES.6 

Impact of Unregistered Apprenticeships on Earnings 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Wagner-Peyser analysis: N=4,259 (315 apprentices and 3,944 Wagner-Peyser participants). College analysis: N= 3,670 
(594 apprentices and 3,076 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

▪ Unregistered apprenticeship employment and earnings impacts began in Quarter 0 (the 

enrollment quarter) and continued through Quarter 9 post enrollment.  

 Beginning Quarter 0, unregistered apprenticeship had strong, significant impacts on employment (9.5 

percentage points in the College analysis and 3.2 percentage points in the Wagner-Peyser analysis, 

both statistically significant at the 1 percent level, figure ES.7). The largest impacts in the College 

analysis occurred in Quarter 1 (16.5 percentage points), likely representing the fact that many 

students in community college are not simultaneously employed. In the Wagner-Peyser analysis, in 

contrast, the impacts grew over time, peaking in Quarter 8 (5.1 percentage points). The impacts were 

statistically significant at the 1 percent level in Quarters 1 through 9. There were no statistically 

significant differences in employment between the apprentices and their respective comparison 

groups during the four quarters prior to enrollment. 
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FIGURE ES.7 

Impact of Unregistered Apprenticeships on Employment Over Time 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Each point in the figure is an impact estimate: the adjusted difference in earnings between apprentices and Wagner-
Peyser participants or college students. Employment is defined as having any earnings in a quarter recorded in the National 
Directory of New Hires. Sample sizes vary slightly quarter-to-quarter. Wagner-Peyser analysis: N in ninth quarter=4,259 (315 
apprentices and 3,944 Wagner-Peyser participants). College analysis: N=3,670 (594 apprentices and 3,076 community college 
students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Similarly, earnings impacts began in Quarter 0 ($1,474 and $1,965 for the College and Wagner-

Peyser analyses, respectively). The largest quarterly impacts were in Quarter 7 ($4,190 for the College 

analysis) and Quarter 8 ($3,871 for Wagner-Peyser analysis). 
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FIGURE ES.8 

Impact of Unregistered Apprenticeships on Earnings Over Time 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Each point in the figure is an impact estimate: the adjusted difference in earnings between apprentices and Wagner-
Peyser participants or college students. Sample sizes vary slightly quarter-to-quarter. Wagner-Peyser analysis: N in ninth 
quarter=4,259 (315 apprentices and 3,944 Wagner-Peyser participants). College analysis: N in ninth quarter=3,670 (594 
apprentices and 3,076 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

▪ Unregistered apprenticeships had strong ninth-quarter employment and earnings impacts for 

advanced manufacturing.  

Unregistered apprenticeships had a strong impact on ninth-quarter employment for advanced 

manufacturing, ranging from 5.1 to 7.8 percentage points, depending on the comparison group 

(significant at the 1 percent level). These translate into relative impacts of 6 percent and 9 percent, 

respectively. (Sample sizes were not large enough to estimate impacts for other occupations). 

Advanced manufacturing unregistered apprenticeships also had a strong, significant (at the 1 

percent level) impact on ninth-quarter earnings, ranging from $3,121 to $3,686 depending on the 

comparison group (or relative impacts of 23 percent and 27 percent, respectively).  
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▪ Unregistered apprenticeship had mixed ninth-quarter employment and earnings impacts for 

subgroups.  

Unregistered apprenticeships had significant ninth-quarter employment impacts relative to both 

comparison groups only for non-Hispanic whites (one of the comparisons was significant at only the 

10 percent level). There were significant impacts at the 1 percent level for males, and the age groups 

25-39 and 40 and older, but only in the Wagner-Peyser analysis. Unregistered apprenticeships did not 

have statistically significant ninth-quarter earnings impacts for incumbent workers relative to either 

comparison group, and the impact for non-incumbent workers was statistically significant in only the 

Wagner-Peyser analysis.  

Conversely, unregistered apprenticeship had statistically significant impacts on ninth-quarter 

earnings in both comparison group analyses for males, non-Hispanic whites, non-Hispanic Blacks, 

those under age 25, and non-incumbent workers. Impacts for incumbent workers, and those ages 25-

39 and 40 and older were significant at the 1 percent level only in the Wagner-Peyser analysis.  

Implications for Apprenticeship Program Operators and 
Policymakers  

The Scaling Apprenticeship and Closing the Skills Gap grantee impact study findings provide additional 

insight into the effectiveness of employer-based training programs—particularly apprenticeship. Based 

on these findings, we outline key implications for future apprenticeship programs and research below:  

▪ Both registered and unregistered programs can have positive impacts on employment and 

earnings. Much of the literature focuses on the effectiveness of registered apprenticeship 

programs. This study showed that unregistered programs, as well as registered ones, can have 

strong employment and earnings impacts. It is noteworthy that the Funding Opportunity 

Announcements required all unregistered programs funded by Scaling Apprenticeship and 

Closing the Skills Gap grants to incorporate components commonly associated with registered 

apprenticeships, including paid, work-based learning, on-the-job training and mentorship, an 

educational or instructional component, and an industry-recognized credential upon 

completion.  

▪ Apprenticeships in nontraditional occupations can generate positive impacts. Although 

primarily used as a training model in the construction sector, the impact study results show 

that apprenticeship is an effective model for training individuals in other occupational sectors 
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as well. Registered apprenticeship programs in advanced manufacturing, IT, and health care 

occupational sectors produced strong employment and earnings impacts, as did unregistered 

advanced manufacturing programs. The findings suggest that efforts to expand apprenticeship 

to non-traditional occupations can be successful. 

▪ Apprenticeship is an effective way to train workers in high-demand occupations. The impact 

study findings show that registered and unregistered apprenticeship prepares workers for 

high-demand occupations—particularly those facing skill shortages. Although it might seem 

that the same challenges driving these shortages (such as rapidly changing skill requirements 

or limited training opportunities) would also make it difficult to train workers, the results 

suggest otherwise. They provide evidence that, with the right structure and employer 

involvement, apprenticeship can successfully prepare American workers to meet the demands 

of high-growth sectors. 

▪ Apprenticeship is effective for both incumbent and non-incumbent workers. Registered and 

unregistered apprenticeships are effective for both helping existing workers attain higher 

positions with their current employers (incumbent workers) and for facilitating new 

opportunities for workers who are new to an employer (non-incumbent workers).  

◼ Positive impacts are not limited to any specific worker profile. The study found significant 

employment and earnings impacts of registered and unregistered apprenticeship across sex, 

race/ethnicity, and age, although a number of subgroups could not be analyzed due to 

insufficient sample size. The size and statistical significance of the impacts differed by 

subgroup. However, the findings provide evidence that grantees and their partners were able 

to successfully expand apprenticeship opportunities to a broad range of Americans. 

This impact study adds to the apprenticeship evidence base. Future studies could continue to 

explore employment and earnings impacts of registered and unregistered programs for a wider range 

of programs, including those not supported by federal funding and additional occupational areas. 
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The Impact of Registered and 
Unregistered Apprenticeship 
Chapter 1: Introduction 
Apprenticeship is an “earn and learn” employer-based training model that combines technical 

instruction in a physical or virtual classroom with learning and mentoring on the job. Apprentices are 

hired by their employers and earn progressively higher wages over the course of the apprenticeship. 

Long used as a training model for construction-related occupations, in 2015 the U.S. Department of 

Labor (DOL) began funding grant programs to expand apprenticeship to nontraditional occupations—

those outside of construction—across a range of industries and occupations, and to all Americans.  

This report presents findings from the impact study of two DOL grant programs: Scaling 

Apprenticeship through Sector-Based Strategies (Scaling Apprenticeship) and Apprenticeships: Closing 

the Skills Gap (Closing the Skills Gap). Between these two grant programs, DOL awarded almost $284 

million to 51 grantees between 2019 and 2020. The DOL Chief Evaluation Office (CEO) 

commissioned an evaluation of these grantee programs as part of the Apprenticeship Evidence-

Building Portfolio project, which seeks to document the design, implementation, and impacts of recent 

DOL investments in apprenticeship. The impact study assesses the effect of both grant programs on 

the employment and earnings of apprentices nine quarters after enrollment relative to non-

participants in two matched comparison groups. The Urban Institute and its partner, Mathematica, 

conducted the impact evaluation.  

This chapter first describes the goal of the grant programs and provides an overview of the grants. 

It then summarizes evidence from evaluations of similar programs. Next, it describes the impact study 

design. The chapter concludes with a roadmap to the remainder of the report.  

Goals and Overview of Grant Programs 
In their grant applications, the Scaling Apprenticeship and Closing the Skills Gap grantees identified 

the types of apprenticeship programs they intended to support, including their occupational focus. 

Grantees in both programs could create new registered or unregistered apprenticeship programs, or 
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scale both types.4 Registered programs, described in more detail below, are approved by either the 

DOL Office of Apprenticeship (OA) or a federally recognized state apprenticeship agency (SAA), while 

unregistered programs are not. 

Both grant programs had similar goals: expanding apprenticeships in H-1B industries and 

occupations with high demand for skilled workers,5 and increasing apprenticeship opportunities for all 

Americans. Both grants focused on occupations associated with three industries: advanced 

manufacturing, information technology (IT), and health care. Closing the Skills Gap grantees had an 

added goal of expanding apprenticeship in artificial intelligence- and cybersecurity-related 

occupations within the larger IT sector. Eligible participants were unemployed, underemployed, or 

incumbent workers (workers currently employed), 17 years of age or older, and not currently enrolled 

in school within a local educational agency.6 Details of the grant programs are summarized below. 

Scaling Apprenticeship Grants 

In June 2019, DOL awarded $183.8 million in Scaling Apprenticeship grants to 23 grantees in 18 

states. The grants had a 48-month period of performance, with a planning period of up to nine months 

before the start of enrollment. All grantees received no-cost extensions to continue their work beyond 

the original four-year grant period. The last grants closed in July 2024. 

 
4 The grants also initially supported Industry-Recognized Apprenticeship Programs (IRAPs), a DOL program where 
qualified third-party entities, known as Standards Recognition Entities, were authorized to oversee unregistered 
apprenticeship programs. In September 2022, DOL rescinded IRAPs to redirect resources to expanding registered 
apprenticeship. See “Apprenticeship Programs, Labor Standards for Registration,” Federal Register, accessed July 
29, 2025, https://www.federalregister.gov/documents/2022/09/26/2022-20560/apprenticeship-programs-
labor-standards-for-registration. DOL OA traditionally capitalizes “Registered Apprenticeship Program,” but we 
have chosen not to capitalize here to ensure uniformity between the terms “registered apprenticeship” and 
“unregistered apprenticeship.” Although expansion of registered apprenticeship is an important policy goal for 
DOL, registered apprenticeship was not preferred or privileged under the Scaling Apprenticeship and Closing the 
Skills Gap grant programs. 

5 The H-1B visa program helps employers who cannot otherwise obtain needed business skills and abilities from 
the U.S. workforce by authorizing the temporary employment of qualified individuals who are not otherwise 
authorized to work in the United States. See “H-1B Program,” U.S. Department of Labor, accessed June 16, 2025, 
https://www.dol.gov/agencies/whd/immigration/h1b. 

6 See “Notice of Availability of Funds and Funding Opportunity Announcement for: Scaling Apprenticeship 
Through Sector-Based Strategies,” U.S. Department of Labor, accessed July 29, 2025, 
https://www.dol.gov/sites/dolgov/files/eta/grants/pdfs/foa-eta-18-08.pdf and “Notice of Availability of Funds 
and Funding Opportunity Announcement for: Apprenticeships: Closing the Skills Gap,” U.S. Department of Labor, 
accessed July 29, 2025, https://www.dol.gov/sites/dolgov/files/ETA/skillstraining/FOA-ETA-19-09%20CSG.pdf. 

https://www.federalregister.gov/documents/2022/09/26/2022-20560/apprenticeship-programs-labor-standards-for-registration
https://www.federalregister.gov/documents/2022/09/26/2022-20560/apprenticeship-programs-labor-standards-for-registration
https://www.dol.gov/agencies/whd/immigration/h1b
https://www.dol.gov/sites/dolgov/files/eta/grants/pdfs/foa-eta-18-08.pdf
https://www.dol.gov/sites/dolgov/files/ETA/skillstraining/FOA-ETA-19-09%20CSG.pdf
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Only institutions of higher education (IHEs), including community colleges, state higher education 

systems, or a consortium of higher education institutions could apply for Scaling Apprenticeship 

grants. These grants aimed to accelerate the expansion of apprenticeship as an effective and 

innovative postsecondary education and training pathway.7 About half of the grantees were 

community or technical colleges, with the remainder evenly split between four-year universities and 

state college systems. Per grant applications, the most common target populations were unemployed 

individuals and workers currently employed (i.e., incumbent workers).  

Grant amounts ranged from $2 million to $12 million. DOL expected grantees with the largest 

awards to serve 5,000 or more apprentices, while those with the smallest awards to serve a minimum 

of 800 apprentices. Grantees collaborated with industry associations to increase apprenticeship 

through two key activities: training apprentices and increasing the number of apprenticeship 

programs.8 They could also use funds to support the design and implementation of pre-apprenticeship 

programs that served as on-ramps to apprenticeship opportunities, if the training was on a career 

pathway that led to middle- to high-skilled occupations.9  

Closing the Skills Gap Grants 

In February 2020, DOL awarded $99.3 million to 28 Closing the Skills Gap grantees in 22 states. 

(Three grantees ended early.) As with Scaling Apprenticeship grants, these grants had a 48-month 

period of performance and a 9-month planning period. About half of grantees received no-cost 

extensions to continue their work beyond the original four-year grant period. Most grants closed by 

February 2025. 

Whereas all Scaling Apprenticeship grantees were affiliated with IHEs, Closing the Skills Gap 

grantees could be IHEs, nonprofit trade organizations, industry or employer associations, labor unions, 

or labor-management organizations. Over half of Closing the Skills Gap grantees were IHEs (most 

commonly four-year universities). The next most common grantee types were industry associations, 

 
7 IHE involvement in the apprenticeship system is growing. In 2016, only 30 community colleges sponsored 
registered apprenticeship programs. By 2023, over 200 community colleges trained over 15,500 apprentices 
(Lerman et al. 2024). This, however, still represents only 3 percent of all civilian apprentices, indicating the 
potential for further expansion of IHE involvement in apprenticeship. 

8 See “Notice of Availability of Funds and Funding Opportunity Announcement for: Scaling Apprenticeship 
Through Sector-Based Strategies, FOA-ETA-18-08,” U.S. Department of Labor, accessed June 16, 2025, 
https://www.dol.gov/sites/dolgov/files/ETA/skillstraining/FOA-ETA-18-08%20Scaling%20Apprenticeship.pdf. 

9 Grant applicants could choose to expand apprenticeships in either an industry or occupations in which DOL 
certified H-1B visas. These H-1B occupations are considered high-skilled industries. 

https://www.dol.gov/sites/dolgov/files/ETA/skillstraining/FOA-ETA-18-08%20Scaling%20Apprenticeship.pdf
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union-affiliated organizations, and workforce intermediaries. Per grant applications, the most cited 

grantee target populations were veterans and incumbent workers. Grantees could use funding for new 

or expanded registered or unregistered apprenticeships but not for pre-apprenticeships.10  

Relative to Scaling Apprenticeship grants, Closing the Skills Gap awards were smaller; the largest 

grant amount was $6 million. As with Scaling Apprenticeship grantees, DOL expected Closing the 

Skills Gap grantees with the largest awards to serve 5,000 or more apprentices, while those with the 

smallest awards to serve a minimum of 800 apprentices. 

Apprenticeship Programs Supported by Grants 

The Funding Opportunity Announcements for both grant programs required all apprenticeship 

programs, whether registered or unregistered, to include the following elements:  

◼ Paid, work-based learning at an employer site, 

◼ On-the-job training (OJT) and mentorship (called “on the job learning” in apprenticeship 

regulations but OJT in the Funding Opportunity Announcements), 

◼ Related technical instruction (RTI), an educational or instructional component (called “related 

instruction” in apprenticeship regulations but RTI in the Funding Opportunity 

Announcements), 

◼ An industry-recognized credential upon completion, and  

◼ Safety and supervision policies and procedures. 

Although both registered and unregistered programs include these five elements, they also have 

key differences.  

Registered apprenticeship programs must be approved by either OA or an SAA.11 OA 

recommends that a registered apprenticeship program includes at least 144 hours per year of RTI and 

requires at least 2,000 hours of OJT. The 2,000-hour requirement means that registered programs are 

typically at least one year long, but they are often two to five years long, depending on the 

occupation. A program sponsor is responsible for the program and maintains the Standards of 
 

10 See “Notice of Availability of Funds and Funding Opportunity Announcement for: Apprenticeships: Closing the 
Skills Gaps, FOA-ETA-19-09, U.S. Department of Labor, accessed June 16, 2025, 
https://www.dol.gov/sites/dolgov/files/ETA/skillstraining/FOA-ETA-19-09%20CSG.pdf  

11 As of July 2024, 21 states registered programs with OA and 29 states plus Washington, DC, registered 
programs with an SAA. 

https://www.dol.gov/sites/dolgov/files/ETA/skillstraining/FOA-ETA-19-09%20CSG.pdf


C H A P T E R  1 :  I N TR O D UC T I ON  3 0  
 

Apprenticeship, which documents the RTI, OJT, wage structure, and other aspects of the program. 

Sponsors can be employers, a consortium of employers, unions, IHEs, state or local workforce 

agencies, or nonprofit organizations.12  

Registration forms and the Standards of Apprenticeship13 submitted for registration approval 

describe:  

◼ the responsibilities of the sponsor;  

◼ the minimal qualifications of apprentices (e.g., age, education);  

◼ apprenticeship program type and length;  

◼ a work process schedule that outlines the major job functions and what apprentices are 

expected to learn on the job, and a related instruction outline;  

◼ the ratio of apprentices to mentors;  

◼ the apprentice wage schedule;  

◼ selection procedures; and  

◼ the apprentice probationary period.  

Unregistered apprenticeship programs are not reviewed or approved by OA or an SAA. Program 

duration can vary by occupation. Unregistered apprenticeships can be shorter than registered 

apprenticeships because they do not have to meet the same requirements for the number of RTI and 

OJT hours. Because they are not registered with OA or a federally recognized SAA, grantees can 

potentially implement or adapt programs more quickly. As noted above, all unregistered 

apprenticeship programs supported by the Scaling Apprenticeship and Closing the Skills Gap grants 

must include the five key components described above. 

Participants and Apprentices 

When applying for grants and subsequently reporting activities to DOL, grantees distinguished 

between the number of participants and apprentices served. Both grant programs defined participation 

 
12 See CFR Code of Federal Regulations Part 29, Section 29, accessed June 16, 2025, 
https://www.ecfr.gov/current/title-29/subtitle-A/part-29?.  

13 See “Modifications to the Boilerplate Standards of Apprenticeship,” U.S. Department of Labor, accessed June 
16, 2025, https://www.dol.gov/sites/dolgov/files/ETA/apprenticeship/pdfs/Bulletin%202022-
17%20Modifications%20to%20the%20Boilerplate%20Standards%20of%20Apprenticeship.docx. 

https://www.ecfr.gov/current/title-29/subtitle-A/part-29?
https://www.dol.gov/sites/dolgov/files/ETA/apprenticeship/pdfs/Bulletin%202022-17%20Modifications%20to%20the%20Boilerplate%20Standards%20of%20Apprenticeship.docx
https://www.dol.gov/sites/dolgov/files/ETA/apprenticeship/pdfs/Bulletin%202022-17%20Modifications%20to%20the%20Boilerplate%20Standards%20of%20Apprenticeship.docx


C H A P T E R  1 :  I N TR O D UC T I ON  3 1  
 

as receiving a grant-funded service, which includes enrollment in an apprenticeship program, 

enrollment in a pre-apprenticeship program (Scaling Apprenticeship grantees only), and assessments 

to determine skill levels, aptitudes, abilities, and competencies of participants. Many grantees in both 

programs proposed to serve 5,000 or more participants. 

Apprentices are hired by an employer into an apprenticeship program, and some apprentices 

worked for the apprenticeship employer prior to moving into the apprenticeship program (known as 

“incumbent workers”).14,15 Although all apprentices are participants, some participants served with 

grant funds did not become apprentices. Per their grant applications, IHE grantees in both grant 

programs expected a smaller proportion of participants to transition to apprenticeship (77 percent, on 

average) relative to non-IHE Closing the Skills Gap grantees (99 percent, on average) (Gardiner et al. 

forthcoming).16 Thus, Closing the Skills Gap grantees, on average, expected a higher share of 

participants to become apprentices than did Scaling Apprenticeship grantees.  

Many of the grant-supported apprenticeship programs, both registered and unregistered, were 

specifically for incumbent workers. Incumbent worker apprentices worked for the sponsoring 

employer prior to starting the apprenticeship, and participate in the apprenticeship to move into a 

higher position or occupation for their same employer. Since they are not only employed prior to 

starting the apprenticeship, but in fact employed with the same employer that they work for as 

apprentices, they are different than many populations for which workforce and training services are 

typically designed.  

 
14 Each grant at the beginning of their program set a target number of individuals they would serve and reported 
quarterly on their progress. Scaling Apprenticeship grantees set goals for the number of “apprentices enrolled,” 
while Closing the Skills Gap grantees set goals for the number of “participants employed.” Although the two grant 
programs used different language, both categories of participants met the same apprenticeship requirements and 
DOL counted them as apprentices. For the purposes of comparing outcomes across grant programs, we identify 
both groups as apprentices. 

15 In theory, an apprentice could exit their apprenticeship program before starting their RTI, but they cannot be 
considered an apprentice until they have been hired by an employer. 

16 A companion study (Ruggiero and Payne) found that a sample of IHE grantees interviewed for the 
implementation study site visits found that participants commonly took pre-apprenticeship training (Scaling 
Apprenticeship grantees only) or the related instruction portion of the apprenticeship before employers hired 
them. Through exposure to training or other services at the IHE, participants might determine in advance of an 
apprenticeship that it is not the right pathway and opt for another option at the IHE or seek employment on their 
own. 
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COVID-19 and the Implementation of Grant Activities 

The pandemic-related shutdowns in March 2020 occurred just weeks after DOL awarded the Closing 

the Skills Gap grants. During virtual site visits to 18 grantees (nine from each grant program), Closing 

the Skills Gap grantees described the implementation delays caused by the closing of colleges and 

employer sites.17 Although DOL awarded the Scaling Apprenticeship grants in 2019, Scaling 

Apprenticeship grantees also described COVID-related disruptions to grant activities. Although they 

had begun recruiting apprentices before the pandemic, Scaling Apprenticeship grantees reported 

having to adjust their activities in response to the pandemic. Grantees in both programs noted that the 

pandemic exacerbated challenges to recruiting enough employers to ensure adequate apprenticeship 

spots for all interested participants.  

Conversations with grantees indicated that implementation challenges related to COVID-19 

varied by program occupation. Health care employers faced restrictions on activities in health care 

facilities, thus affecting OJT. In contrast, IT employers found it more feasible to provide RTI and OJT 

virtually. Advanced manufacturing employers’ experiences were industry specific, but these employers 

often found it more difficult to train apprentices virtually. The sample of individuals used in the impact 

study started apprenticeship programs in the third quarter of 2021 or later, after the most severe 

period of the pandemic had ended. Still, it is possible that the programs, and impacts of the programs, 

could have been different without COVID-19. 

Evidence from Prior Studies  
The labor market effects of both registered and unregistered apprenticeship have been studied using 

quasi-experimental methods, but this evidence base has important gaps and weaknesses, such as the 

lack of studies focused on unregistered apprenticeship and apprenticeships in non-traditional 

occupations. This impact study was designed to address many of these gaps to strengthen the 

evidence base on apprenticeship. 

Registered Apprenticeship 

Prior research consistently finds that registered apprenticeship training raises the earnings and 

employment of participants. Reed et al. (2012) estimated that apprenticeships increased annual 

 
17 The 18 grantees were selected as part of the Scaling Apprenticeship and Closing the Skills Gap grant program 
implementation study. See Gardiner et al. (forthcoming). 
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earnings by $6,595 in the sixth year after enrollment and by $5,839 in the ninth year. In 2024 dollars, 

these annual impacts equal a $2,624 increase in quarterly earnings six years after enrollment, and a 

$2,182 increase in quarterly earnings nine years after enrollment.18 These estimates reflect the 

experiences of registered apprentices in ten states. Hollenbeck and Huang (2003; 2006; 2016) 

conducted a series of studies on workforce development programs in Washington State and found 

that registered apprenticeship increased participants’ quarterly earnings by $3,715 ($5,012 in 2024 

dollars). Dula (2021) estimated even larger quarterly impacts for Washington State registered 

apprentices of $5,741 (or $7,024 in 2024 dollars).  

Since Reed et al. (2012), Hollenbeck and Huang (2003; 2008; 2016), and Dula (2021) all analyzed 

the impact of statewide registered apprenticeship systems, many of the apprentices in their studies 

participated in traditional four-year registered apprenticeship programs in construction. Traditional 

construction apprenticeships are the backbone of the American apprenticeship system, and it is critical 

to understand how they impact workers, but their experiences may not be generalizable to emerging 

registered apprenticeship programs in health care, IT, and advanced manufacturing. 

 The most comprehensive mixed-methods study of registered apprenticeship in nontraditional 

fields such as health care, IT, and advanced manufacturing is the evaluation of the American 

Apprenticeship Initiative (AAI) grantees sponsored by DOL. The AAI evaluation included 46 grantees, 

most of which were community colleges, but it did not include a rigorous causal impact study. To 

make up for the lack of a true causal study, Katz et al. (2022) compared the earnings growth of AAI 

apprentices to the earnings of similar workers in the Census Bureau’s Quarterly Workforce Indicators 

(QWI) data. They found that AAI apprentices earned $1,226 more in quarterly earnings in the tenth 

quarter after enrollment ($1,479 in 2024 dollars). One reason this estimate may be lower than those in 

earlier studies is that the QWI comparison group only included workers, whereas comparison groups 

in causal impact studies often include both employed and unemployed people. Katz et al. (2022) 

therefore provides an informative benchmark for comparison, but does not completely fill the 

evidence gap on registered apprentices in nontraditional fields. 

Unregistered Apprenticeship 

Much less is known about the effectiveness of unregistered apprenticeship than registered 

apprenticeship (Kuehn and Lerman 2021). The only causal impact study of an unregistered 

 
18 Reed et al. (2012) report that six-year impacts are from 2006 and nine-year impacts are from 2009. These are 
adjusted using the January 2006 and January 2009 consumer price index, respectively, and the December 2024 
consumer price index. 
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apprenticeship program is by Jacoby and Haskins (2020), who used a matched comparison design 

(similar to this study) to compare the earnings of apprentices who completed the unregistered 

Kentucky FAME program to community college completers. They found that the unregistered 

apprenticeship completers earned $22,075 more in annual wages, or $5,519 in quarterly earnings 

($6,752 in 2024 dollars).19  

The Kentucky FAME study has several limitations. First, the study relied on a relatively small 

sample size (134 unregistered apprentices). So, although the results are statistically different from 

zero, they are imprecisely estimated. Further, by only looking at Kentucky FAME completers, the 

authors cannot speak to the experiences of apprentices who do not complete their training. Like the 

registered apprenticeship studies discussed above, the findings from Jacoby and Haskins (2020) are 

also difficult to generalize to other unregistered apprenticeship programs, because they only analyzed 

Kentucky FAME, a well-established unregistered apprenticeship program in a single field 

(manufacturing technicians). 

Impact Study Design 
The purpose of this study is to estimate the impact of the Scaling Apprenticeship and Closing the Skills 

Gap apprenticeship programs on earnings and employment. To do this, the evaluation team used a 

quasi-experimental design (QED).  

Research Questions  

The research questions focus on the difference between the average outcomes of the apprentices and 

the average outcomes individuals would have achieved if the Scaling Apprenticeship and Closing the 

Skills Gap programs did not exist (also referred to as the average treatment effect on the treated).  

The primary impact study research questions are:  

◼ What is the impact of registered apprenticeships on earnings and employment of participants 

in the ninth quarter following program enrollment?  

◼ What is the impact of unregistered apprenticeships on earnings and employment of 

participants in the ninth quarter following program enrollment? 

 
19 These estimates come from Appendix table 2 in Jacoby and Haskins (2020). Jacoby and Haskins (2020) report 
median wages as their primary results without testing for statistical significance, but the mean wage differences in 
the appendix are more comparable to those in other apprenticeship impact studies. 
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The secondary research questions are:  

◼ What are the impacts of registered and unregistered apprenticeships on ninth-quarter 

earnings and employment for different occupational sectors?  

◼ What are the impacts of registered and unregistered apprenticeships on ninth-quarter 

earnings and employment for subgroups (sex, race/ethnicity, age, and incumbent worker 

status)? 

The team selected the ninth quarter from program enrollment in the design phase of the study 

because many apprenticeship programs are two years or less and because, based on constraints 

imposed by the project timeline and the timing of data collection activities, it struck the best balance 

between being the longest duration (furthest in time from program enrollment) while providing a 

sufficiently large sample size for analysis. 

Methods 

The QED estimates causal impacts by comparing outcomes for apprenticeship participants with those 

of a matched comparison group of non-apprentices. Specifically, the evaluation team created two 

comparison groups that represent common workforce development pathways: (1) individuals who 

enrolled at a community college and trained in apprenticeship industries, and (2) individuals who 

received Wagner-Peyser Employment Services. For each group, we used inverse probability weighting 

to create a comparison group that most closely reflects the characteristics of apprentices in our 

sample. Using and comparing two distinct comparison groups provide a more robust understanding of 

how apprenticeship outcomes compare to those of alternative pathways. 

The impact study methods rely on a “selection on observables” assumption. Simply put, this 

assumption is based on the idea that observable characteristics can account for any key factors that 

relate to both enrolling in an apprenticeship program, and employment and earnings outcomes (see 

Imbens 2004 for a review of this methodology). Although this assumption can never be fully tested, 

the design adheres to the following principles, found in the literature, for generating credible 

comparison groups when studying workforce development programs using QEDs (Heckman et al. 

1998; Heckman, Ichimura, and Todd 1997; Glazerman, Levy, and Meyers 2003): 

1. Selecting treatment and comparison groups from the same local areas so that they face the 

same local labor markets and service environments; 
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2. Using a rich set of socio-demographic variables from a common data source for both 

samples;20 and,  

3. Using preprogram earnings histories, in temporal periods no longer than a quarter, to capture 

pre-enrollment differences in employment and earnings that can influence later employment 

outcomes. 

Data Sources 

The impact evaluation relies on three main data sources described below. Each dataset, and the 

methods for linking the data, are described in more detail in the Technical Appendix. 

◼ Workforce Integrated Performance System (WIPS).21 These data include individual-level 

information about Scaling Apprenticeship and Closing the Skills Gap participants, as well as 

the Wagner-Peyser comparison group. Grantees report data on apprentices and local 

American Job Centers (AJCs) report data on Wagner-Peyser participants, with the fields and 

definitions created by DOL. Among other variables, the data contain demographic 

characteristics, employment status at program entry, highest education level completed at 

program entry, ex-offender status, low-income status, basic skills level, and program entry and 

exit dates.  

◼ Community College Data. Community college data, from community college systems or state 

departments of education, provide information on the community college comparison group 

and include the same demographic characteristics as the WIPS data. Community college data 

also contain information on students’ enrollment and course history, which is helpful for 

narrowing the comparison group to students in fields that are similar to the apprentices’ 

occupations. 

◼ National Directory of New Hires (NDNH). The NDNH data serve as a legally mandated 

national repository of quarterly employment, unemployment insurance, and quarterly wage 

data. These data are collected from state unemployment insurance agencies and federal 

employment records, and capture most wage and salary employment in the United States. We 

use the NDNH data to measure the employment and earnings of apprentices and comparison 

 
20 As described in the next section, the Wagner-Peyser contrast meets this condition. For the community college 
comparison contrast the data source for pre-program earnings and employment are the same across treatment 
and comparison groups, but the data source for socio-demographic variables differs.  

21 WIPS is the performance management system for the Workforce Innovation and Opportunity Act, and for 
other DOL-funded workforce programs. Data are entered and updated quarterly for participants. 
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group members, beginning in the fourth quarter prior to program enrollment and continuing 

through the ninth quarter following program enrollment. 

Overview of the Report 
The remainder of this report presents the findings from the impact evaluation of the Scaling and 

Closing grants. It is organized as follows:  

◼ Chapter 2: Implementation of the grants and participant outcomes 

◼ Chapter 3: Overview of the study approach and grantee selection  

◼ Chapter 4: Selection of comparison groups and matching process 

◼ Chapter 5: Impacts on earnings and employment 

◼ Chapter 6: Conclusion and discussion  

◼ Technical Appendix  
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Chapter 2: Implementation of Grants and 

Participant Outcomes 
This chapter first summarizes findings from the implementation study of the Scaling Apprenticeship 

and Closing the Skills Gap grant programs, conducted as part of the larger study of these grant 

programs (Gardiner et al, forthcoming). It then discusses the implications of the implementation study 

findings for the impact study.  

Key Findings from the Implementation Study  
The implementation study documented variation in grantee apprenticeship program models, 

participant and apprentice recruitment strategies, participant and apprentice characteristics, services 

provided to and received by participants and apprentices, and differences among programs by grant 

program and program registration status. This section summarizes each topic. 

Apprenticeship Models 

As of March 31, 2024, grantees from both grant programs collectively created 3,318 new 

apprenticeship programs (62 percent of the total number of apprenticeship programs supported by 

the grants) and expanded 2,033 existing apprenticeship programs (38 percent of the total).22 More 

grantees offered registered programs (45 grantees) than unregistered ones (31 grantees). Twenty-

eight grantees supported both registered and unregistered programs. 

Virtual site visits to 18 grantees provided additional information about 62 apprenticeship 

programs implemented by these grantees. The most common apprenticeship occupations were IT, 

advanced manufacturing, construction, and health care. Programs in computer and mathematical 

occupations (which include IT) accounted for 31 percent of programs, followed by occupations in 

production, installation, maintenance, and repair occupations (including advanced manufacturing) (26 

percent of programs), construction (19 percent), and health care (18 percent). Six percent of programs 

were in other occupational areas. 

 
22 The number of new and expanded apprenticeship programs come from Scaling Apprenticeship and Closing the 
Skills Gap quarterly progress reports as of March 31, 2024.  
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Program design varied by occupation. For example, 68 percent of apprenticeships in IT (computer 

and mathematical occupations) were expanded, followed by 63 percent of advanced manufacturing 

programs (production, installation, maintenance, and repair occupations). In contrast, nearly 73 

percent of programs in health care were newly developed as a part of the grants. The duration of 

programs also differed by occupation. Advanced manufacturing programs averaged 3,750 hours, 

whereas IT and health care programs were shorter on average (2,807 hours and 2,000 hours, 

respectively).  

Colleges provided RTI for 71 percent of the apprenticeship programs included in the site visits, 

while employers provided RTI for another 26 percent.23 Colleges provided RTI for 89 percent of 

advanced manufacturing occupations and 83 percent of construction occupations. IT and health care 

occupations used a mix of colleges (42 percent and 55 percent, respectively) and employers (47 

percent and 45 percent, respectively) for RTI.  

Recruitment 

Site visit grantees reported using multiple recruitment strategies to identify and enroll participants and 

apprentices. No grantees relied entirely on their own staff for recruitment; rather, they engaged a 

variety of partners to help them. The type of partners differed somewhat by whether the grantee was 

an IHE (12 grantees) or not (6 grantees). The most reported recruitment partners were employers (67 

percent of IHE and non-IHE grantees), which is not surprising given the central role of employers in 

apprenticeship programs and the focus of some grantees on recruiting incumbent workers. Half of IHE 

grantees cited AJCs as a partner, as did 42 percent of non-IHE grantees. A larger share of IHE 

grantees reported colleges as a recruitment partner, while a greater proportion of non-IHE grantees 

partnered with high schools and pre-apprenticeship programs.  

Partners used different recruitment strategies. Employers participated in recruitment events at 

colleges alongside instructors and hosted apprenticeship launch events. College partners reported 

recruiting students from their non-degree and experiential learning programs. Other IHE grantees 

used statewide community college systems to market apprenticeship widely.  

 
23Colleges provided the training for most programs in production/installation/maintenance/repair, construction 
and extraction, and healthcare. Employers provided training for slightly more computer and mathematical 
programs than did colleges (47 percent versus 42 percent).  



C H A P T E R  2 :  I M P L EM E N T A TI O N  O F  G R AN T S  AN D  P A R T IC I P A N T  O U TC OM E S  4 0  
 

Key Distinctions Between Registered and Unregistered Programs  

Among site visit grantees, the proportion of registered versus unregistered programs varied by 

occupation (figure 2.1). All health care apprenticeship programs were registered, as were 92 percent 

of construction programs, and 74 percent of computer/mathematical (e.g., IT) programs. Conversely, 

the majority of production/installation/maintenance/repair (e.g., advanced manufacturing) programs 

were unregistered (56 percent). 

FIGURE 2.1 

Apprenticeship Program Type by Occupation 

 

URBAN INSTITUTE 

Source: Site visits with Closing the Skills Gap and Scaling Apprenticeship grantees and partners conducted between the fall of 
2022 and the spring of 2023. N=62 programs. 

Registered and unregistered programs also differed in whether they were new or expanded, and 

in their approach to measuring skill development. A smaller proportion of registered programs were 

expanded rather than new (56 percent), compared with 65 percent of unregistered programs.  

74%

44%

92%

100%

26%

56%

8%

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Computer and mathematical (IT)

Production,installation, maintenance, repair (advanced
manufacturing)

Construction and extraction

Health care

Registered UnregisteredOccupational area



C H A P T E R  2 :  I M P L EM E N T A TI O N  O F  G R AN T S  AN D  P A R T IC I P A N T  O U TC OM E S  4 1  
 

Considerations for the Impact Study 

The implementation study documented notable variations in program implementation that are 

relevant for the impact analysis: 

◼ Implementation differed between registered and unregistered programs. A larger share of 

the unregistered apprenticeship programs was expanded rather than newly created using 

grant funds, which may indicate that they were operational and ready to hire apprentices 

sooner than the registered programs. The distribution of registered and unregistered 

programs also varied by occupation with advanced manufacturing being the only occupation 

where most programs were unregistered. Additionally, apprentices in registered and 

unregistered programs varied by some demographic (e.g., sex) and educational (e.g., 

attainment) characteristics. Moreover, unregistered apprenticeship programs were shorter on 

average than registered programs (2,908 hours compared with 3,489), but the difference was 

not statistically significant. This suggests that while the unregistered apprenticeship programs 

supported by grantees may be less intensive on average than the registered apprenticeship 

programs, the difference is not substantial. These average program durations and times to 

completion also indicate that earnings and employment impacts at nine quarters post-

enrollment should reflect earnings and employment after expected completion for most 

apprentices. 

◼ Implementation differed between occupations. In addition to differences in registration 

status, occupations differed in program length, methods for assessing skills gains, and 

participant characteristics. 

The impact study addresses these considerations in the following ways: 

◼ Registered and unregistered apprenticeship program impacts are reported separately in 

Chapter 5.  

◼ Impacts are presented by occupation and participant characteristics in Chapter 5.
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Chapter 3: Study Design and Treatment 
Group Selection 
This quasi-experimental impact study generates estimates of the effects of participating in registered 

and unregistered apprenticeship programs under the Scaling Apprenticeship and Closing the Skills Gap 

grant programs on apprentice earnings and employment.24 The evaluation team estimated the impact 

of participation in an apprenticeship on ninth quarter post-enrollment employment and earnings 

relative to two separate comparison groups: individuals who receive limited employment services from 

the Wagner-Peyser program and individuals attending community college. These comparison groups, 

after being statistically weighted to align with the grant-supported apprentices, are used as 

“counterfactuals” for apprentices, or an approximation of what individuals would have experienced 

had they not enrolled in the apprenticeship program. These two alternatives each represent a pathway 

that individuals use to improve their labor market outcomes and are thus a relevant comparison for 

apprentices seeking similar improvements in their outcomes. The team selected the ninth quarter from 

program enrollment because many apprenticeship programs are two years or less and because it 

struck the best balance between the longest duration (furthest in time from program enrollment) while 

providing a sufficiently large sample size for analysis. 

The remainder of this chapter describes selection of registered and unregistered apprentices in 

the analysis samples. First, it discusses our process for selecting Scaling Apprenticeship and Closing 

the Skills Gap grantees to pursue for the impact study. Next, it briefly describes the requirements for 

an apprentice to be included in the analysis sample. It then presents the characteristics of the grantees 

that were included in the impact analysis. Finally, it compares the impact sample of apprentices to the 

broader universe of apprentices served by the Scaling Apprenticeship and Closing the Skills Gap 

grantees. Additional details on study design, data sources, and analyses are provided in subsequent 

sections and the Technical Appendix. 

 
24 The evaluation team explored conducting a randomized controlled trial (RCT). However, based on multiple conversations 
with a broad set of grantees, the team determined, in collaboration with DOL, that an RCT was not feasible. The evaluation 
team learned that grantees did not plan to have substantially more eligible applicants than they could serve (so random 
assignment would limit the number of apprentices they would be able to serve unless they scaled up recruitment efforts), and 
that grantees partner closely with employers that wish to choose their own apprentices, which presents a critical challenge to 
random assignment. Challenges implementing an RCT to study apprenticeship training are described in more detail in Kuehn and 
Macklin (forthcoming). 
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States and Grantees Selected  

The quasi-experimental design for this study relied on collecting personally identifiable information 

(PII) on all individuals in the treatment and comparison groups, including Social Security numbers 

(SSNs). Although the SSNs were available to the study team for apprentices, we needed to develop 

partnerships with state workforce agencies and educational institutions to provide data on the 

comparison groups. As a result, the sample for this study was dictated by the states and educational 

institutions with which we were able to develop data use agreements. If a state or educational 

institution agreed to share PII, the analyses included apprentices within that state. Many grantees 

operated across multiple states, such that a given grantee might have some of its apprentices included 

in the impact study sample and not others. 

Selecting States  

To identify target states for developing data sharing agreements, the evaluation team first aggregated 

grantee-level information on apprentice targets to the state level based on each grantee’s reported 

service area. For grantees operating in multiple states, the team assumed apprentices would be 

equally distributed across those states.25 The team then generated possible combinations of states 

and scored each according to the following selection criteria: expected number of apprentices, 

expected number of grantees, minimal deviation from the overall occupational distribution of 

apprentices, and minimal deviation from the overall geographic distribution of apprentices. Because 

the study aimed to estimate impacts for registered and unregistered apprenticeship, separately, we 

selected sets of states for each type separately, though there was significant overlap in the highest 

scoring states for registered and unregistered apprenticeships. 

After selecting a set of target states, we approached the target states’ workforce agencies to 

establish data use agreements for accessing data. The team was successful in entering into data use 

agreements for Wagner-Peyser data with nine state workforce agencies: Alabama, Connecticut, 

Florida, Indiana, Michigan, Missouri, New Jersey, Pennsylvania, and Utah.26 For community college 

data, we approached the community college system or state department of higher education, 

depending on which entity held the individual-level data with PII we needed. When those entities 

were unable to share data, we approached individual community colleges within these states, 

 
25 Grantees that operate across states did not report the target number of apprentices by state. 

26 We had originally made a data use agreement with Arkansas but due to data quality concerns, we dropped 
Arkansas from the analysis. 
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including colleges that were themselves grantees; although the college departments that we worked 

with were distinct from those that oversaw the grants. (That is, a given community college might also 

be a grantee; for the purpose of the study design, they serve both roles). The team entered into data 

use agreements for community college data with entities in eight states: Alabama, California, Illinois 

(Illinois Community College Board), Indiana (Ivy Tech Community College), Missouri, New Jersey (NJ 

Office of the Secretary of Higher Education), Ohio (Ohio Department of Higher Education), and Texas 

(Dallas College and San Jacinto College). In total, 13 of the 29 states with Scaling Apprenticeship and 

Closing the Skills Gap grant recipients provided data—exceeding the 10 states included in Reed et al.’s 

2012 impact study. 

Selected States’ Grantee Characteristics 

The impact study states in the analyses included 22 grantees: 14 Scaling Apprenticeship grantees and 

8 Closing the Skills Gap grantees. Table 3.1 shows the grantees, their focus occupation(s), and the 

proportion of apprentices in registered programs. To be included in the impact study, apprentices had 

to meet certain conditions, described in the next section. 

The impact study grantees’ target occupations were similar to those of all grantees. Forty-seven 

percent of impact study grantees focused on IT, either as the sole occupation or one of two, compared 

with 44 percent of all grantees. The next most common occupation was advanced manufacturing (33 

percent of impact study grantees versus 36 percent of all grantees). The least common occupation 

was health care (20 percent of grantees in each group).   

The number of apprentices that grantees enrolled by March 31, 2024, ranged from 148 to 7,255. 

The median impact study grantee enrolled 2,159 apprentices. Impact study grantees varied in the 

percentage of apprentices in registered programs. Thirteen of the 22 grantees enrolled more than 50 

percent of their apprentices in registered programs versus nine that enrolled 50 percent or fewer 

apprentices.  
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TABLE 3.1  

Characteristics of Grantees Included in Impact Study  

Grantee Focus Occupation(s) 

Number of 
Apprentices 

Enrolled 

Percent of All 
Apprentices in 

Registered 
Programs 

Scaling Apprenticeship Grantees 

Alabama Community College System Advanced Manufacturing 1,600 9 

Bergen Community College Health care 862 100 

Columbus State Community College Information Technology 458 1 

County College of Morris Advanced Manufacturing 399 100 
Dallas County Community College 
District 

Health care 6,658 98 

Illinois Community College Board Information Technology 1,313 20 

Lorain County Community College  Advanced Manufacturing 2,962 36 

Pennsylvania College of Technology Advanced Manufacturing 2,014 66 
San Jacinto Community College 
District Information Technology 2,303 52 

St. Louis Community College  Advanced Manufacturing 2,547 32 

Trustees of Clark University Information Technology 1,333 100 

University of Cincinnati Information Technology 7,255 0 

Weber State University Information Technology 475 100 

West Los Angeles College Advanced Manufacturing 5,363 44 

Closing the Skills Gap Grantees 
American Association of Port 
Authorities 

Information Technology, 
Advanced Manufacturing 2,917 73 

Florida Alcohol and Drug Abuse 
Association 

Health care 148 100 

Goodwin College, Inc. Advanced Manufacturing 1,098 5 
Ivy Tech Community College of 
Indiana Information Technology 3,517 53 

Missouri Chamber Foundation Information Technology 3,342 100 

North Carolina State University Information Technology 2,395 42 

Oakland Community College Advanced Manufacturing 976 89 

Wireless Infrastructure Association Information Technology 2,728 100 

Source: Quarterly Progress Reports (QPRs). Data reported as of 3/31/24 except for one grantee reporting as of 12/31/23. 
Notes: Scaling Apprenticeship (N=4); Closing the Skills Gap (N=12). Thirteen Scaling Apprenticeship grantees and three Closing 
the Skills Gap grantees continued grant activities beyond 3/31/24. All three Closing the Skills Gap grantees had periods of 
performance ending in February 2025, almost a year after these data were collected. The last Scaling Apprenticeship grants 
closed in July 2024, thus the 3/31/24 QPRs reflect most of their grant periods. Four grantees operating in study states were 
excluded from the analysis due to either insufficient data or the lack of available comparison group members in matching 
counties and quarter of entry: Alamo Community College District, Argentum, H-CAP, Inc, and Southern Utah University. 
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Formation of Treatment Group and Impact Study 
Sample  

Apprentice Inclusion Criteria 

The impact study sample included apprentices who enrolled with an impact study grantee between 

July 1, 2021, and June 30, 2022, and met the following criteria: 

1. Has a valid SSN in WIPS, 

2. Has accessible data on their county of residence provided by their grantee, 

3. Has comparison group members who lived in the same county and enrolled in the same 

calendar quarter, such that they could be matched to at least one of the two comparison 

groups (Wagner-Peyser participants and community college students).  

Only individuals with a valid SSN could be matched to the records in the NDNH to obtain pre- and 

post-enrollment earnings and employment. Therefore, any apprentice who did not have an SSN listed 

was dropped from the sample.  

As described in the next chapter, the matched comparison group strategy included matching 

apprentices to comparison group members that lived in the same county and enrolled in Wagner-

Peyser services or a community college in the same quarter. Matching on county allowed the 

evaluation team to control for a set of unobservable characteristics associated with where people live, 

the labor market conditions they faced both before and after receiving services, and alternative 

services available to them. Matching on quarter of enrollment allows the evaluation team to control 

for time-varying economic trends. The WIPS data does not include information on county of residence 

for Scaling Apprenticeship and Closing the Skills Gap grant participants. The evaluation team thus 

needed to collect data on apprentices’ county of residence directly from the individual grantees. The 

analysis sample excludes apprentices for whom the team could not collect county of residence data. In 

contrast, this was not an issue for the comparison groups because the WIPS data includes information 

on county of residence for Wagner-Peyser participants, and the team collected county data from 

community colleges for college students. 

For the community college comparison, we further limited the sample to apprentices who enrolled 

between January 1, 2022, and June 30, 2022. This is because we obtained data use agreements with 

community colleges later in the study timeline and therefore were unable to collect sufficient pre-

enrollment earnings for the comparison group.  
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An important feature of our matching strategy is that a given registered apprentice could be in the 

analysis sample that is compared with Wagner-Peyser participants, the analysis sample compared with 

community college students, both, or neither. That is, the sample of registered apprentices in the 

Wagner-Peyser comparison is not the same as the sample of registered apprentices in the community 

college comparison, but neither are the two samples fully distinct. The same approach applies to 

unregistered apprentices: They could be in the analysis sample for either of the two comparison 

groups, both, or neither. Because our data collection and matching strategy depend on geography, the 

geographic location of an apprentice played a key role in determining which analyses they were in. We 

discuss our data collection and matching strategy in more detail in Chapter 4 and in the Technical 

Appendix. 

Comparison of Full Sample and Analysis Samples 

Because apprentices in the impact samples had to be in an impact study state and meet all criteria 

outlined above to be included in the analysis, they could potentially differ from the full group of 

apprentices. Table 3.2 shows the characteristics of registered apprentices in the full sample compared 

with registered apprentices in the analysis samples that were compared with Wagner-Peyser and 

Community College participants. Table 3.3 shows the same comparisons for unregistered apprentices. 

This section compares different samples of apprentices to illustrate how the treatment group samples 

differed from each other and from the larger population of apprentices. The technical appendix 

describes differences between treatment samples of apprentices and the comparison groups they 

were contrasted with. 

Compared with the full sample, the analysis sample of apprentices used in for the Wagner-Peyser 

contrast includes a larger share of registered apprentices who are male, non-Hispanic white, non-

Hispanic Black, and those with either less than a high school diploma, a high school diploma or GED, or 

a postsecondary certificate (table 3.2). Conversely, the analysis sample includes a smaller share who 

are Hispanic, youth (ages 17-24), and those with at least a bachelor’s degree; these differences are all 

statistically significant. The analysis sample of apprentices used for the community college contrast 

includes a larger share of registered apprentices who are non-Hispanic Black and those with at least a 

bachelor’s degree, and a smaller share who are non-Hispanic white and those who have only a high 

school diploma or some college.  
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Table 3.2  
Comparison Between All Registered Apprentices and Registered Apprentices in Impact Study 
Analysis Samples  

 

Characteristic 

 

All Registered 
Apprentices  

Registered Apprentices 
in Analysis Sample for 

Wagner-Peyser Contrast 

Registered Apprentices 
in Analysis Sample for 

Community College 
Contrast  

Sex     
Male 56% 69%*** 56% 
Female  43% 31%*** 44% 
Race/Ethnicity     
Hispanic  16% 10%*** 15% 
Non-Hispanic Asian  6% 3%*** 6% 
Non-Hispanic White  52% 57%*** 38%*** 
Non-Hispanic Black  17% 24%*** 35%*** 
Mixed/other race/ethnicity 2% 2% 0% 
Missing Race  8% 4%*** 4%*** 
Age     
17-24 35% 30%*** 37% 
25-29 23% 22% 25% 
30-39 25% 24% 24% 
40-49 11% 15% 10% 
50+ 6% 8% 5%* 
Highest Education     
Less than High School Diploma 4% 5%** 1%*** 
High School Diploma or GED 4% 6%** 3% 
High School Graduate 36% 36% 34%** 
Some College 16% 15% 12%*** 
Educational Certificate 2% 5%*** 2%** 
Associate’s degree  7% 7% 7% 
Bachelor’s Degree or Higher 30% 27%*** 42%*** 
Disability Status    
Not Identified as Disabled 97% 97%*** 98% 
Disabled 3% 4%*** 3% 
Veteran Eligibility    
Not Eligible 92% 94% 95%*** 
Eligible 6% 6% 5%*** 
Low-income Status    
No 95% 96%**  97%*** 
Yes 2% 4%*** 3% 
Ex-offender Status    
Non-Ex-offender 99% 99% N/A 
Ex-offender 1% 1% N/A 

Source: Workforce Integrated Performance System (WIPS). 
Notes: Full sample N=21,443; Wagner-Peyser sample N=1,271; Community Colleges sample N=1,124 
Full sample includes observations from all states. Wagner-Peyser sample include observations from Alabama, Connecticut, 
Florida, Indiana, Michigan, Missouri, New Jersey, Pennsylvania, and Utah; the community college sample includes observations 
from schools in eight states (Alabama, California, Illinois, Indiana, Missouri, New Jersey, Ohio, and Texas).  
N/A: data is not available.  
Percentages may not sum to 100 due to rounding. 
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 



C H A P T E R  3 :  S T U D Y  D E S IG N A N D  T R E A T M E NT  G R O U P  SE L E C T I O N  4 9  
 

Compared with the full sample, the analysis samples of apprentices used in the Wagner-Peyser 

and Community College contrasts include a significantly larger share of unregistered apprentices who 

are female (table 3.3), although a larger share of the full sample has missing sex. For both analysis 

samples, there are significant differences by race and ethnicity except for non-Hispanic Blacks and 

mixed/other race in the analysis sample for the Wagner-Peyser contrast. Significantly fewer 

unregistered apprentices in the analysis sample for the Wagner-Peyser contrast are youth. 

Significantly fewer unregistered apprentices in both samples have some college or a bachelor’s degree 

or higher, and a larger share sample for the Community College contrast have a high school diploma. 
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TABLE 3.3  

Characteristics of All Unregistered Apprentices and Unregistered Apprentices in 
Impact Study Analysis Samples 

Characteristic 

All 
Unregistered 
Apprentices  

Unregistered 
Apprentices in Analysis 

Sample for Wagner-
Peyser Contrast  

Unregistered Apprentices 
in Analysis Sample for 

Community College 
Contrast  

Sex    
Male 70% 80%*** 75%*** 
Female  22% 20%* 25% 
Missing 8% 0%*** 0%*** 
Race/Ethnicity     
Hispanic  11% 7%*** 5%*** 
Asian  6% 2%*** 5%** 
Non-Hispanic White  60% 58%* 48%*** 
Non-Hispanic Black  14% 23% 36%** 
Mixed/other race/ethnicity 2% 3% 2% 
Age     
17-24 41% 31%*** 45% 
25-29 15% 16% 13% 
30-39 21% 26% 20% 
40-49 13% 16% 14% 
50+ 10% 11% 9% 
Highest education     
Less than high school diploma 6% 6% 6% 
High school diploma or GED 6% 12% 5% 
High school graduate 27% 28% 37%*** 
Some college 28% 21%*** 32%* 
Educational certificate 4% 8% 5% 
Associate’s degree  6% 7% 7% 
Bachelor’s degree or higher 22% 19%*** 9%*** 
Disability status    
Not disabled 98% 98% 98% 
Disabled 2% 2% 3% 
Veteran eligibility    
Not Eligible 93% 93%*** 95%*** 
Eligible 7% 7% 5%*** 
Low-income status    
No 92% 87% 90%*** 
Yes 7% 13%*** 10%** 
Ex-offender status    
Non-ex-offender 97% 95% N/A 
Ex-offender 3% 5% N/A 

Source: Workforce Integrated Performance System (WIPS). 
Notes: Full sample N=12,456; Wagner-Peyser sample N=950; Community Colleges sample N=594. 
Full sample includes observations from all states; the Wagner-Peyser sample include observations from Alabama, Connecticut, 
Florida, Indiana, Michigan, Missouri, New Jersey, Pennsylvania, and Utah; the community college sample includes observations 
from schools in eight states (Alabama, California, Illinois, Indiana, Missouri, New Jersey, Ohio, and Texas). 
N/A: data is not available.  
Percentages may not sum to 100 due to rounding. 
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 
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As described above, geographic location played an important role in determining whether a given 

apprentice was included in one or both analysis samples (Wagner-Peyser comparison and community 

college comparison). For example, because we able to collect both Wagner-Peyser and community 

college data from Missouri, an apprentice in Missouri could have been in both analysis samples; 

whereas an apprentice in Texas data could be in the community college comparison sample but could 

not be in the Wagner-Peyser comparison sample because we did not collect data on Wagner-Peyser 

participants in Texas. Table 3.4 illustrates how each of the four analysis samples were distributed 

across states, where states are listed in descending order by sample size in each column. Chapter 4 

and the Technical Appendix discuss our data collection and matching strategy in greater detail.  

TABLE 3.4  
Geographic Distribution of Analysis Samples 

Registered 
Apprentice 

Analysis 
Sample for 
Wagner-
Peyser 

Comparison  

Registered 
Apprentice 

Analysis 
Sample for 
Community 

College 
Comparison  

Unregistered 
Apprentice 

Analysis 
Sample for 
Wagner-
Peyser 

Comparison  

Unregistered 
Apprentice 

Analysis 
Sample for 
Community 

College 
Comparison  

State Percent State Percent State Percent State Percent 

Missouri 35% Texas 41% Indiana 39% Missouri 36% 

Indiana 20% Missouri 15% Missouri 34% Indiana 21% 

Florida 12% Florida 7% Florida 6% Alabama 18% 

Michigan 10% Indiana 5% Michigan 6% Ohio 12% 

Pennsylvania 10% New York 5% Alabama 5% Texas 4% 
All others (4 
states) 13% 

All others (21 
states) 27% 

All others (4 
states) 10% 

All others (10 
states) 9% 

Source: Workforce Integrated Performance System (WIPS) 
Notes: Registered Apprentice Wagner-Peyser comparison sample N=1,271; Registered Apprentice Community Colleges 
comparison sample N=1,124; Unregistered Apprentice Wagner-Peyser comparison sample N=950; Unregistered Apprentice 
Community Colleges comparison sample N=594. States are sorted in descending order of the proportion of the analysis sample. 
As described in the appendix, the study included students living in states other than the one their college was in, but only in the 
case of Ohio colleges, where this was widespread in the data. For example, a student could be enrolled in remote learning in 
Ohio while living in New York; an apprentice living in New York could be matched to that student. 
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Chapter 4: Comparison Group Selection and 
Matching Process 
This chapter describes the comparison groups selected for the matched comparison group design: 

Wagner-Peyser program participants and people attending community college for occupational 

training in apprenticeship industries. As noted above, these are two common pathways that workers 

use to improve their labor market outcomes, and apprenticeship represents a third pathway.  

Using two comparison groups, each representing a potential counterfactual for apprenticeships, 

provides a more robust picture of how apprenticeship compares to two other common pathways, not 

just one. Consistent with this, we present results for each outcome as two separate impact estimates, 

one for each comparison group. In cases where the two impact estimates differ meaningfully, we 

discuss what factors specific to the comparison group may have led to these differences. 

The chapter first explains why we selected these two groups as the “counterfactual” to an 

apprentice and the process by which we selected the comparison groups. It then describes the 

matching process, the sample balance, the impact estimation methodology, and limitations.  

Since our research questions focus on the impacts of registered and unregistered apprenticeship 

separately, we have four primary impacts: registered apprentices compared with a Wagner-Peyser 

comparison group, unregistered apprentices compared with a Wagner-Peyser comparison group, 

registered apprentices compared with a community college comparison group, and unregistered 

apprentices compared with a community college comparison group. 

Wagner-Peyser Program Comparison Group 
In 1933, the Wagner-Peyser Act established a system of public employment offices called the 

Employment Service. In 2014, the Workforce Innovation and Opportunity Act amended Wagner-

Peyser to create a one-stop delivery system by co-locating the Employment Service with the AJC 

network (Employment and Training Administration, n.da). Together, the Employment Service and AJC 

network provide services to job seekers including job search and placement assistance, career 

guidance, information on labor markets, assessments, and access to training opportunities and 

programs (Employment and Training Administration, n.db). Almost all Wagner-Peyser participants 

receive basic career services; over half receive staff-assisted job search services, and half receive 
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workforce information services. Most participants are engaged for four or fewer weeks (Office of 

Policy Development and Research 2025). 

Individuals seeking to improve their labor market outcomes may be referred to apprenticeship 

programs by an AJC or other public workforce agency partners. In the absence of an available 

apprenticeship program, these individuals would presumably be referred to another workforce 

development program or service, such as the Employment Service. Wagner-Peyser participants and 

the services they receive from the public workforce system are included in the WIPS data. Like 

apprenticeship programs, these workforce services help participants to enter employment and 

increase earnings. Workers generally seek out Wagner-Peyser services for assistance in pursuing a 

new job. Most Wagner-Peyser participants are unemployed when they seek services and receive only 

light-touch case management or job search assistance. Wagner-Peyser participants with similar levels 

of education, prior earnings, and geographic location constitute an appropriate comparison group for 

apprentices. We formed comparison groups for this group from data from nine state workforce 

agencies: Alabama, Connecticut, Florida, Indiana, Michigan, Missouri, New Jersey, Pennsylvania, and 

Utah. 

Community College Comparison Group 
Community colleges are public colleges that primarily award associate’s degrees and offer some non-

degree programs.27 Generally, community colleges are open-access or have low barriers to entry and 

therefore serve a wide population. Almost half of community college students are older than 24, and 

over a quarter have dependents. Most community college students attend part-time and work while 

enrolled (Community College Research Center 2021).  

Many individuals pursue postsecondary education to enhance their labor market skills and 

increase their future earnings potential. Community college students may take courses similar to those 

in apprenticeship programs and have similar background characteristics and prior earnings as 

apprentices. This group is also an appropriate comparison group, as site visit grantees reported they 

recruited apprentices from community college student bodies or conducted outreach to high school 

seniors who planned to enroll upon graduating. These individuals may have attended a community 

college in the absence of an apprenticeship program. Thus, a subset of community college students 

 
27 Some states include two-year colleges that primarily offer associate degrees and some bachelor’s degrees in 
their definition of community college.  
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likely represents an appropriate comparison group for many apprentices.28 Data for the comparison 

group came from eight community colleges systems from eight states: Alabama, California, Illinois, 

Indiana, Missouri, New Jersey, Ohio, Texas. 

To further ensure that the community college sample most closely represented a counterfactual 

for apprentices, we limited the comparison group to community college students who were studying 

in training fields that were covered by the apprenticeships. 

Process for Selecting Comparison Group Members 

To create the Wagner-Peyser and community college comparison groups, we began with all 

individuals in each group for whom the necessary data elements were available. The basic procedure 

was as follows: 

◼ The Wagner-Peyser comparison group began with all participants who enrolled in Wagner-

Peyser Employment Services from July 1, 2021, through June 30, 2022, and lived in a state 

with programs operating under one or both grants and agreed to share data with the study 

team.  

◼ The community college comparison group began with all community college students who 

shared a combination of geographic location (county), field of training, and college enrollment 

during a two-quarter period with at least one apprentice.  

Matching and Weighting  
The goal of the impact study was to provide causal estimates of the effect of participating in either a 

registered or unregistered apprenticeship program under the grants on apprentices’ earnings and 

employment outcomes. To that end, we relied on a “selection-on-observables” assumption that 

participation in an apprenticeship was effectively random once we accounted for observed 

characteristics related to both program participation and the outcomes of interest (Imbens 2004). 

Important observable variables were apprentices’ earnings and employment history, which help 

 
28 We use the term “community college” for ease of exposition. We obtained data from individual community 
colleges, state-wide community college systems, and state-wide higher education systems. Therefore, some 
individuals in our community college comparison group attended public, four-year institutions that are not 
community colleges. 
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account for other latent factors (e.g., motivation) that are not directly observable but influence 

selection into apprenticeship and are causally related to employment. We created comparison groups 

that were as similar as possible to each treatment group by applying inverse probability weights (IPW), 

which assigned greater weight to potential comparison group members who were more similar to 

apprentices than to those less similar (Horvitz and Thompson 1952).  

We calculated IPWs by using a “propensity score” (Rosenbaum and Rubin 1983) that estimated 

the likelihood of an individual’s participation in an apprenticeship based on pre-enrollment 

characteristics. We estimated weights separately for each combination of treatment group (registered 

apprentices and unregistered apprentices) and comparison group (Wagner-Peyser participants and 

community college students). The use of IPWs in non-experimental designs has been shown to 

perform well in real-world settings when there is strong overlap of the propensity score across the 

treatment and comparison groups (Busso et al. 2014; Huber et al. 2013). After calculating the IPWs, 

we applied an additional weighting adjustment to ensure the number of weighted comparison 

individuals was the same as the number of apprentices in each county and year-quarter of entry (see 

the technical appendix for additional details). We ensured exact balance in the timing of program 

enrollment to account for macroeconomic factors that could have influenced the decision to enroll, 

earnings, and employment. In addition, we ensured perfect balance in county of residence to prevent 

bias from differences in labor market conditions.  

Finally, to generate IPWs, we set weights equal to one for all apprentices and equal to 𝑝̂𝑖/(1 − 𝑝̂𝑖) 

for the comparison group, where 𝑝̂𝑖  is the estimated propensity score. To create final IPWs, we 

adjusted the weights such that the sum of all weights was equal for the treatment and comparison 

groups in each county and quarter of entry. 

Sample Matching and Balance 
The impact study includes 1,271 registered apprentices matched to at least one member of the 

Wagner-Peyser comparison group and 1,124 registered apprentices matched to at least one member 

of the community college comparison group. It also includes 950 unregistered apprentices matched to 

at least one member of the Wagner-Peyser comparison group and 594 matched to at least one 

member of the community college comparison group. 

Among the Wagner-Peyser comparison group, 260,713 are matched to at least one registered 

apprentice (Technical Appendix table A.5) and 32,642 are matched to at least one unregistered 
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apprentice (Technical Appendix table A.7). Among the community college comparison group, 4,360 

are matched to at least one registered apprentice (Technical Appendix table A.6) and 3,076 are 

matched to at least one unregistered apprentice (Technical Appendix table A.8). These comparison 

group members are then weighted based on the IPWs described in the previous section. 

After forming the analytic sample of treatment and comparison group members through the 

process described above, we assessed the balance of each treatment-comparison group combination 

to evaluate their similarity. Assessing balance is a critical step in determining whether IPWs created 

two groups that are similar in their characteristics prior to the implementation of the treatment (Stuart 

2010). If the groups are imbalanced in their baseline characteristics, it may suggest that, in the absence 

of the intervention, their outcomes could have differed meaningfully. This would call into question the 

validity of the comparison group.  

We assessed covariate balance by analyzing the effect size differences across key variables, 

providing a measure of the magnitude of differences between the treatment groups and comparison 

groups on a common scale across variables. We followed research guidelines in interpreting effect 

sizes of less than 0.25 in absolute value as indicating sufficient balance for establishing baseline 

equivalence and effect sizes of less than 0.05 in absolute value as indicating very strong balance. 

Overall, the balance between our treatment and comparison groups was strong across all four 

treatment–comparison group combinations. For three of the four combinations, the differences in 

effect sizes were all within the values considered eligible for statistical adjustment. For the 

unregistered apprentices-community college comparison, the comparison group was more likely to be 

non-Hispanic white. Detailed balancing tests are reported in the technical appendix. To account for 

any remaining imbalances on baseline characteristics, we used regression models that controlled for 

baseline characteristics to estimate the treatment effects. 

Impact Estimation Method 
We estimated the impacts of participating in an apprenticeship on employment and earnings using 

linear regression models applying our IPWs. The models included the same covariates as the 

propensity score model, plus county and quarter of enrollment fixed effects. This “doubly robust” 

strategy helps ensure unbiased estimates if either the propensity score model or regression model is 

correctly specified, and it has been found to perform well under a range of circumstances (Busso, 

DiNardo and McCray 2014; Huber, Lechner and Wunsch 2013).  
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When estimating impacts on earnings we included individuals with zero earnings in the sample. 

This prevents bias in the estimated impacts on average earnings that would arise from including only 

employed individuals in the analysis, and results in a consistent sample of individuals across quarters 

and across the earnings and employment outcomes. For more details about the regression model, see 

the Technical Appendix. 

The estimated impacts represent the average effect of apprenticeships in the sample relative to 

the comparison group, also known as the average treatment effect on the treated. We estimated 

heteroskedasticity-robust standard errors to account for differences in the variability of employment 

and earnings outcomes across individuals.  

Caveats  
Although the study attempts to address or mitigate threats to the validity of its findings in several 

ways, caveats remain: 

◼ By definition, an apprentice is someone who has been hired by an employer, or who was 

already employed by the apprenticeship employer, in the case of incumbent workers. This 

poses a challenge to quasi-experimental impact designs since an employer has agreed to hire 

the apprentice, a decision that is based on a variety of unobserved applicant characteristics. 

Many of our sample inclusion restrictions and other design choices are structured to address 

this limitation, by adjusting for a history of pre-program earnings and employment and other 

key background characteristics, but it is impossible to rule out any role of unobserved 

background differences between apprentices and comparison group members. 

◼ Apprenticeship programs vary in length, with some programs lasting two years or less and 

others lasting over three years. As a result, the ninth quarter from program entry represents a 

post-completion quarter for some apprentices but not for others. It is possible that the 

impacts would have been higher or lower if we had picked a later quarter: some apprentices 

might have completed their program and might be earning higher, post-apprenticeship wages; 

on the other hand, other apprentices might have been further away from their treatment and 

the treatment effect may have lessened over time. Somewhat similarly, some individuals in 

the community college comparison group might have been pursuing longer-term training, such 

as those seeking to transfer their credits to pursue a bachelor’s degree at a four-year college, 

and thus could still have been in training at the ninth quarter after enrollment. Of course, this 
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could have also been true of apprentices. The heterogeneity of apprenticeship program 

lengths introduces important interpretive challenges that should be kept in mind. 

◼ As discussed in Chapter 3, the impact sample may not be representative of all apprentices 

supported by these grant programs. In addition, all apprentices supported by these grant 

programs themselves may not be representative of all apprentices in these sectors, which 

itself may not be representative of all apprentices across all sectors.  
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Chapter 5: Impacts on Employment and 
Earnings 
This chapter answers the primary and secondary research questions: did apprenticeships have an 

impact on ninth-quarter employment and earnings? Did apprenticeships have an impact on 

employment and earnings for different subgroups of participants? It presents impact estimates of 

registered and unregistered apprenticeships on employment and earnings relative to two comparison 

groups: (1) individuals who enrolled at a community college (College analysis), and (2) individuals who 

received Wagner-Peyser Employment Services (Wagner-Peyser analysis). The chapter first presents 

employment and earnings impacts for registered apprenticeship programs, followed by unregistered 

programs. The next section describes impacts by subgroup for registered and unregistered programs. 

Technical Appendix tables A.9 and A.10 provide additional details of the analyses.  

In summary, both registered and unregistered apprenticeships had large and statistically 

significant impacts on employment and earnings, starting in the quarter of enrollment and continuing, 

with few exceptions, through the ninth quarter post enrollment. This was true for apprentices relative 

to both the College and Wagner-Peyser comparison groups. Analyses by occupational sector and 

participant subgroup also demonstrate the large and statistically significant impact of apprenticeship 

on employment and earnings.  

Employment and Earnings Impacts 
This section presents the quarterly employment and earnings impacts for registered apprenticeship 

programs and unregistered programs in the ninth quarter following enrollment. We describe why the 

ninth quarter was selected in the section on research questions in Chapter 1.  

This section next describes impacts first for all registered and unregistered apprentices, then by 

occupational sector for registered and unregistered apprenticeships, followed by impact estimates for 

subgroups, again presented separately for registered and unregistered apprenticeship.  

Registered Apprenticeship Impacts on Employment and Earnings  

Figure 5.1 shows that registered apprenticeship programs had large, statistically significant impacts on 

ninth-quarter employment relative to both comparison groups. The impact of apprenticeship was 
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similar in both analyses—increasing employment by 8.8 percentage points in the College analysis and 

7.8 percentage points in the Wagner-Peyser analysis. Both impacts were statistically significant at the 

1 percent level. The relative impacts—that is, the impact as a proportion of the comparison group 

mean—were 11.2 percent and 9.6 percent, respectively, for the College and Wagner-Peyser analyses 

(not shown).29  

FIGURE 5.1    

Registered Apprenticeships have Positive Impacts on Employment 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Wagner-
Peyser analysis: N=261,984 (1,271 apprentices and 260,713 Wagner-Peyser participants). College analysis: N= 5,484 (1,124 
apprentices and 4,360 community college students).  

The impact of registered apprenticeships on earnings in the ninth quarter was larger in the College 

analysis ($4,693) than in the Wagner-Peyser analysis ($3,230) (figure 5.2). Both impacts were 

 
29 Note that employment rates for apprentices are their actual outcomes, whereas those for the comparison 
group are calculated by subtracting the estimated impact from the apprentice mean. These differ from the actual 
comparison group means because the estimated impacts are derived from a regression framework that controls 
for observable differences between apprentices and comparison group members that remain after the matching 
procedure. This is true for earnings estimations as well. 
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statistically significant at the 1 percent level. This difference was not driven by differences in 

treatment group earnings—as average earnings for apprentices were slightly lower in the College 

analysis ($13,966) than in the Wagner-Peyser analysis ($14,305). The relative impact was also higher 

in the College analysis than the Wagner-Peyser analysis (50.6 percent and 29.1 percent, respectively, 

not shown). 

FIGURE 5.2 

Registered Apprenticeships have Positive Impacts on Earnings  

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Wagner-Peyser analysis: N=261,984 (1,271 apprentices and 260,713 Wagner-Peyser participants). College analysis: N= 
5,484 (1,124 apprentices and 4,360 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Figure 5.3 depicts the impact of apprenticeship on employment over time. There were statistically 

significant impacts of apprenticeships beginning in Quarter 0 (enrollment quarter) and continuing 

through Quarter 9. Although the impact trends were similar for both analyses, in each quarter they 

were larger in the College analysis. The employment impact in both analyses was largest in Quarter 1 

(18 percentage points for College analysis and 14 percentage points for Wagner-Peyser analysis). 

There were no statistically significant differences in employment between the apprentices and their 

respective comparison groups during the four quarters prior to enrollment (Quarter -4 through 
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Quarter -1). This is expected because the comparison groups were statistically matched to the 

apprentices using pre-enrollment characteristics.30 This is true for impacts on earnings over time as 

well.  

FIGURE 5.3 

Impact of Registered Apprenticeships on Employment Over Time by Comparison 
Group 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent.(WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Sample sizes 
vary slightly quarter-to-quarter. Wagner-Peyser analysis: N in ninth quarter=261,984 (1,271 apprentices and 260,713 Wagner-
Peyser participants). College analysis: N in ninth quarter= 5,484 (1,124 apprentices and 4,360 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Figure 5.4 shows the impact of registered apprenticeship on earnings over time. Statistically 

significant earnings impacts emerged in Quarter 0 in both analyses and continued through Quarter 9. 

The impact was larger in the Wagner-Peyser analysis through Quarter 0; after that, it was larger in the 

 
30 Detailed sample balancing tests are provided in the technical appendix. 
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College analysis. The earnings impact was largest in the Wagner-Peyser analysis in Quarter 1 ($4,771), 

and in the College analysis in Quarter 3 ($6,199).  

FIGURE 5.4 

Impact of Registered Apprenticeships on Earnings Over Time by Comparison Group 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Sample sizes 
vary slightly quarter-to-quarter. Wagner-Peyser analysis: N in ninth quarter=261,984 (1,271 apprentices and 260,713 Wagner-
Peyser participants). College analysis: N in ninth quarter= 5,484 (1,124 apprentices and 4,360 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Unregistered Apprenticeship Impact on Employment and Earnings 

Figures 5.5 and 5.6 show the impact of unregistered apprenticeships on employment and earnings. 

Figure 5.5 shows the impact on ninth-quarter employment. Unregistered apprenticeship programs had 

strong, significant impacts on ninth-quarter employment for both comparison groups. As shown, the 

ninth quarter apprenticeship employment rates were 83.7 and 86.5 percent, respectively. 

Unregistered apprenticeship increased employment by 3.9 percentage points in the College analysis 

and 4.8 percentage points in the Wagner-Peyser analysis. Both impacts were statistically significant at 
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the 1 percent level. The relative impacts of unregistered apprenticeship ranged from 5 percent in the 

College analysis to 6 percent in the Wagner-Peyser analysis (not shown). 

FIGURE 5.5 

 Unregistered Apprenticeships Have Positive Impacts on Employment 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Wagner-
Peyser analysis: N=33,592 (950 apprentices and 32,642 Wagner-Peyser participants). College analysis: N= 3,670 (594 
apprentices and 3,076 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Figure 5.6 shows that unregistered apprenticeships also had a significant impact on ninth-quarter 

earnings. Apprentices in the College and Wagner-Peyser analyses earned $12,680 and $14,395, 

respectively, in the ninth quarter post-enrollment. The earnings impacts ($3,490 and $3,368) were 

statistically significant at the 1 percent level. The relative impact of unregistered apprenticeship was 

31 percent in the College analysis and 38 percent in the Wagner-Peyser analysis (not shown). 
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FIGURE 5.6 

Unregistered Apprenticeships Have Positive Impacts on Earnings  

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Wagner-Peyser analysis: N=33,592 (950 apprentices and 32,642 Wagner-Peyser participants). College analysis: N= 
3,670 (594 apprentices and 3,076 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Figure 5.7 compares the mean quarterly employment impacts for unregistered apprenticeship 

over time. In the enrollment quarter (Quarter 0), unregistered apprenticeship had a significant and 

positive impact on employment for both analyses, which continued through Quarter 9. However, the 

trends in earnings impacts differed significantly for the two comparison groups. For the College 

analysis, employment impacts were largest in Quarter 1 (16.5 percentage points) and then decreased 

over time, with the smallest impact in the Quarter 9. In contrast, for the Wagner-Peyser analysis, the 

impact estimates trended upward with the largest impact appearing in Quarter 8 (5.1 percentage 

points). This may reflect the fact that many community college students are not employed while they 

are enrolled in college. As expected, there were no statistically significant differences in employment 

between the apprentices and their respective comparison groups during the four quarters prior to 
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enrollment because comparison groups were statistically matched to the apprentices using pre-

enrollment characteristics.31 This is true for earnings impacts as well.  

FIGURE 5.7 

Impact of Unregistered Apprenticeships on Employment Over Time 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Sample sizes 
vary slightly quarter-to-quarter. Wagner-Peyser analysis: N in ninth quarter=33,592 (950 apprentices and 32,642 Wagner-
Peyser participants). College analysis: N=3,670 (594 apprentices and 3,076 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Figure 5.8 shows the mean quarterly earnings impacts of unregistered apprenticeship over time. 

As with employment impacts, statistically significant quarterly earnings impacts started in Quarter 0 

for both analyses and continued through Quarter 9. In contrast to the employment impacts, the 

earnings impacts were similar and trended upward over time for both analyses. The largest impact 

occurred in Quarter 7 in the College analysis ($4,190) and in Quarter 8 in the Wagner-Peyser analysis 

($3,871). Impacts were statistically significant at the 1 percent level. There were no statistically 

 
31 Detailed sample balancing tests are provided in the appendix. 
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significant impacts on earnings in the four quarters prior to enrollment (Quarter -4 through Quarter -

1). 

FIGURE 5.8 

Mean Earnings Impacts of Unregistered Apprenticeships Over Time 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Sample sizes vary slightly quarter-to-quarter. Wagner-Peyser analysis: N in ninth quarter=33,592 (950 apprentices and 
32,642 Wagner-Peyser participants). College analysis: N in ninth quarter=3,670 (594 apprentices and 3,076 community college 
students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Impacts by Occupation 
The prior section described the overall impact of apprenticeships on employment and earnings. This 

section further explores the impact of apprenticeships by examining impacts by occupational sector 

(advanced manufacturing, IT, and health care). Because the sample size for each sector varied by 

comparison group, impacts are not uniformly available for every occupation. As with the prior section, 

impacts are reported separately for registered and unregistered apprenticeships. 
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Registered Apprenticeship Impacts 

Figure 5.9 shows registered apprenticeship’s impacts on ninth-quarter employment overall and for 

each occupational sector. Advanced manufacturing registered apprenticeship programs increased 

ninth-quarter employment by 4.9 percentage points in the College analysis and 8.6 percentage points 

in the Wagner-Peyser analysis. These translate into relative impacts of 5.8 and 11.0 percent, 

respectively (not shown). The impacts of IT registered apprenticeships ranged from 6.0 percentage 

points in the College analysis to 12.2 percentage points in the Wagner-Peyser analysis, with relative 

impacts ranging from 8.8 to 15.2 percent, respectively (not shown). Health care registered 

apprenticeships had the largest impact on employment of any sector, increasing ninth-quarter 

employment by 15.5 percentage points in the College analysis (a relative impact of 20.2 percent).32 All 

impacts were statistically significant at the 1 percent level.  

  

 
32 Sample sizes were not large enough to estimate the impact for the Wagner-Peyser analysis. 
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FIGURE 5.9 

Impact of Registered Apprenticeships on Employment by Occupational Sector 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Wagner-
Peyser analysis: advanced manufacturing N=131,130 (668 apprentices and 130,462 Wagner-Peyser participants); IT 
N=146,372 (432 apprentices and 145,940 Wagner-Peyser participants). College analysis: advanced manufacturing N=3,966 
(246 apprentices and 3,720 community college students); IT N=3,744 (452 apprentices and 3,292 community college students); 
health care N=2,001 (425 apprentices and 1,576 community college students; sample sizes were not large enough to estimate 
the impact for the Wagner-Peyser analysis). Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 
percent; * = 10 percent. 

Registered apprenticeship also had a significant impact on ninth-quarter earnings for each sector 

(figure 5.10). The impact of advanced manufacturing apprenticeships ranged from $1,920 in the 

College analysis to $3,542 in the Wagner-Peyser analysis (with relative impacts ranging from 16.6 to 

30.2 percent respectively, not shown). Information Technology apprenticeships had earnings impacts 

between $3,120 and $3,862—which translate into relative impacts of 29.6 and 52.7 percent—in the 

College and Wagner-Peyser analyses, respectively. Finally, health care apprenticeships had the largest 

impact on earnings: $7,980, or a relative impact of 106.6 percent, in the College analysis. Impacts 

were statistically significant at the 1 percent level, except for advanced manufacturing apprenticeships 

in the College analysis (5 percent level).  
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FIGURE 5.10 

Impact of Registered Apprenticeships on Earnings by Occupational Sector 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Wagner-Peyser analysis: advanced manufacturing N=131,130 (668 apprentices and 130,462 Wagner-Peyser 
participants); IT N=146,372 (432 apprentices and 145,940 Wagner-Peyser participants). College analysis: advanced 
manufacturing N=3,966 (246 apprentices and 3,720 community college students); IT N=3,744 (452 apprentices and 3,292 
community college students); health care N=2,001 (425 apprentices and 1,576 community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Unregistered Apprenticeship Impacts 

Unregistered apprenticeships had a positive impact on ninth-quarter employment for all occupations 

(overall) and for occupations in the advanced manufacturing sector (figure 5.11). (Sample sizes were 

not large enough to estimate impacts for other occupational sectors.) The impacts ranged from 5.1 to 

7.8 percentage points, depending on the comparison group. Impacts were significant at the 1 percent 

level. The relative impacts were 5.9 percent and 6.4 percent in the College and Wagner-Peyser 

analyses, respectively (not shown). These impacts exceed the overall impact of unregistered programs.  
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FIGURE 5.11 

Impact of Unregistered Apprenticeships on Employment by Occupational Sector 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Wagner-
Peyser analysis: advanced manufacturing N=26,297 (880 apprentices and 25,417 Wagner-Peyser participants). College analysis: 
advanced manufacturing N= 3,114 (479 apprentices and 2,635 community college students). Statistical significance levels are 
indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Finally, advanced manufacturing unregistered apprenticeships had a strong impact on ninth-

quarter earnings (figure 5.12). The impacts ranged from $3,121 to $3,686, depending on the 

comparison group, and were statistically significant at the 1 percent level. These impacts translate into 

relative impacts of 39.2 and 30.9 percent in the College and Wagner-Peyser analyses, respectively 

(not shown). 
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FIGURE 5.12 

Impact of Unregistered Apprenticeships on Earnings by Occupational Sector 

 

URBAN INSTITUTE 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the College analysis.  
Notes: Wagner-Peyser analysis advanced manufacturing: N=26,297 (880 apprentices, 25,417 Wagner-Peyser participants). 
College analysis advanced manufacturing: N= 3,114 (479 apprentices, 2,635 community college students). Statistical 
significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Subgroup Analyses 
This section continues to explore the impact of apprenticeships by examining differences across 

participant subgroups, including incumbent and non-incumbent workers and demographic 

characteristics: sex, race/ethnicity, and age. As with prior analyses, findings are presented separately 

for registered and unregistered apprenticeships. 

Registered Apprenticeship Impacts 

Incumbent and non-incumbent workers. Some apprentices, known as incumbent workers, were 

already employed by their sponsoring employer before beginning their apprenticeship. The impact of 

registered apprenticeship on ninth quarter employment for incumbent workers ranged from 5.2 to 
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10.6 percentage points, depending on the comparison group (table 5.1). For non-incumbent workers, 

the impact ranged from 6.3 to 8.7 percentage points. The impact on ninth-quarter earnings ranged 

from $3,742 to $6,401 for incumbent workers, and from $2,815 to $3,011 for non-incumbent 

workers.  

TABLE 5.1 

Impact of Registered Apprenticeships on Employment and Earnings in Quarter 9 by 
Subgroup 

 
College 
Analysis 

College 
Analysis 

Wagner-
Peyser 

Analysis 

Wagner-
Peyser 

Analysis 

Subgroup 
Apprentices 
Mean  

Impact Estimate Apprentices 
Mean  Impact Estimate 

Employment     
Overall 87.7% 8.8 pp.*** 88.8% 7.8 pp.*** 
Incumbent Worker  90.1% 10.6 pp.*** 91.7% 5.2 pp.*** 
Non-incumbent Worker 85.3% 6.3 pp.*** 87.2% 8.7 pp.*** 
Male 86.3% 5.7 pp.*** 90.3% 9.3 pp.*** 
Female 88.9% 11.1 pp.*** 85.6% 4.9 pp.** 
Non-Hispanic White 89.7% 8.5 pp.*** 91.2% 8.6 pp.*** 
Non-Hispanic Black 86.7% 9.2 pp.*** 85.4% 7.4 pp.*** 
Age under 25 88.3% 10.3 pp.*** 85.6% 2.9 pp. 
Age 25-39 89.0% 10.0 pp.*** 90.8% 9.6 pp.*** 
Age 40 and older N/A N/A 89.0% 10.9 pp.*** 
Earnings     
Overall $13,966 $4,693*** $14,305 $3,230*** 
Incumbent Worker  $15,895 $6,401*** $17,447 $3,742*** 
Non-incumbent Worker $12,063 $2,815*** $12,524 $3,011*** 
Male $13,949 $3,070*** $15,820 $3,655*** 
Female $13,979 $5,956*** $10,970 $2,429*** 
Non-Hispanic White $15,273 $4,700*** $16,260 $3,810*** 
Non-Hispanic Black $12,223 $4,244*** $10,562 $2,415*** 
Age under 25 $13,557 $6,029*** $12,115 $2,512*** 
Age 25-39 $14,259 $4,350*** $14,342 $3,083*** 
Age 40 and older N/A N/A $17,156 $4,583*** 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the college analysis.  
Notes: Subgroups with less than 200 treatment observations are not shown. College analysis: incumbent N=3,492 (558 
apprentices and 2,934 community college students); non-incumbent N=4,678 (566 apprentices and 4,112 community college 
students); male N=3,001 (495 apprentices and 2,506 community college students); female N=2,483 (629 apprentices and 1,854 
community college students); non-Hispanic white N=1,933 (426 apprentices and 1,507 community college students); non-
Hispanic Black N=1,844 (398 apprentices and 1,446 community college students); age under 25 N=2,486 (418 apprentices and 
2,068 community college students); age 25-39 N=2,183 (543 apprentices and 1,640 community college students). Wagner-
Peyser analysis: incumbent N=20,575 (458 apprentices and 20,117 Wagner-Peyser participants); non-incumbent N=193,053 
(811 apprentices and 192,242 Wagner-Peyser participants); male N=129,750 (874 apprentices and 128,876 Wagner-Peyser 
participants); female N=132,234 (397 apprentices and 131,837 Wagner-Peyser participants); non-Hispanic white N=130,869 
(727 apprentices and 130,142 Wagner-Peyser participants); non-Hispanic Black N=50,776 (308 apprentices and 50,468 
Wagner-Peyser participants); age under 25 N=29,596 (390 apprentices and 29,206 Wagner-Peyser participants); age 25-39 
N=98,926 (589 apprentices and 98,337 Wagner-Peyser participants); age 40 and older N=133,462 (292 apprentices and 
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133,170 Wagner-Peyser participants). N/A: Not applicable because the apprenticeship sample size was less than 200. Statistical 
significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Demographic characteristics. Depending on the comparison group, the impact of registered 

apprenticeship on ninth-quarter employment ranged from 5.7 to 9.3 percentage points for males, and 

4.9 to 11. 1 percentage points for females. The earnings impact ranged from $3,070 to $3,655 for 

males, and $2,429 to $5,956 for females. For non-Hispanic whites, the employment impact was about 

8.5 percentage points for both comparison groups, and for non-Hispanic Blacks, it ranged from 7.4 to 

9.2 percentage points. The earnings impact ranged from $3,810 to $4,700 for non-Hispanic whites, 

and $2,415 to $4,244 for non-Hispanic Blacks. For young workers under the age of 25, employment 

was 10.3 percentage points higher among apprentices than among community college students. 

However, the employment difference was not statistically significant when comparing apprentices to 

Wagner-Peyser participants. For workers ages 25 to 39, the employment impact ranged from 9.6 to 

10.0 percentage points depending on the comparison group. For workers ages 40 and older, the 

employment impact was 10.9 percentage points in the Wagner-Peyser analysis, but the sample was 

too small to estimate impacts in the community college analysis. Apprenticeship also increased 

earnings between $2,512 and $6,029 for young workers under the age of 25, and between $3,083 

and $4,350 for workers ages 25-39. For workers ages 40 and over, the earnings impact was $4,583 in 

the Wagner-Peyser analysis, but the sample was too small to estimate impacts in the community 

college analysis. For some subgroups, Hispanics, Asians, other race, and mixed race, the sample was 

too small to estimate impacts for either comparison analysis. 

Unregistered Apprenticeship Impacts 

Incumbent and non-incumbent workers. Among incumbent workers, ninth-quarter employment was 

not statistically different for unregistered apprentices and Wagner-Peyser participants, suggesting 

that unregistered apprenticeship had no impact on employment (table 5.2). The sample size was too 

small to compare unregistered apprentices with community college students. For non-incumbent 

workers, the impact was 7.1 percentage points in the Wagner-Peyser analysis and was not statistically 

significant in the college analysis. The impact on ninth-quarter earnings was $5,228 for incumbent 

workers in the Wagner-Peyser analysis, and ranged from $2,667 to $3,250 for non-incumbent 

workers.  
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TABLE 5.2 

Impact of Unregistered Apprenticeships on Employment and Earnings by Subgroup 

 
College 
Analysis 

College 
Analysis 

Wagner-
Peyser 

Analysis 

Wagner-
Peyser 

Analysis 

Subgroup Apprentices 
Mean  

Impact Estimate Apprentices 
Mean  

Impact Estimate 

Employment     
Overall 83.7% 3.9 pp.* 86.5% 4.8 pp.*** 
Incumbent Worker  N/A N/A 89.8% 3.3 pp. 
Non-incumbent Worker 81.3% 3.2 pp. 85.0% 7.1 pp.*** 
Male 84.7% 4.0 pp. 86.2% 5.0 pp.*** 
Non-Hispanic White 83.7% 6.6 pp.** 88.3% 5.9 pp.*** 
Non-Hispanic Black 85.0% -2.6 pp. 86.0% 3.7 pp. 
Age under 25 77.3% 0.8 pp. 84.6% -0.7 pp. 
Age 25-39 N/A N/A 90.0% 5.7 pp.*** 
Age 40 and older N/A N/A 83.3% 9.7 pp.*** 
Earnings     
Overall $12,680 $3,490*** $14,395 $3,368*** 
Incumbent Worker  N/A N/A $19,414 $5,228*** 
Non-incumbent Worker $10,892 $3,250*** $11,924 $2,667*** 
Male $13,437 $3,817*** $14,917 $3,440*** 
Non-Hispanic White $13,426  $3,536*** $14,894 $3,147*** 
Non-Hispanic Black $12,167  $3,530*** $12,766 $3,813*** 
Age under 25 $9,684 $3,336*** $12,472 $2,926*** 
Age 25-39 N/A N/A $16,115 $3,587*** 
Age 40 and older N/A N/A $13,918 $3,694*** 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community 
college data. Data cover participants who enroll 2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for 
the college analysis.  
Notes: Subgroups with less than 200 treatment observations are not shown. College analysis: non-incumbent N=2,469 (492 
apprentices and 1,977 community college students); male N=2,338 (444 apprentices and 1894 community college students); 
non-Hispanic white N= 1,510 (288 apprentices and 1,222 community college students); non-Hispanic Black N=1,243 (213 
apprentices and 1,030 community college students); age under 25 N=1,837 (269 apprentices and 1,568 community college 
students). Wagner-Peyser analysis: incumbent N=4,259 (315 apprentices and 3,944 Wagner-Peyser participants); non-
incumbent N=18,130 (634 apprentices and 17,496 Wagner-Peyser participants); male N=17,494 (761 apprentices and 16,733 
Wagner-Peyser participants); non-Hispanic white N=13,053 (546 apprentices and 12,507 Wagner-Peyser participants); non-
Hispanic Black N=12,292 (221 apprentices and 12,071 Wagner-Peyser participants); age under 25 N=5,371 (293 apprentices 
and 5,078 Wagner-Peyser participants); age 25-39 N=12,506 (399 apprentices and 12,107 Wagner-Peyser participants); age 40 
and older N=15,715 (258 apprentices and 15,457 Wagner-Peyser participants). 
N/A: Not applicable because the apprenticeship sample size was less than 200. 
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 

Demographic characteristics. For males, ninth-quarter employment was 5.0 percentage points higher 

for unregistered apprentices compared with Wagner-Peyser participants, but not statistically different 

from that of community college students. The impact on ninth-quarter earnings ranged from $3,400 to 

$3,817. The sample was too small to estimate the impacts for females. For non-Hispanic whites, the 

employment impact ranged from 5.9 to 6.6 percentage points, and for non-Hispanic Blacks, the impact 

was not statistically significant in either comparison analysis. For non-Hispanics whites, the earnings 
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impact ranged from $3,147 to $3,536, and for non-Hispanic Blacks, the impact ranged from $3,530 to 

$3,813. For young workers under the age of 25, the employment impacts were not statistically 

significant in either comparison analysis. The employment impact in the Wagner-Peyser analysis was 

5.7 percentage points for workers aged 25 to 39 and 9.7 percentage points for those age 40 and 

older. For young workers under the age of 25, the earnings impact ranged from $2,926 to $3,336. The 

earnings impact in the Wagner-Peyser analysis was $3,587 for workers aged 25 to 39 and $3,694 for 

workers aged 40 and older. For these older age groups, the sample was too small to estimate 

employment or earnings impacts in the community college analysis. For some subgroups, females, 

Hispanics, Asians, other race, and mixed race, the sample was too small to estimate impacts for either 

comparison analysis.
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Chapter 6: Conclusion 
For the past decade, DOL has invested in expanding apprenticeships to nontraditional occupations—

those beyond traditional fields like construction—such as health care, IT, and advanced manufacturing, 

and to all Americans. However, since prior research on the causal effect of apprenticeship on 

participants earnings and employment has focused either on the apprenticeship system as a whole 

(Hollenbeck and Huang 2016; Reed et al. 2012) or individual programs (Jacoby and Haskins 2020), 

there is little evidence on the benefits of either registered or unregistered apprenticeship in these 

nontraditional occupations. The Scaling Apprenticeship and Closing the Skills Gap grant programs are 

two federal investments in expanding apprenticeship to non-traditional occupations that provide the 

opportunity to advance our understanding of the benefits of registered and unregistered 

apprenticeship. 

This impact study estimates the labor market effects of participation in registered and 

unregistered apprenticeship programs supported by the Scaling Apprenticeship and Closing the Skills 

Gap grants. Apprentices’ earnings and employment are tracked, and impacts are estimated through 

the ninth quarter after their enrollment in the apprenticeship. This chapter first describes the key 

impact study findings. It then discusses the implications for efforts by DOL and others to expand 

apprenticeship to non-traditional occupations. 

Review of Findings 

The overarching impact study finding is that registered and unregistered apprenticeships had large and 

statistically significant impacts on employment and earnings, in the ninth quarter post enrollment. This 

was true for apprentices when compared with both community college students and Wagner-Peyser 

participants. The impacts we found for registered and unregistered apprenticeship are large in the 

context of earnings differentials by level of education. The four main earnings impacts (across 

registered and unregistered, each compared with Wagner-Peyser and community college) ranged from 

$3,230 to $4,693 per quarter, which is equivalent to $12,920 to $18,772 per year. These are in the 

same general range as the earnings differentials between people with an associate’s degree and those 
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with only a high school education, which is roughly $13,500 per year.33 The study also found large and 

significant impacts on employment and earnings by occupational sector and participant subgroup. 

These findings contribute to the growing evidence base on the value of apprenticeship as a viable 

pathway to higher-wage jobs in a range of occupations. By using two distinct comparison groups, this 

study offers a more robust assessment of how apprenticeship outcomes measure up against 

alternative pathways (college and employment services). In contrast to many previous studies, our 

analysis draws on a geographically diverse sample across multiple states, enhancing the 

generalizability of the results. Additionally, we evaluate the impact of apprenticeship participation for 

all individuals, not just those who complete their programs, providing a more comprehensive view of 

potential benefits. We also examine the outcomes associated with unregistered apprenticeship 

programs; however, these findings may not be generalizable to all unregistered programs because 

their design was shaped by criteria specified in the DOL funding announcement. Finally, our analysis 

includes subgroup estimates, offering insights into how the impact of apprenticeship varies across 

different populations. Together, these contributions offer new insights on the role of apprenticeship in 

today’s workforce development landscape. 

The employment and earnings impact estimates for the Scaling Apprenticeship and Closing the 

Skills Gap apprenticeship programs compare favorably to impacts estimated in other apprenticeship 

studies. Ninth quarter earnings impacts ranged from $3,320 to $4,693 (registered apprenticeships) 

and $3,368 to $3,490 (unregistered apprenticeships). By way of comparison, Reed and colleagues’ 

2012 study of registered apprenticeship programs in 10 states found that registered apprenticeships 

increased quarterly earnings by $2,182 in the sixth year post enrollment (2024 dollars). Jacoby and 

Haskins’s 2020 impact study of unregistered apprenticeship completers found an impact on quarterly 

wages of $6,752 (2024 dollars). Although this exceeds our estimate, it is notable that Jacoby and 

Haskins focused their analyses on completers only, whereas this study included all apprentices who 

enrolled, regardless of completion status.  

 
33 Based on authors’ calculations using the 2023 American Community Survey. In 2023, average earnings for individuals with an associates degree was $53,089 and was 

$39,508 for individuals with only a high school diploma 



C H A P T E R  6 :  C O NC L US I O N  7 9  
 

Implications for Apprenticeship Programs and Research  
The Scaling Apprenticeship and Closing the Skills Gap grantee impact study findings provide additional 

insight into the effectiveness of employer-based training programs—particularly apprenticeship. Based 

on these findings, we outline key implications for future apprenticeship programs and research below: 

◼ Both registered and unregistered programs have positive impacts on employment and 

earnings. Much of the literature focuses on the effectiveness of registered apprenticeship 

programs. This study showed that unregistered programs, as well as registered ones, can have 

strong employment and earnings impacts. It is noteworthy that the Funding Opportunity 

Announcements required all unregistered programs supported by Scaling Apprenticeship and 

Closing the Skills Gap to incorporate components commonly associated with registered 

apprenticeships, including paid, work-based learning, on-the-job training and mentorship, an 

educational or instructional component, and an industry-recognized credential upon 

completion. 

◼ Apprenticeships in nontraditional occupations can generate positive impacts. Although 

primarily used as a training model in the construction sector, the impact study results show 

that apprenticeship is an effective model for training individuals in other occupational sectors 

as well. Registered apprenticeship programs in the advanced manufacturing, IT, and health 

care occupational sectors produced strong employment and earnings impacts, as did 

unregistered advanced manufacturing programs. The findings suggest that efforts to expand 

apprenticeship to non-traditional occupations can be successful.  

◼ Apprenticeship is an effective way to train workers in high-demand occupations. The impact 

study findings show that apprenticeship is a strong approach to preparing workers for high-

demand occupations—particularly those facing skill shortages. Although it might seem that the 

same challenges driving these shortages (such as rapidly changing skill requirements or limited 

training opportunities) would also make it difficult to train workers, our results suggest 

otherwise. They provide evidence that, with the right structure and employer involvement, 

apprenticeship can successfully prepare American workers to meet the demands of high-

growth sectors. 

◼ Apprenticeships are effective for both incumbent and non-incumbent workers. Registered 

and unregistered apprenticeships are effective for both helping existing workers attain higher 

positions with their current employers (incumbent workers) and for facilitating new 

opportunities for workers who are new to an employer (non-incumbent workers).  
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◼ Positive impacts are not limited to any specific worker profile. The study found significant 

employment and earnings impacts by sex, race/ethnicity, and age. The size and statistical 

significance of the impacts differed by subgroup. However, the findings provide evidence that 

grantees and their partners can successfully expand apprenticeship opportunities to a broad 

range of Americans.
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Technical Appendix 
This Technical Appendix provides additional detail on several aspects of the approach used to 

estimate the impact of registered and unregistered apprenticeship. First, we discuss the data sources 

and strategies for linking data sources. Second, we provide additional details on the matching and 

estimation approach, including balancing tables for the treatment and comparison groups. Finally, we 

provide additional detailed tables supporting the results and discussion in Chapter 5. 

Data Sources, Data Collection, and Linkages 
Technical Appendix Figure A.1 illustrates the data collection process which requires four key steps: 

1. Collecting WIPS data from DOL to identify apprentices and comparison group members and 

their background characteristics (for the public workforce system Wagner-Peyser comparison 

group), and student records from community colleges (for community college comparison 

groups) 

2. Collecting geographical data and names for apprentices from grantees 

3. Collecting PII for Wagner-Peyser participants from states that participate in the study 

4. Using the PII to link records with preprogram and post-enrollment data from NDNH 
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FIGURE A.1 

Data Collection and Mapping Process by Personal Identifiable Information  

 

URBAN INSTITUTE 

Source: Authors’ analysis. 
Notes: AEP = Apprenticeship Evidence-Building Portfolio; AEP data = Refers to the combined dataset the project 
team will be using; DOB = Date of birth; NDNH = National Directory of New Hires; SSNs = Social security 
numbers; WIPS = Workforce Integrated Performance System. 

Workforce Integrated Performance System (WIPS) Data 

WIPS is a system through which DOL grantees, including Scaling Apprenticeship and Closing the Skills 

Gap grantees, submit program and participant data. WIPS also collects data on participants in 

workforce programs funded by DOL (as well as some programs funded by the Department of 

Education), including Wagner-Peyser Employment Services. Technical Appendix Table A.1 displays the 
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key WIPS data items used in our evaluation. This list includes variables that may be associated with 

both enrollment in an apprenticeship program and labor market outcomes, such as sex, race, age, 

veteran status, education level, ex-offender status, and low-income status (all these fields are self-

reported by the participant). To ensure data accuracy, DOL has several data integrity mechanisms in 

place.34  

TABLE A.1 

WIPS Data Items Required for the Evaluation 

Data Category Study Uses 
Identifiers for apprentices vs. comparison group To define the apprentice and comparison samples 

Grant-funded apprentice status vs. Wagner-Peyser  

Geographic identifiers  Key information needed to select the apprentice 
and comparison samples from the same local areas 

3-digit county FIPS code  

State code of residence  

Zip code  

Demographics and other characteristics To construct balanced apprentice and comparison 
samples 

Entry and exit quarters  

Age  

Race and ethnicity  

Disability status  

Education level  

Low-income status  

Ex-offender status  

Program enrollment and service receipt To identify enrollment periods, apprenticeship 
types, and occupational sector 

Dates of enrollment  

Apprenticeship types (registered, unregistered, incumbent, 
non-incumbent) 

 

Sector of training (apprentices only)  

Source: Authors. 
Notes: AJC = American Job Centers; FIPS = Federal Information Processing Standard; WIOA = Workforce Innovation and 
Opportunity Act; WIPS = Workforce Integrated Performance System; Zip = Zone Improvement Plan. 

 
34 A detailed overview of all data elements and their definitions provided by DOL can be found at 
https://www.dol.gov/sites/dolgov/files/ETA/Performance/pdfs/ETA_9172_DOL_PIRL_1.18.18.pdf. 
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The WIPS data also includes recipients of incumbent worker training supported by DOL. 

However, we do not use these workers in the comparison group because they do not provide a 

sufficiently strong contrast with the apprentices.  

Using a range of criteria described below, we submitted a request to DOL for WIPS data for (1) 

apprentices served by the grant program and (2) Wagner-Peyser Employment Services participants. 

We first received WIPS data at the beginning of 2022, and received new WIPS data twice per year, 

with each set of data covering two calendar quarters. The WIPS data included all Scaling 

Apprenticeship and Closing the Skills Gap grant participants and all Wagner-Peyser participants in the 

nine states with which we obtained data use agreements (Alabama, Connecticut, Florida, Indiana, 

Michigan, Missouri, New Jersey, Pennsylvania, and Utah). 

Grantee Data 

The literature suggests that credible comparison groups for quasi-experimental designs of workforce 

development programs require that they be obtained from the same local areas as the treatment 

group to balance local economic conditions and service environments (Heckman, Ichimura, and Todd 

1997; Heckman et al. 1998; Glazerman, Levy, and Myers 2003). The WIPS data contains residential 

zip codes and county codes for the Wagner-Peyser comparison group. However, the Scaling 

Apprenticeship and the Closing the Skills Gap grant programs do not require grantees to submit 

location data to the WIPS, so the county and zip code data are not available in the WIPS for 

apprentices.  

To gather location data on apprentices, we requested county or zip code information from 

grantees. We used apprentices’ WIPS IDs, a unique identifier provided by grantees and also included 

in the WIPS data, to link the geographic information from grantees with the data items in the WIPS. 

When needed, we linked zip codes to the highest population share county code for the zip code in 

population shares using the HUD-USPS ZIP Code Crosswalk files (Wilson and Din, 2018). We 

requested data from grantees six times between the second quarter of 2021 and the fourth quarter of 

2023.  

The NDNH requests names along with SSNs (obtained from WIPS) to get a more accurate match. 

Grantees also provided WIPS IDs, which allowed us to link geographic data and names to WIPS data.  
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Community College Data 

Community college data has many of the same demographic characteristics as the WIPS data. We 

request from community colleges student characteristics, educational history, enrollment status, and 

course/program information (see Technical Appendix table A.2).  

All community colleges that contacted to request data participate in Title IV Federal Financial 

Assistance programs. Hence, they are obliged to report their institutional data to the Integrated 

Postsecondary Education Data System (IPEDS) of the National Center for Education Statistics in a 

timely and accurate manner, including key demographics like students’ sex and race/ethnicity. 

Through their participation with IPEDS, community colleges in our sample have significant experience 

in preparing institutional data and reports for external use.  

We negotiated DUAs with community college systems that serve as Scaling Apprenticeship and 

Closing the Skills Gap grantees in eight states (Alabama, California, Illinois, Indiana, Missouri, New 

Jersey, Ohio, and Texas). We only requested data if the community colleges could provide PII, 

including SSNs. The community college data itself does not contain information that would allow us to 

identify apprentices; however, we linked SSNs from the grantees to the community college data to 

identify apprentices served by the grants.  

Technical Appendix table A.2 includes the list of requested variables for student-level college 

data: 
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TABLE A.2 

Community College Data Requested Fields  

Student characteristics 
Student ID or other variable required for linking across files 

First name, Last name 
SSN 
Date of birth 
Sex 
Race 
Ethnicity 
US citizen 
English language learner 
Disability status 

Location (city and state, zip code, or county) 

Educational history 
High school completion status 
Month and year of high school graduation 
GED 
ACT score (by category) 
SAT score (by category) 
Other degrees held 

Enrollment status 
Year of enrollment 
Part time/full time 
Class year/level 
Transfer student 
Degree program 
Credit/non-credit status of program 
Degrees received 
Credentials received 
Other expected credentials 
Month and year of graduation (including expected) 

Course/program information 
Number of course credits completed 
Primary field of study 
Secondary fields of study 
Course name 
Course ID 

Source: Authors. 
Notes: GED = General Education Development tests, SAT = Scholastic Assessment Test, ACT = American College Testing (ACT). 
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State Workforce Data 

WIPS does not include SSNs or names for Wagner-Peyser participants. To obtain these PII variables, 

we sent the WIPS IDs pertaining to Wagner-Peyser participants to state workforce agencies that had 

agreed to share data for the study. Those agencies sent us back the SSNs and names pertaining to 

each WIPS ID. This allowed us to link all the WIPS data elements to SSNs and names, which could 

then be further linked to NDNH data. 

National Directory of New Hires (NDNH) 

The NDNH serves as a legally mandated nationwide database housing employment, unemployment 

insurance, and quarterly wage data provided by state unemployment insurance (UI) agencies and 

federal employment records. We used the NDNH data on earnings and employment to obtain 

preprogram earnings of apprentices and comparison group members, as well as to measure their 

earnings and employment outcomes. The NDNH data contain quarterly earnings information collected 

by all state UI agencies and submitted to the Office of Child Support Services of the U.S. Department 

of Health and Human Services (Solomon-Fears 2011).  

NDNH data includes most wage and salary employment but do not all types of jobs and industries. 

NDNH data does not include self-employed workers, railroad employees, workers in service for 

relatives, most agricultural labor, some domestic service workers, and part-time employees of 

nonprofit organizations (Czajka, Patnaik, and Negoita 2018). In prior studies, these sectors accounted 

for about 10 percent of U.S. employment (Hotz and Scholz 2001; Kornfeld and Bloom 1999). NDNH 

data also omits workers whose employers do not report their earnings to their UI agency, even in 

reportable sectors, because of the prevalence of flexible staffing arrangements or illegal neglect of 

reporting (Abraham et al. 2018; Blakemore et al. 1996; Hotz and Scholz 2001; Houseman 2001; Katz 

and Krueger 2016, 2019). Additionally, NDNH data does not include workers who are casually 

employed, such as day laborers or part-time helpers, or most work that is part of the gig economy 

(Abraham et al. 2018; Katz and Kruger 2016, 2019). Finally, there could be inconsistencies in reports 

of social security numbers (SSNs) that lead to inaccuracies in the NDNH.  

Thus, an individual with no reported earnings in the NDNH data in a given quarter may have had 

zero earnings or may have been in one or more of the types of jobs not included in the data. We 

treated such observations as zero earnings, because we cannot distinguish the two scenarios and 

because treating such observations as missing data could have introduced greater measurement error 

or bias than treating the observations as missing. 
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We submitted personally identifiable information (PII)—that is, SSNs and when possible, first and 

last names—for all Scaling Apprenticeship and Closing the Skills Gap apprentices to NDNH. We 

submitted the same PII (SSNs and first and last names) for Wagner-Peyser participants that we 

collected from state workforce agencies.  

NDNH deletes data older than eight quarters from its system. For all individuals submitted to 

NDNH, NDNH holds their available quarters of data—that is, those data are not deleted. We made 

early NDNH data requests for preprogram earnings soon after we received the WIPS data to hold the 

eight quarter-preprogram period. The first time we could submit data to NDNH was the second 

quarter of 2022, which limited the set of pre-program quarters we could hold. We submitted data to 

NDNH twice per year starting with the second quarter of 2022. In the first quarter of 2025, we 

submitted a “passthrough file” to NDNH to match to quarterly wage records. This file contained all 

variables from the WIPS, colleges, and grantees. NDNH then linked these data to their quarterly wage 

data, providing a dataset with all individual characteristics and available wage data.  

Finally, we made some additional restrictions to the NDNH data to address what appeared to be 

low data coverage for certain states in the data. Specifically, we dropped state-quarters from the data 

for which the data match rate (any employment or UI data) was at least 30 percentage points lower 

than the state average. We additionally dropped data from Indiana in 2020 quarter 4, which had a 

very pronounced and unusual drop but did not quite cross this threshold.  

Additional Details on Matching and Estimation Methods  

First Stage Community College Match 

The study team selected a subset of the individuals in the community college data we collected to 

submit to NDNH. This first-stage match for the analytical sample included candidates for the final 

sample. Not all individuals in the first match were ultimately included in the final sample. To be 

selected in the first stage match, a community college student needed to be in the same combination 

of county, enrollment period, and field of training as at least one apprentice (i.e., all three of constructs 

had to be exactly the same).  

As noted above, we collected data on county of residence for apprentices from the grantees 

because this information is not in WIPS. For community college students, we requested this 

information be included with other data we collected from state higher education agencies. In some 
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cases, grantees or agencies could only deliver zip codes. In those cases, we linked the zip codes to 

counties using a crosswalk from the US Census Bureau. If a given zip code linked to more than one 

county, we assigned the individual to the county with the largest share of population in the zip code. 

Community college students typically enroll at the start of the spring or fall semester (a small 

number first enroll in the summer semester), while apprentices enroll continuously throughout the 

year (which we indexed by quarters). To define a period of enrollment that applied to both groups, we 

categorized the period of enrollment as either the first half of a given year (spring and summer 

semester enrollees for community college students, first and second calendar quarters for apprentices) 

or the second half (fall semester enrollees for community college students, third and fourth calendar 

quarters of apprentices).  

An apprentice’s occupation of training is categorized in WIPS using standard occupational 

classification (SOC) codes. Community college degree programs, majors, and courses are assigned a 

Classification of Instructional Program (CIP) code. To link these two, we used the US Department of 

Education’s National Center for Education Statistics’ CIP-SOC crosswalk, which links CIP codes to one 

or more SOC code. If available, we used the college major CIP code, otherwise we used the CIP codes 

associated with each course they were enrolled in. As such, a given community college student could 

be placed in multiple match cells: so long as there was at least one apprentice in any of their match 

cells, they were selected in the first-stage match. To ensure that we were not overly restrictive in the 

first-stage match, we used two-digit SOC codes and two-digit CIP codes, which are broader than 

higher digit SOC and CIP codes. Using four or six-digit codes would have resulted in a more restrictive 

match and could have resulted in dropping community college students who might have been strong 

matches.  

Analysis Sample Inclusion Criteria 

To be included in the analysis sample for any group (apprentices, Wagner-Peyser, or community 

college), each individual needed to have at least three quarters of pre-program NDNH earnings and 

employment data, as well as data in the ninth quarter after entry (where the quarter of entry was 

indexed as quarter 0, the first pre-program quarter as quarter -1, the first post-enrollment quarter as 

quarter 1, and so on). This restriction excluded all apprentices and comparison group members that 

enrolled prior to the third calendar quarter of 2021. These individuals did not have three quarters of 

pre-program data, because we were not able to submit data to NDNH in time for that data to be held 

for the study. It also excluded individuals that enrolled later than the second quarter of 2022, because 

these individuals did not reach their ninth post-enrollment quarter by the third quarter of 2024, the 

https://nces.ed.gov/ipeds/cipcode/post3.aspx?y=56
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last quarter with complete data for the study. Due to the timing of when the study team was first able 

to collect community college data and submit it to NDNH, we were further limited to only individuals 

that enrolled in the first two quarters of 2022 for the community college analysis.  

In addition, our analytical strategy required an exact match on period of enrollment and county. 

Period of enrollment was defined as the calendar quarter (for example, the third quarter of 2021) for 

the Wagner-Peyser contrast and as the half-year (for example, first and second quarters of 2022) for 

the community college contrast. Because only a single period of enrollment was eligible for the 

community college contrast (the first and second quarters of 2022), further exact matching on period 

of enrollment was not necessary for the community college contrast. 

Exact matching on period of enrollment and county also excluded all apprentices for whom we did 

not attempt to collect county data or for whom we attempted to collect this data but were unable to 

do so (we describe our process for selecting grantees from which to pursue data in Chapter 3). Exact 

matching excluded apprentices that did not have any comparison group members in their county-

enrollment period exact match cell. We collected PII on Wagner-Peyser participants from 10 states: 

thus, any apprentices living outside of these 10 states could not be included in the Wagner-Peyser 

analysis. Similarly, any apprentices living in states or counties without any community college students 

were excluded from the community college analysis. Exact matching was done separately for the 

Wagner-Peyser and community college analyses; thus, a given apprentice could satisfy this exact 

match criterion for the Wagner-Peyser analysis only, the community college analysis only, both, or 

neither. For this reason, the set of apprentices in the Wagner-Peyser analysis partially, but not fully, 

overlaps with the set of apprentices in the community college analysis. 

Data Cleaning and Formatting 

Once we collected the data, we formatted an analysis sample including data on covariates and 

employment outcomes. This required making some key decisions, such as the following: 

▪ We dropped community college students from the analysis who did not live in the state of 

their community college. The exception to this was for the Ohio Department of Higher 

Education, which offered substantial remote learning opportunities. For Texas data, we 

further restricted students to those living in the Houston metropolitan area for San Jacinto 

College and to students not living in the Houston metropolitan area for Dallas College. 

▪ Some participant characteristics had frequently missing values. For veteran status, disability 

status, ex-offender status, and low-income earner status, we imputed missing values to zero. 
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This was based on our interpretation that sometimes these variables were only filled in when 

the characteristic applied. For cases that were missing sex, we imputed based on the share of 

males in each program quarter, county, data source, and treatment status bin. 

▪ Community college data often had less detailed education, race/ethnicity, and disability 

categories than in WIPS data. In these cases, we coarsened the WIPS data for matched 

apprentices to align with the available community college data. 

▪ There were some community college datasets that were missing data on covariates used in 

the analysis, including educational background and disability status. In these cases, we 

removed the data for matched apprentices so that both were missing. 

Propensity Score Estimation and Weighting Methods 

We calculated inverse probably weightings (IPWs) by using a “propensity score” to estimate the 

likelihood of an individual’s participation in an apprenticeship based on pre-enrollment characteristics. 

We estimated weights separately for each combination of treatment group (registered apprentices 

and unregistered apprentices) and comparison group (Wagner-Peyser participants and community 

college students). The use of IPWs in non-experimental designs has been shown to perform well in 

real-world settings when there is strong overlap of the propensity score across the treatment and 

comparison groups (Busso et al. 2014; Huber et al. 2013).  

Double-selection Least Absolute Shrinkage and Selection Operator (LASSO). We estimated 

propensity scores by using a LASSO model. LASSOs select a parametric model by choosing covariates 

predicting the propensity score from a prespecified list of variables. The method limits the number of 

covariates included in a model by imposing a penalty for each covariate added. We used the double-

selection LASSO method, which selects covariates based on the model’s ability to predict both the 

outcome and whether an individual was an apprentice. The double-selection approach involved 

running LASSO first by using apprenticeship participation as the dependent variable; second, running 

LASSO by using employment in the ninth quarter following program enrollment as the dependent 

variable; and, finally, taking the union of covariates selected by either run of the LASSO. We ran the 

double-selection LASSO using the lasso package in Stata, with both LASSO regression specified as 

linear probability models. The penalty parameter, λ, controls the shrinkage of coefficients toward 0 

and therefore influences the sparsity of the final model. To optimally set λ without losing substantial 

computing time to cross validation, we used a plug-in estimate for the optimal λ, assuming 

heteroskedastic errors, as defined by Belloni, Chernozhukov, and Hansen (2014). 
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Variable selection. To identify a baseline set of covariates to feed into the model, we chose a set 

of pre-enrollment employment and earnings measures and demographic characteristics that are likely 

relevant to apprenticeship participation and later labor market outcomes. First, we developed a 

superset of covariates which included all demographic characteristics listed in table A.3. We then 

developed eight potential sets of covariates, which differed based on whether they included 

enrollment quarter and country fixed effects, whether they included earnings squared, whether they 

forced the LASSO to select basic demographics, and whether they ensured an exact match 

(implemented through the weighting procedure) on any employment in the four pretreatment 

quarters. Table A.3 lists the eight sets of covariates that we considered.  
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TABLE A.3  

Covariate Sets Considered for LASSO Inclusion 

Variable [1] [2] [3] [4] [5] [6] [7] [8] 

County E E E E E E E E 

Quarter of program entrance E E E E E E E E 

State - - - - - - - - 

Age I I I I I I F F 

Sex I I I I I I F F 

Race/ethnicity I I I I I I F F 

Education level I I I I I I F F 

Employed in Q0, WIPS version I I I I I I I I 

Ex-offender I I I I I I I I 

Disability status I I I I I I I I 

Veteran status I I I I I I I I 

Low income status I I I I I I I I 

Has NDNH data in qm4 F F F F F F F F 

Earnings in quarter -1 F F F F F F F F 

Earnings in quarter -2 F F F F F F F F 

Earnings in quarter -3 F F F F F F F F 

Earning in quarter -4 F F F F F F F F 

Earnings in quarter -1 squared I I I I F F - - 

Earnings in quarter -2 squared I I I I F F - - 

Earnings in quarter -3 squared I I I I F F - - 

Earning in quarter -4 squared I I I I F F - - 

Employment in quarter -1 F F F F F F F F 

Employment in quarter -2 F F F F F F F F 

Employment in quarter -3 F F F F F F F F 

Employment in quarter -4 F F F F F F F F 

Any Employment from quarter -4 to quarter 1 F F E E E E - - 

Any UI benefits in quarter -1 or 0 I I I I I I I I 

Any UI benefits in quarter -2 I I I I I I I I 

Any UI benefits in quarter -3 I I I I I I I I 

Any UI benefits in quarter -4 - - - - - - I I 

Two or more employers in quarter -1 - - - - - - I I 

Two or more employers in quarter -2 - - - - - - I I 

Two or more employers in quarter -3 - - - - - - I I 

Two or more employers in quarter -4 - - - - - - I I 

County - quarter fixed effects - I - I - I - I 

Note: E = Exact match, F = Force included in LASSO, I = Included in LASSO, - = not included. 
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Adjusting for employment shocks in the Wagner-Peyser comparison group. Because many 

people solicit Wagner-Peyser employment services after an earnings or employment shock, there is a 

risk that Wagner-Peyser participants may have been more likely than apprentices to have had such a 

shock in the quarter of program entry. To address this, we created an additional covariate indicating 

whether an individual received unemployment insurance (UI) in either the quarter prior to program 

entry or the quarter of program entry. This requires the assumption that program participation will not 

affect UI receipt in the quarter of program entry, which we believe to be valid given that neither 

program seems likely to increase or decrease the chance of layoff within the first month or two of the 

program (i.e., during the entry quarter). For analyses using the Wagner-Peyser comparison group, we 

therefore considered an additional specification where we limited both the treatment and comparison 

groups to individuals who did not receive UI in either the quarter before program entry or the quarter 

of program entry. For each of the registered and unregistered apprentice treatment group, we 

estimated propensity scores on this limited sample using each of the eight covariate combinations 

from table A.4. We then selected the covariate combination for the comparison group.  

TABLE A.4  

Selected Models for Treatment and Comparison Group Combinations 

Treatment group Comparison group Regression model Covariate set Sample 
Registered Wagner-Peyser Double selection LASSO 2 Full sample 
Registered Community colleges Double selection LASSO 2 Full sample 
Unregistered Wagner-Peyser Double selection LASSO 7 Remove UI and 

outlier earnings 
Unregistered Community colleges Double selection LASSO 6 Full sample 

Note: A sample labeled as “remove UI and outlier earnings” indicates that both the treatment and comparison groups were 
limited to individuals who did not receive UI payments in either the quarter prior to enrollment or the quarter of enrollment, and 
who did not have pre-treatment earnings that exceed the control group maximum within the period and county. 

Model selection. To choose between the potential sets of covariates and the samples for the 

Wagner-Peyser and community college comparison groups, we used a linear probability model to 

estimate a prognostic score for the comparison group identified by each set of covariates. The 

prognostic score is a measure of predicted outcomes based on covariates (Stuart 2010). We estimated 

the prognostic score using employment in the ninth quarter following enrollment. We then applied 

prognostic score model predictions to the treatment group to estimate their predicted outcomes. This 

allowed us to compare average values to identify the treatment and comparison group pair which is 

most similar. For each treatment group (registered apprentices and unregistered apprentices) and 

comparison group (Wagner-Peyser participants and community college students) combination, we 
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chose the model (defined as a set of covariates and sample) which produced the closest balance on 

prognostic score. 

Finally, to generate IPWs, we set weights equal to one for all apprentices and equal to 𝑝̂𝑖/(1 − 𝑝̂𝑖) 

for the comparison group, where 𝑝̂𝑖  is the estimated propensity score. To create final IPWs, we 

adjusted the weights such that the sum of all weights was equal for the treatment and comparison 

groups in each county and quarter-of-entry bin. We dropped treatment and comparison group 

members in bins with fewer than 5 comparison group members, to avoid giving comparison group 

members large weights. 

Sensitivities. To assess the impact of the sample selection on results for the Wagner-Peyser 

analyses, we ran a sensitivity analysis using the limited sample for registered apprentices and a 

sensitivity using the full sample for unregistered apprentices. We did not find any substantive changes 

to the primary impacts. We also estimated impacts for each treatment—comparison group 

combination on the alternative set of covariates and found that these changes did not meaningfully 

change the takeaways. 

Sample Balance 

Using the double-selection LASSO method, which was selected as the primary approach, we created 

four sets of treatment and comparison groups for the impact study. We then used the IPWs to weight 

the comparison samples to resemble the treatment groups more closely. Tables A.5–A.8 present the 

characteristics of the samples for each of our four comparisons: (1) registered apprentices and 

Wagner-Peyser participants, (2) registered apprentices and community college students, (3) 

unregistered apprentices and Wagner-Peyser participants, and (4) unregistered apprentices and 

community college students. We present the differences in standardized means for each of the 

individual demographic characteristics. We followed research guidelines in interpreting effect sizes of 

less than 0.25 in absolute value as indicating sufficient balance for establishing baseline equivalence 

and effect sizes of less than 0.05 in absolute value as indicating very strong balance.35 

 
35 The Clearinghouse for Labor Evaluation and Research Causal Evidence Guidelines (2022) asserts that, if effect 
sizes exceed 0.05 and are statistically significant, regression analysis should control for the corresponding 
variable. The What Works Clearinghouse (2022) stipulates that baseline equivalence can be established, provided 
that absolute effect sizes are lower than 0.25 standard deviations. Effect sizes exceeding 0.25 standard deviations 
are considered to indicate poor balance, and studies with such imbalance do not meet evidence standards for 
quasi-experimental research designs according to the What Works Clearinghouse. 
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TABLE A.5 

Characteristics of the Impact Study Samples: Registered Apprentices Relative to 
Wagner-Peyser Participants 

  Apprentices 

Wagner-
Peyser 
(weighted) Difference 

Standardized 
mean 
difference p-value 

Sample size 
1,271  260,713        

Prognostic score 
0.80 0.79 0.01 0.06 0.06 

Demographic characteristics 
     

Female 
0.69 0.66 0.03 0.07 0.04 

Age 
          

Less than 18 years 
0.00 0.00 0.00 0.02 0.51 

18-24 years 
0.30 0.30 0.00 0.01 0.88 

25-29 years 
0.22 0.23 -0.01 -0.02 0.55 

30-39 years 
0.24 0.23 0.01 0.02 0.51 

40-49 years 
0.15 0.14 0.01 0.02 0.55 

50+ years 
0.08 0.09 -0.01 -0.04 0.20 

Race 
          

Race non-Hispanic White 
0.57 0.56 0.02 0.03 0.35 

Race non-Hispanic Black 
0.24 0.26 -0.02 -0.04 0.24 

Hispanic 
0.10 0.09 0.01 0.03 0.38 

Race Asian 
0.03 0.04 -0.01 -0.05 0.26 

Race mixed/other (incl API) 
0.02 0.02 0.00 0.01 0.86 

Ex-offender 
0.01 0.01 0.00 0.00 0.89 

Has a disability 
0.04 0.04 -0.01 -0.05 0.21 

Veteran 
0.06 0.07 -0.01 -0.06 0.10 

Low income 
0.96 0.96 0.00 0.03 0.33 

Pre-enrollment labor market 
outcomes 

     

Has four quarters of pre-
enrollment earnings data 

0.62 0.67 -0.05 -0.10 0.01 

Employed prior to enrollment 
          

Q -1 
0.82 0.81 0.01 0.02 0.54 

Q -2 
0.85 0.83 0.01 0.03 0.38 

Q -3 
0.80 0.79 0.02 0.04 0.26 

Q -4 
0.50 0.53 -0.04 -0.07 0.04 

Any quarter (Q -4 -Q -1) 
0.93 0.92 0.01 0.03 0.39 

Earnings prior to enrollment 
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  Apprentices 

Wagner-
Peyser 
(weighted) Difference 

Standardized 
mean 
difference p-value 

Earnings in quarter -1 
$8,695 $8,196 $499 0.07 0.04 

Earnings in quarter -2 
$9,388 $8,796 $592 0.08 0.02 

Earnings in quarter -3 
$8,602 $8,003 $599 0.08 0.02 

Earnings in quarter -4 
$4,888 $5,066 -$178 -0.03 0.44 

Received UI benefits 
          

Q -1 
0.07 0.08 -0.01 -0.05 0.10 

Q -2 
0.06 0.05 0.00 0.01 0.70 

Q -3 
0.05 0.05 0.00 0.00 0.88 

Q -4 
0.04 0.04 0.00 -0.02 0.57 

More than one employer 
          

Q -1 
0.14 0.14 -0.01 -0.02 0.56 

Q -2 
0.16 0.16 0.00 -0.01 0.76 

Q -3 
0.14 0.14 0.00 0.00 0.98 

Q -4 
0.08 0.09 -0.01 -0.03 0.38 

Source: NDNH data matched to WIPS data. 
Notes: Employment is defined as having any earnings in a given quarter. NDNH = National Directory of New Hires; Q = quarter; 
WIPS = Workforce Integrated Performance System. Apprentice mean is unweighted; Wagner-Peyser mean is the difference 
between the apprentice mean and the coefficient from a weighted least squares regression in which the outcome is the 
characteristic in the table row, where apprentices receive a weight of one and the Wagner-Peyser participants’ weights are 
described in detail in the appendix. Percentages may not sum to 100 due to rounding or missing data. 

TABLE A.6 

Characteristics of the Impact Study Samples: Registered Apprentices Relative to 
Community College Students 

  Apprentices 

Community 
college 

(weighted) Difference 

Standardized 
mean 

difference p-value 

Sample size 1,124  4,360        

Prognostic score 0.79 0.80 -0.01 -0.06 0.26 

Demographic characteristics           

Female 0.44 0.44 0.00 0.00 0.97 

Age           

Less than 18 years 0.00 0.00 0.00 0.02 0.85 

18-24 years 0.37 0.36 0.01 0.02 0.72 

25-29 years 0.25 0.24 0.01 0.03 0.61 

30-39 years 0.24 0.25 -0.02 -0.04 0.53 

40-49 years 0.10 0.11 -0.02 -0.05 0.36 

50+ years 0.05 0.04 0.01 0.05 0.24 
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  Apprentices 

Community 
college 

(weighted) Difference 

Standardized 
mean 

difference p-value 

Race           

Race non-Hispanic White 0.38 0.35 0.03 0.06 0.27 

Race non-Hispanic Black 0.35 0.34 0.01 0.03 0.63 

Hispanic 0.09 0.14 -0.05 -0.18 0.02 

Race Asian 0.06 0.05 0.01 0.03 0.47 

Race mixed/other (incl API) 0.00 0.02 -0.02 -0.27 0.01 

Has a disability 0.02 0.00 0.02 0.12 0.00 

Pre-enrollment labor market outcomes         

Has four quarters of pre-
enrollment earnings data 0.83 0.83 0.00 -0.01 0.86 

Employed prior to enrollment           

Q -1 0.76 0.75 0.01 0.02 0.67 

Q -2 0.74 0.76 -0.01 -0.03 0.58 

Q -3 0.75 0.76 -0.01 -0.03 0.54 

Q -4 0.60 0.61 -0.01 -0.02 0.63 

Any quarter (Q -4 -Q -1) 0.87 0.86 0.01 0.02 0.62 

Earnings prior to enrollment           

Earnings in quarter -1 $6,694 $7,195 -$501 -0.07 0.23 

Earnings in quarter -2 $6,667 $6,970 -$303 -0.05 0.41 

Earnings in quarter -3 $6,129 $6,459 -$330 -0.05 0.41 

Earnings in quarter -4 $4,835 $5,028 -$193 -0.03 0.62 

Received UI benefits           

Q -1 0.04 0.03 0.01 0.04 0.41 

Q -2 0.05 0.06 -0.01 -0.06 0.30 

Q -3 0.07 0.08 -0.01 -0.04 0.47 

Q -4 0.07 0.08 -0.01 -0.05 0.44 

More than one employer           

Q -1 0.16 0.17 -0.01 -0.02 0.66 

Q -2 0.18 0.19 -0.01 -0.02 0.70 

Q -3 0.16 0.16 0.00 0.00 0.97 

Q -4 0.22 0.21 0.01 0.00 0.93 

Source: NDNH data matched to WIPS and community college data. 
Notes: Employment is defined as having any earnings in a given quarter. NDNH = National Directory of New Hires; Q = quarter; 
WIPS = Workforce Integrated Performance System. 
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TABLE A.7 

Characteristics of the Impact Study Samples: Unregistered Apprentices Relative to 
Wagner-Peyser Participants 

  Apprentices 

Wagner-
Peyser 

(weighted) Difference 

Standardized 
mean 

difference p-value 

Sample size 950  32,642        

Prognostic score 0.79 0.78 0.01 0.09 0.03 

Demographic characteristics           

Female 0.80 0.79 0.02 0.04 0.33 

Age           

Less than 18 years 0.00 0.00 0.00 -0.03 0.62 

18-24 years 0.31 0.32 -0.01 -0.02 0.67 

25-29 years 0.16 0.13 0.03 0.07 0.07 

30-39 years 0.26 0.24 0.03 0.06 0.16 

40-49 years 0.16 0.17 -0.01 -0.03 0.53 

50+ years 0.11 0.14 -0.03 -0.11 0.02 

Race           

Race non-Hispanic White 0.58 0.57 0.01 0.02 0.64 

Race non-Hispanic Black 0.23 0.24 -0.01 -0.02 0.54 

Hispanic 0.07 0.04 0.02 0.09 0.02 

Race Asian 0.02 0.03 0.00 -0.01 0.88 

Race mixed/other (incl API) 0.03 0.03 0.00 0.02 0.70 

Ex-offender 0.05 0.05 0.00 0.01 0.81 

Has a disability 0.02 0.04 -0.02 -0.13 0.01 

Veteran 0.07 0.10 -0.03 -0.10 0.04 

Low income 0.87 0.81 0.06 0.18 0.00 

Pre-enrollment labor market outcomes         

Has four quarters of pre-
enrollment earnings data 0.67 0.70 -0.03 -0.06 0.17 

Employed prior to enrollment           

Q -1 0.82 0.82 0.00 0.01 0.80 

Q -2 0.82 0.80 0.02 0.05 0.28 

Q -3 0.73 0.70 0.02 0.05 0.23 

Q -4 0.52 0.55 -0.03 -0.06 0.19 

Any quarter (Q -4 -Q -1) 0.91 0.90 0.01 0.03 0.42 

Earnings prior to enrollment           

Earnings in quarter -1 $9,210 $8,971 $238 0.03 0.58 

Earnings in quarter -2 $9,056 $8,423 $633 0.08 0.11 

Earnings in quarter -3 $7,671 $6,998 $673 0.08 0.08 

Earnings in quarter -4 $5,012 $5,228 -$216 -0.03 0.53 

Received UI benefits           

Q -1 0.00 0.00 0.00 0.00 0.00 
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  Apprentices 

Wagner-
Peyser 

(weighted) Difference 

Standardized 
mean 

difference p-value 

Q -2 0.03 0.02 0.00 0.02 0.60 

Q -3 0.06 0.05 0.00 0.02 0.63 

Q -4 0.04 0.04 0.00 0.01 0.78 

More than one employer           

Q -1 0.15 0.18 -0.03 -0.09 0.05 

Q -2 0.15 0.16 0.00 0.00 0.92 

Q -3 0.14 0.13 0.01 0.02 0.62 

Q -4 0.09 0.09 -0.01 -0.02 0.71 

Source: NDNH data matched to WIPS data. 
Notes: Employment is defined as having any earnings in a given quarter. NDNH = National Directory of New Hires; Q = quarter; 
WIPS = Workforce Integrated Performance System 

TABLE A.8 

Characteristics of the Impact Study Samples: Unregistered Apprentices Relative to 
Community College Students 

  Apprentices 

Community 
college 

(weighted) Difference 

Standardized 
mean 

difference p-value 

Sample size 594   3,076        

Prognostic score 0.80 0.80 0.00 0.01 0.90 

Demographic characteristics           

Female 0.75 0.79 -0.04 -0.10 0.14 

Age           

Less than 18 years 0.01 0.01 0.00 0.01 0.88 

18-24 years 0.45 0.48 -0.04 -0.07 0.40 

25-29 years 0.13 0.17 -0.05 -0.14 0.33 

30-39 years 0.20 0.16 0.04 0.10 0.13 

40-49 years 0.14 0.13 0.01 0.01 0.88 

50+ years 0.09 0.05 0.04 0.13 0.04 

Race           

Race non-Hispanic White 0.49 0.63 -0.14 -0.28 0.00 

Race non-Hispanic Black 0.36 0.29 0.07 0.15 0.04 

Hispanic 0.04 0.04 0.00 0.00 0.95 

Race Asian 0.04 0.02 0.02 0.12 0.01 

Race mixed/other (incl API) 0.01 0.02 -0.01 -0.06 0.30 

Has a disability 0.00 0.00 0.00 0 0.14 

Pre-enrollment labor market outcomes         

Has four quarters of pre-
enrollment earnings data 0.92 0.85 0.07 0.26 0.00 
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  Apprentices 

Community 
college 

(weighted) Difference 

Standardized 
mean 

difference p-value 

Employed prior to enrollment           

Q -1 0.80 0.82 -0.03 -0.06 0.39 

Q -2 0.77 0.76 0.01 0.03 0.71 

Q -3 0.77 0.78 -0.01 -0.02 0.77 

Q -4 0.70 0.66 0.03 0.07 0.34 

Any quarter (Q -4 -Q -1) 0.90 0.90 0.00 0.00 1.00 

Earnings prior to enrollment           

Earnings in quarter -1 $6,899 $6,832 $67 0.01 0.92 

Earnings in quarter -2 $6,711 $6,577 $134 0.02 0.84 

Earnings in quarter -3 $6,335 $6,366 -$31 0.00 0.96 

Earnings in quarter -4 $5,540 $5,117 $423 0.06 0.44 

Received UI benefits           

Q -1 0.02 0.02 0.01 0.04 0.49 

Q -2 0.04 0.01 0.03 0.14 0.00 

Q -3 0.06 0.02 0.04 0.17 0.00 

Q -4 0.06 0.02 0.03 0.14 0.00 

More than one employer           

Q -1 0.15 0.18 -0.02 -0.06 0.36 

Q -2 0.19 0.15 0.04 0.11 0.09 

Q -3 0.18 0.16 0.02 0.05 0.53 

Q -4 0.12 0.13 -0.01 -0.02 0.87 

Source: NDNH data matched to WIPS and community college data. 
Notes: Employment is defined as having any earnings in a given quarter. NDNH = National Directory of New Hires; Q = quarter; 
WIPS = Workforce Integrated Performance System. 

Impact Estimation 

We estimated the impacts of participating in an apprenticeship on employment and earnings using 

linear regression models applying our inverse probability weights. The models included the same 

covariates that were selected by the LASSO for inclusion in the propensity score model (Exhibit A.3), 

plus county and quarter of enrollment bin fixed effects. This “doubly robust” strategy ensures 

unbiased estimates if either the propensity score model or regression model are correctly specified, 

and it has been found to perform well under a range of circumstances (Busso et al. 2014; Huber et al. 

2013). When estimating impacts on earnings we included individuals with zero earnings in the sample. 

This prevents bias in the estimated impacts on average earnings that would arise from including only 

employed individuals in the analysis, and results in a consistent sample of individuals across quarters 
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and across the earnings and employment outcomes. Specifically, we estimated the following 

regression model: 

𝑦𝑖𝑐𝑡 = 𝛼 + 𝛽𝑇𝑖 + 𝛾𝑋𝑖 + 𝛿𝑐𝑡 + 𝜀𝑖𝑐𝑡  

𝑦𝑖𝑐𝑡  is the outcome (y) for individual i in county c and who enrolled in their program at time t. 𝑇𝑖  is 

an indicator for whether the individual was an apprentice, 𝑋𝑖  is a set of individual covariates, and 𝛿𝑐𝑡 is 

a county—quarter of enrollment fixed effect (that is, an indicator for living in a specific county and 

enrolling in a program in a specific quarter). 𝜀𝑖𝑐𝑡  is an individual-specific error term. 

Each apprentice in the analytic sample received a weight of one and each comparison group 

member received a weight, as described earlier in the section, with the comparison group weights for 

each quarter - country normalized to sum to the number of observations in the treatment group in 

that quarter and county (Imbens 2015). We use heteroskedasticity-robust standard errors but do not 

correct for the variance that is introduced from estimation of the propensity score, which may have 

led to standard errors that were either too big or too small (Abadie and Imbens 2016). However, given 

the magnitude of the impact estimates relative to standard errors, it is very unlikely that statistical 

significance would have changed. 

To estimate subgroup impacts we replicated this process, restricting the treatment sample to 

apprentices in the relevant subgroup. For example, to estimate the impact of a health care 

apprenticeship, we limited the treatment group to apprentices in the health care industry and then 

reran the process described above.  
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Detailed Tables for Chapter 5 

TABLE A.9 

Impact of Registered Apprenticeships on Employment by Quarter, Full Sample Subgroup 

 Impacts Relative to Wagner-Peyser Treatment   Comparison  

Quarter Coefficient 
Standard 
Error  p-value Mean 

Standard 
Deviation  N Mean 

Standard 
Deviation N 

-4 0.00 0.01 0.74 0.50 0.50 1271 0.53 0.50 260713 

-3 0.01 0.01 0.24 0.80 0.40 1271 0.79 0.41 260713 

-2 0.01 0.01 0.25 0.85 0.36 1271 0.83 0.37 260713 

-1 0.01 0.01 0.39 0.82 0.39 1271 0.81 0.39 260713 

0 0.11*** 0.01 0.00 0.95 0.23 1271 0.83 0.38 260713 

1 0.14*** 0.01 0.00 0.97 0.18 1271 0.82 0.38 260713 

2 0.10*** 0.01 0.00 0.95 0.23 1271 0.83 0.37 260713 

3 0.08*** 0.01 0.00 0.94 0.24 1271 0.85 0.36 260713 

4 0.09*** 0.01 0.00 0.93 0.26 1271 0.83 0.38 260713 

5 0.09*** 0.01 0.00 0.93 0.26 1271 0.83 0.37 260713 

6 0.07*** 0.01 0.00 0.91 0.29 1271 0.83 0.38 260713 

7 0.08*** 0.01 0.00 0.90 0.30 1211 0.82 0.39 254016 

8 0.07*** 0.01 0.00 0.89 0.31 1211 0.82 0.39 254016 

9 0.08*** 0.01 0.00 0.89 0.32 1271 0.80 0.40 260713 

-4 -0.02 0.02 0.41 0.60 0.49 1124 0.61 0.49 4360 

-3 -0.02 0.02 0.25 0.75 0.44 1124 0.76 0.43 4360 

-2 -0.02 0.02 0.33 0.74 0.44 1124 0.76 0.43 4360 

-1 0.00 0.02 0.96 0.76 0.43 1124 0.75 0.43 4360 

0 0.14*** 0.02 0.00 0.87 0.33 1124 0.73 0.45 4360 

1 0.18*** 0.01 0.00 0.96 0.19 1124 0.78 0.41 4360 
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 Impacts Relative to Wagner-Peyser Treatment   Comparison  

Quarter Coefficient 
Standard 
Error  p-value Mean 

Standard 
Deviation  N Mean 

Standard 
Deviation N 

2 0.15*** 0.01 0.00 0.94 0.25 1121 0.78 0.41 4358 

3 0.15*** 0.01 0.00 0.93 0.25 1123 0.78 0.42 4355 

4 0.15*** 0.01 0.00 0.93 0.25 1124 0.78 0.41 4360 

5 0.12*** 0.02 0.00 0.92 0.28 1124 0.80 0.40 4360 

6 0.12*** 0.01 0.00 0.91 0.29 1124 0.80 0.40 4360 

7 0.09*** 0.01 0.00 0.90 0.30 1124 0.81 0.39 4360 

8 0.09*** 0.02 0.00 0.88 0.33 1113 0.79 0.41 4161 

9 0.09*** 0.01 0.00 0.88 0.33 1124 0.80 0.40 4360 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community college data. Data cover participants who enroll 
2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Sample sizes vary slightly quarter-to-quarter. Wagner-Peyser 
analysis: N in ninth quarter=261,984 (1,271 apprentices and 260,713 Wagner-Peyser participants). College analysis: N in ninth quarter= 5,484 (1,124 apprentices and 4,360 
community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent.  
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TABLE A.10 

Impact of Registered Apprenticeships on Earnings by Quarter, Full Sample Subgroup 

 Impacts Relative to Wagner-Peyser Treatment   Comparison  

Quarter Coefficient 
Standard 
Error  p-value Mean 

Standard 
Deviation  N Mean 

Standard 
Deviation N 

-4 $150  $148 0.31 $4,888 $6,763 1271 $5,066 $6,861 260713 

-3 $527  $202 0.01 $8,602 $7,756 1271 $8,003 $7,467 260713 

-2 $561  $192 0.00 $9,388 $7,773 1271 $8,796 $7,380 260713 

-1 $480  $186 0.01 $8,695 $7,481 1271 $8,196 $7,153 260713 

0 $3124*** $129 0.00 $10,813 $6,953 1271 $7,284 $7,151 260713 

1 $4,771*** $148 0.00 $12,958 $7,049 1271 $7,836 $7,167 260713 

2 $4,495*** $164 0.00 $13,766 $8,426 1271 $8,878 $7,586 260713 

3 $3,677*** $170 0.00 $13,418 $7,572 1271 $9,397 $7,749 260713 

4 $3,669*** $195 0.00 $13,683 $7,778 1271 $9,670 $8,124 260713 

5 $3,449*** $197 0.00 $13,849 $7,836 1271 $10,045 $8,277 260713 

6 $4,028*** $207 0.00 $14,648 $9,388 1271 $10,211 $8,468 260713 

7 $3,210*** $221 0.00 $13,933 $8,592 1211 $10,267 $8,606 254016 

8 $3,213*** $227 0.00 $14,265 $8,886 1211 $10,561 $8,825 254016 

9 $3,230*** $236 0.00 $14,305 $9,124 1271 $10,645 $8,922 260713 

-4 -309 $263 0.24 $4,835 $5,958 1124 $5,028 $6,352 4360 

-3 -478* $278 0.09 $6,129 $6,204 1124 $6,459 $6,602 4360 

-2 -452 $279 0.11 $6,667 $6,431 1124 $6,970 $6,705 4360 

-1 -605* $321 0.06 $6,694 $6,830 1124 $7,195 $7,082 4360 

0 $1,838*** $263 0.00 $7,974 $6,627 1124 $6,448 $6,740 4360 

1 $5,575*** $218 0.00 $12,879 $6,568 1124 $7,491 $7,207 4360 

2 $6,109*** $256 0.00 $13,895 $7,524 1121 $8,038 $7,438 4358 

3 $6,199*** $261 0.00 $14,064 $7,894 1123 $8,074 $7,664 4355 

4 $5,539*** $276 0.00 $13,696 $7,814 1124 $8,361 $7,922 4360 

5 $4,936*** $314 0.00 $13,584 $8,196 1124 $8,976 $8,203 4360 

6 $4,892*** $326 0.00 $13,731 $8,471 1124 $9,257 $8,296 4360 
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 Impacts Relative to Wagner-Peyser Treatment   Comparison  

Quarter Coefficient 
Standard 
Error  p-value Mean 

Standard 
Deviation  N Mean 

Standard 
Deviation N 

7 $4,366*** $332 0.00 $13,863 $8,732 1124 $9,923 $8,446 4360 

8 $4,451*** $332 0.00 $13,525 $8,901 1113 $9,557 $8,657 4161 

9 $4,693*** $355 0.00 $13,966 $9,207 1124 $9,801 $8,647 4360 

 
Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community college data. Data cover participants who enroll 
2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Sample sizes vary slightly quarter-to-quarter. Wagner-Peyser 
analysis: N in ninth quarter=261,984 (1,271 apprentices and 260,713 Wagner-Peyser participants). College analysis: N in ninth quarter= 5,484 (1,124 apprentices and 4,360 
community college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 
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TABLE A.11 

Impact of Unregistered Apprenticeships on Employment by Quarter, Full Sample Subgroup 

 Impacts Relative to Wagner-Peyser Treatment   Comparison  

Quarter Coefficient Standard Error  p-value Mean 
Standard 
Deviation  N Mean 

Standard 
Deviation N 

-4 -0.01 0.01 0.55 0.52 0.50 950 0.55 0.497 32642 

-3 0.02 0.02 0.29 0.73 0.45 950 0.70 0.457 32642 

-2 0.00 0.01 0.78 0.82 0.39 950 0.80 0.401 32642 

-1 -0.01 0.01 0.70 0.82 0.38 950 0.82 0.385 32642 

0 0.03*** 0.01 0.00 0.88 0.32 950 0.84 0.368 32642 

1 0.01 0.01 0.41 0.88 0.33 950 0.86 0.351 32642 

2 0.02*** 0.01 0.03 0.88 0.32 950 0.85 0.361 32642 

3 0.02 0.01 0.14 0.88 0.33 950 0.85 0.359 32642 

4 0.03*** 0.01 0.01 0.88 0.33 950 0.84 0.371 32642 

5 0.05*** 0.01 0.00 0.89 0.32 950 0.83 0.380 32642 

6 0.04*** 0.01 0.00 0.87 0.34 950 0.82 0.387 32642 

7 0.04*** 0.01 0.00 0.87 0.33 947 0.82 0.387 32257 

8 0.05*** 0.01 0.00 0.88 0.32 947 0.82 0.386 32257 

9 0.05*** 0.01 0.00 0.87 0.34 950 0.80 0.400 32642 

-4 -0.02 0.03 0.41 0.70 0.46 594 0.66 0.47 3076 

-3 -0.01 0.03 0.63 0.77 0.42 594 0.78 0.42 3076 

-2 0.02 0.03 0.54 0.77 0.42 594 0.76 0.43 3076 

-1 -0.02 0.03 0.55 0.80 0.40 594 0.82 0.38 3076 

0 0.10*** 0.02 0.00 0.86 0.35 594 0.78 0.41 3076 

1 0.17*** 0.03 0.00 0.90 0.31 594 0.74 0.44 3076 

2 0.16*** 0.03 0.00 0.88 0.33 594 0.71 0.45 3075 

3 0.09*** 0.03 0.00 0.83 0.38 593 0.75 0.43 3071 

4 0.10*** 0.03 0.00 0.87 0.34 594 0.76 0.43 3076 

5 0.10*** 0.03 0.00 0.86 0.34 594 0.75 0.43 3076 

6 0.10*** 0.03 0.00 0.88 0.33 594 0.78 0.41 3076 
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 Impacts Relative to Wagner-Peyser Treatment   Comparison  

Quarter Coefficient Standard Error  p-value Mean 
Standard 
Deviation  N Mean 

Standard 
Deviation N 

7 0.08*** 0.02 0.00 0.89 0.32 594 0.80 0.40 3076 

8 0.05** 0.02 0.03 0.86 0.35 575 0.83 0.38 2830 

9 0.04* 0.02 0.10 0.84 0.37 594 0.81 0.40 3076 

Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Sample sizes vary slightly quarter-to-quarter. Wagner-Peyser 
analysis: N in ninth quarter= 33,592 (950 apprentices and 32,642 Wagner-Peyser participants). College analysis: N in ninth quarter= 3,670 (594 apprentices and 3,076 community 
college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent.  



A P P E N D I X  1 0 9  
 

TABLE A.12 

Impact of Unregistered Apprenticeships on Earnings by Quarter, Full Sample Subgroup 

 Impacts Relative to Wagner-Peyser Treatment   Comparison  

Quarter Coefficient 
Standard 
Error  p-value Mean 

Standard 
Deviation  N Mean 

Standard 
Deviation N 

-4 -$46 $251 0.85 $5,012 $7,071 950  $5,228   $7,669  32642 

-3 $542 $298 0.07 $7,671 $8,142 950  $6,998   $8,369  32642 

-2 $316 $304 0.30 $9,056 $7,844 950  $8,423   $8,472  32642 

-1 -$26 $337 0.94 $9,210 $8,053 950  $8,971   $9,003  32642 

0 $1,965*** $196 0.00 $10,360 $8,528 950  $8,029   $8,472  32642 

1 2,570*** $242 0.00 $11,502 $8,747 950  $8,448   $8,195  32642 

2 $2,085*** $234 0.00 $11,521 $8,554 950  $8,873   $7,896  32642 

3 $1,650*** $255 0.00 $11,682 $8,513 950  $9,548   $8,512  32642 

4 $2,175*** $273 0.00 $12,752 $9,299 950  $10,029   $8,709  32642 

5 $1,958*** $280 0.00 $12,615 $8,940 950  $10,122   $8,832  32642 

6 $2,719*** $285 0.00 $13,527 $10,104 950  $10,176   $8,621  32642 

7 $3,101*** $302 0.00 $14,000 $9,680 947  $10,365   $8,931  32257 

8 $3,871*** $317 0.00 $15,062 $10,153 947  $10,560   $8,919  32257 

9 $3,368*** $318 0.00 $14,395 $10,135 950  $10,413   $9,194  32642 

 Impacts Relative to Community Colleges Treatment   Comparison  

Quarter Coefficient 
Standard 
Error  p-value Mean 

Standard 
Deviation  N Mean 

Standard 
Deviation N 

-4 -$146 $424 0.73 $5,540 $7,180 594 $5,117 $7,226 3076 

-3 -$19 $473 0.97 $6,335 $7,782 594 $6,366 $7,895 3076 

-2 $155 $475 0.74 $6,711 $7,857 594 $6,577 $7,961 3076 

-1 $205 $474 0.67 $6,899 $8,319 594 $6,832 $8,093 3076 

0 $1,474*** $218 0.00 $7,286 $7,790 594 $6,029 $7,323 3076 

1 $3,014*** $336 0.00 $9,002 $7,755 594 $6,292 $6,787 3076 

2 $2,732*** $412 0.00 $9,404 $8,239 594 $6,938 $7,563 3075 
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3 $2,077*** $410 0.00 $9,370 $8,572 593 $7,483 $8,087 3071 

4 $2,419*** $395 0.00 $9,787 $8,734 594 $7,488 $8,260 3076 

5 $2,847*** $444 0.00 $10,088 $8,758 594 $7,421 $7,971 3076 

6 $2,712*** $429 0.00 $10,933 $9,217 594 $8,431 $8,161 3076 

7 $4,190*** $455 0.00 $12,776 $9,939 594 $8,564 $8,114 3076 

8 $4,127*** $562 0.00 $12,899 $10,629 575 $9,840 $8,642 2830 

9 $3,490*** $536 0.00 $12,680 $10,324 594 $9,462 $8,711 3076 

Source: National Directory of New Hires data matched to Workforce Integrated Performance System (WIPS) and community college data. Data cover participants who enroll 
2021Q3—2022Q2 for the Wagner-Peyser analysis and 2022Q1—2022Q2 for the College analysis.  
Notes: Employment is defined as having any earnings in a quarter recorded in the National Directory of New Hires. Sample sizes vary slightly quarter-to-quarter. Wagner-Peyser 
analysis: N in ninth quarter=33,592 (950 apprentices and 32,642 Wagner-Peyser participants). College analysis: N in ninth quarter= 3,670 (594 apprentices and 3,076 community 
college students).  
Statistical significance levels are indicated as follows: *** = 1 percent; ** = 5 percent; * = 10 percent. 
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