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Background

The Department of Labor (DOL)’s Chief Evaluation Office (CEO) is committed to upholding the
department’s Evaluation Policy principles of rigor, relevance, transparency, independence, and
ethics in independent evaluations. For all rigorous experimental studies and studies using
methods described as quasi-experimental, the CEO will publish Evaluation Design Pre-
Specification Plans during the planning stages of evaluations to promote transparency and
replicability. It is important to note that changes may occur during the course of conducting
research after the publication of design plans, and final evaluation products will clearly note
where and why research is altered in published plans.

This document provides a template that evaluators must use to meet the pre-specification
practices articulated in OMB Memo M-20-12 Phase 4 Implementation of the Foundations for
Evidence-Based Policymaking Act of 2018: Program Evaluation Standards and Practices. OMB
Memo M-20-12 calls for making an “evaluation’s design and methods available before the
evaluation is conducted and in sufficient detail to achieve rigor, transparency, and credibility by
reducing risks associated with the adoption of inappropriate methods or selective reporting of
findings, and instead promoting accountability for reporting methods and findings.” The
information reported must also provide sufficient information so that final reporting could be
assessed per the DOL Clearinghouse for Labor Evaluation and Research (CLEAR) evidence
guidelines. Evaluators may also find it helpful to refer to their Office of Management and
Budget’s Paperwork Reduction Act Information Collection Request requirements submissions.
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Evaluation Design Report for the Apprenticeship Evidence-Building
Portfolio Project

Item 1 — Purpose, Research Questions, and Hypotheses. Briefly describe objective of the
evaluation (its relevance). Include primary and secondary questions and hypotheses to be tested,
including ancillary or exploratory questions.

Purpose

The U.S. DOL awarded two sets of grants in 2019 and 2020 to expand apprenticeships. First, in
2019, DOL invested $184 million in the Scaling Apprenticeship through Sector-Based
Strategies grants (referred to throughout as Scaling Apprenticeship grants) to expand both
apprenticeships registered with the U.S. DOL or a State Apprenticeship Agency (SAA) and
unregistered apprenticeships. Apprenticeship programs train participants across traditional and
new industry sectors and occupations. Twenty-three grantees representing community colleges
and college consortia in 18 states received awards ranging from $2 to $12 million over a four-
year grant period to expand apprenticeship programs in sectors with high demand for skilled
workers, most notably health care, information technology (IT), and advanced manufacturing. In
addition, in 2020, DOL awarded nearly $100 million through the Apprenticeships: Closing the
Skills Gap grants (referred to throughout as Closing the Skills Gap grants) to 28 public—private
partnerships to expand apprenticeship in the same key sectors with grantee leads located in 23
states, with a particular focus on cybersecurity and artificial intelligence occupations. The awards
ranged from $500,000 to $6 million over a four-year grant period.

The DOL CEO contracted with the Urban Institute and its partners, Mathematica and Capital
Research Corporation, to conduct the Analysis of Strategies for Expanding Apprenticeship
Portfolio project with the primary goal of understanding the impact and implementation of recent
investments in apprenticeship sponsored by the Department, including the Scaling
Apprenticeship and Closing the Skills Gap grants. The project includes designing and conducting
rigorous evaluations to expand the evidence base on apprenticeships as well as an
implementation study of apprenticeship strategies used by DOL grantees.

Apprenticeship models involve an industry- and employer-driven, structured approach to
occupational training that combines on-the-job training (OJT) and related technical instruction
(referred to as educational or instructional components by both the Scaling Apprenticeship and
Closing the Skills Gap grant programs). Apprentices are paid, productive employees of an
employer who either sponsors the apprenticeship program or partners with a program sponsor.
An apprenticeship “program” is a structured training program for a specific occupation that
includes an employer who provides OJT and paid employment to the apprentice; a related
instruction provider; and a nationally recognized credential. Programs can also include one
employer or multiple employers. If multiple employers sign on to the same apprenticeship
standards, they are considered a single program. Employers or other program partners may


https://www.apprenticeship.gov/investments-tax-credits-and-tuition-support/scaling-apprenticeship-through-sector-based-strategies
https://www.apprenticeship.gov/investments-tax-credits-and-tuition-support/scaling-apprenticeship-through-sector-based-strategies
https://www.apprenticeship.gov/investments-tax-credits-and-tuition-support/apprenticeship-closing-skills-gap
https://www.apprenticeship.gov/investments-tax-credits-and-tuition-support/apprenticeship-closing-skills-gap
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operate multiple programs in different occupations, or they may only operate a single program. '
Apprenticeship programs are referred to as “registered” if they have program standards
registered either with U.S. DOL or an SAA. Unregistered apprenticeship programs have all the
characteristics of a registered program but are not registered with or monitored by U.S. DOL or
an SAA.

This design options report presents strategies for rigorously studying the impact of the Scaling
Apprenticeship and Closing the Skills Gap grants. In each section of this report, we first discuss
the design for the evaluation of the Scaling Apprenticeship grants, and then follow with a
discussion of how the design does or does not differ for the Closing the Skills Gap grants.

Research Questions
This report discusses potential study designs that could answer the following primary research
questions of interest:

1. What is the impact of registered apprenticeships on earnings and employment of
participants in the 9th and 10th quarters following program enrollment?

2. What is the impact of unregistered apprenticeships on earnings and employment of
participants in the 9th and 10th quarters following program enrollment?

In addition, the report discusses designs to answer secondary research questions:

1. What are the impacts of unregistered and registered apprenticeships for different types of
apprentices and their pathways to apprenticeship programs, such as incumbent worker
apprentices, those referred to apprenticeship from the workforce system, and those that
participate in apprenticeships after enrolling in community colleges?

2. What are the impacts of unregistered and registered apprenticeships on earnings and
employment for subgroups defined by

a. key participant characteristics, such as race, gender, and age;

b. program receipt status; that is, those who received grant-funded services versus
those that were hired as apprentices;

c. key program features, such as the program length, or whether a grantee is directly
sponsoring its apprenticeship programs or acting as an intermediary.

Although there have been quasi-experimental impact studies of registered apprenticeships
(Hollenbeck and Huang 2016; Reed et al. 2012), there are no rigorous studies of the
effectiveness of unregistered apprenticeships or more recent registered apprenticeship initiatives,
and this project is designed to contribute to building a greater understanding of apprenticeships
to inform future practice, policy, and grantmaking.

!'For more information, see DOL’s web page on registered apprenticeship programs at
https://www.apprenticeship.gov/employers/registered-apprenticeship-program.
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Hypotheses

Our hypotheses are informed by the existing research on the impact of apprenticeship training on
participants’ earnings and employment. Apprenticeships combine classroom learning with OJT
and provide a credential upon completion. Registered Apprenticeships are programs that are
registered under either DOL’s Office of Apprenticeship or through recognized SAAs.
Unregistered apprenticeships are independent programs that use the same earn-and-learn model,
but do not go through the same review process for occupational standards that is required for
registered apprenticeships. Pre-apprenticeship programs are a set of strategies designed to
expand access and prepare individuals for entry into an apprenticeship program.? Unregistered
apprenticeships can include a wide variety of approaches for upskilling an employee with
occupation-specific training. Unregistered apprenticeships are often shorter than registered
apprenticeships because they do not have to meet the same requirements for the number of hours
of classroom instruction or workplace training. They are also not eligible for public funding that
is earmarked for registered apprenticeships. For the Scaling Apprenticeship and Closing the
Skills Gap grants, any program considered an unregistered apprenticeship has to meet the five
hallmarks or characteristics of apprenticeship program quality outlined in the funding
announcements. These include (1) a paid, work-based component, (2) OJT and mentorship, (3)
an educational and instructional component, (4) an industry-recognized credential, and (5) safety,
supervision, and equal employment opportunity.>

Apprenticeship is one of the most intensive workplace-based training models, and research in the
U.S. has found that apprenticeships generate substantial benefits for individual apprentices and
employers. Reed and colleagues (2012) found that nine years from the start of their program,
21,426 registered apprenticeship participants in ten states earned nearly $1,500 more in quarterly
earnings than similar nonparticipants who enrolled in the program but did not participate in it
would have earned. Nonparticipant earnings were estimated by comparing apprentices to one
another in a dosage model (a statistical model estimating earnings outcomes as a nonlinear
function of time in training and other covariates) and predicting earnings outcomes for
nonparticipants with a dosage of zero. They also found positive impacts when comparing
earnings gains of apprentices to similar people in the same states but using unemployment
insurance (UI) wage records for apprentices and Current Population Survey data for
nonparticipants. A study in Washington State used propensity score matching and found an
impact of nearly $3,500 in quarterly earnings compared with several hundred thousand
nonapprentices served by the Wagner-Peyser Employment Services program (Hollenbeck and
Huang 2016). Helper et al. (2016) indicates that employers of apprentices also benefit from the
reliable talent pipeline that apprenticeship provides, increased worker productivity, and reduced

2 See the Scaling Apprenticeship grants funding announcement for details on these definitions, which are used for
the purposes of the grant program: https://www.grants.gov/web/grants/view-opportunity.html?oppld=307212.

3 See page 14 of the Scaling Apprenticeship grants funding announcement for details on the five hallmarks of an
apprenticeship program: https://www.grants.gov/web/grants/view-opportunity.html?oppld=307212.
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turnover. Studies estimated a rate of return on apprenticeship investment for one health care
system of at least 40 percent, and for the company Siemens USA, of at least 50 percent (Helper
et al. 2016). In other words, for every dollar invested in apprenticeship, the health care system
resulted in $1.40 in returns. For Siemens USA, every dollar invested in apprenticeship resulted in
at least $1.50 in returns to the company.

Apprenticeship has long been dominated by the construction trades (Boren et al. 2022). More
programs are being developed in the health care, services, and IT industries (Gardiner et al.
2021; Walton, Gardiner, and Barnow 2022). The populations studied have also been largely male
because males represent a large percentage of apprentices (Hollenbeck and Huang, 2016; Reed et
al. 2012), although sectors such as health care and childcare have greater female representation
(Walton, Gardiner, and Barnow 2022).

Based on this research literature, our hypothesis is that apprenticeship training will have a
positive impact on participants’ earnings and employment. We expect that these impacts will
vary by subgroup. For example, in the health care sector where direct care positions can receive
low pay and direct care pay is constrained by Medicare and Medicaid reimbursement (Lerman,
Eyster, and Kuehn 2014), apprenticeship training may not have as large of an impact on
earnings. Similarly, the impact for registered and unregistered apprenticeships may differ
depending on the length and intensity of training. As registered and unregistered apprenticeship
programs vary by length and intensity, we hypothesize that the impacts on earning gains from
these two types of programs might differ.

Background on Grant Programs

To provide context on the design options for testing these hypotheses presented in this report, the
rest of this section provides summary information on the apprenticeship programs funded by the
Scaling Apprenticeship and Closing the Skills Gap grants. We describe the purpose of the grant
programs, and then discuss the variation across the grants in each program in terms of the models
used and other key features. Tables 1 and 2 present data on the key characteristics of the
grantees’ approaches for each grant program respectively.
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Table 1
Planned Characteristics of Scaling Apprenticeship Grants, 2019-2024
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1 Colorado Department of Higher X X X X X 44 5,000 70
Education
2 County College of Morris X X X X X X X 52 1,360 104
3 Connecticut State Colleges and X X X X X 16 2,710 64
Universities
4  Community College of Baltimore X X X X X 4 436 T
County
5  Columbus State Community College X X X X X 51 1,152 650
6  Alabama Community College X X X X X 59 2,500 75
System
7 Bergen Community College X X X X X 15 3,500 170
8  Dallas County Community College X X X X X X 53 5910 159
District
9  The Florida International University X X X 22 800
18
Board of Trustees
10  St. Louis Community College X X X X X X X 79 2,280 136
11  State University of New York X X X X X X 1,000 3,200 1,000
12 Purdue University X X X X 60 5,000 52
13 Illinois Community College Board X X X X X X X 113 842 92
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14  Lorain County Community College X X X X X X X 70 5,000 500
15 Miami Dade County X X X X X 43 518 80
16  Pennsylvania College of Technology X X X X X 91 1,660 596
17  Pima County Community College X X X X X X X 19 386 16
District
18  San Jacinto Community College X X X X X X 54 3,700 20
District
19  Trustees of Clark University X X X X 15 900 30
20  University of Cincinnati X X X X X X X 225 3,778 110
21  Weber State University X X X X X 11 650 35
22 West Los Angeles College X X X X X X X 55 4,400 21
23 West Virginia Council for
Community and Technical College X X X X X 68 200
Education 960
Totals 9 10 4 20 14 20 18 16 21 2,219 56,642 4,209

Source: Grant applications and initial and follow-up phone calls with grantees.

Notes: Registered apprenticeship programs have program standards approved by U.S. DOL or an SAA. Unregistered programs are not registered with these agencies. Pre-apprenticeship programs are a
set of strategies designed to expand access and prepare individuals for entry into an apprenticeship program.

* Apprentices employed include incumbent workers and nonincumbent workers expected to be employed out of the total population served.
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Table 2
Planned Characteristics of Closing the Skills Gap Grants, 2020-2024
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1 Aerospace Machinist Joint Training X X X X 9 305 500
Committee
2 AFL-CIO Working for America X X X 550 2,320 600
Institute
3 Alamo Colleges X X X X X X 6 330 12
4 American Association of Port X X X X X X 94 5,122 55
Authorities
5 Argentum X X X X X 11 6,255 45
6  Arizona State University X X X X X 8 330 30
7  Arkansas Division of Higher X X X X X 125 2,000 110
Education
8  Colorado Community College System X X X X X 34 224 15
(CCCS)
9  Electrical Training ALLIANCE (EA) X X X X X X 1 5,000 1500
10  Florida Alcohol and Drug Abuse X X X X 4 2,570 30
Association
11  Goodwin College, Inc. X X X X 7 1,152 125
12 Health care Career Advancement X X X X 35 2,426 50

Program (H-CAP), Inc.



U.S. Department of Labor Apprenticeship Evidence-Building Portfolio
Evaluation Design Pre-Specification Plan

13 Idaho State Board of Education X X X X X X X 35 619 15

14  Ivy Tech Community College of X X X X X X X 120 2,720 150
Indiana

15 Missouri Chamber Foundation X X X X 24 3,285 15

16  North Carolina State University X X X 52 8,200 53

17  Oakland Community College X X X 179 720 179

18  Regents of University of Colorado X X X 5 5,196 950
Springs

19  Rhode Island Office of the X X X X 6 500 10
Postsecondary Commissioner

20 Society for Human Resource X X X X X X X 1 940 100
Management Foundation, Inc.

21  Southern Utah University X X X X X 11 1,705 145

22 Southwest Tennessee Community X X X X X 66 192 136
College

23 The Regents of the University of X X X X X 20 856 300
California (Davis)

24  The Regents of the University of X X X X X X 35 264 125
California (Riverside)

25  University of Louisville Research X X X X X X X X 49 1,804 5
Foundation, Inc.

26  University of Wisconsin-Whitewater X X X X X X 1 2,512 700

27  Wireless Infrastructure Association X X X X X 1 7,400 27

28  Wisconsin Regional Training X X X X 83 1,717 300
Partnership, Inc. (WRTP)
Totals 16 19 9 28 9 5 11 17 25 1,572 66,664 6,282

Source: Grant applications and phone calls with grantees.

Notes: Registered apprenticeship programs have program standards approved by U.S. DOL or an SAA. Unregistered programs are not registered with these agencies. Pre-apprenticeship programs are a
set of strategies designed to expand access and prepare individuals for entry into an apprenticeship program. The Closing the Skills Gap grants cannot be used to fund pre-apprenticeship, although many
programs use pre-apprenticeship as a strategy in their services.

* Apprentices employed include incumbent workers and nonincumbent workers expected to be employed out of the total population served.
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Together, DOL, states, and industry have invested billions of dollars over the past decade to
encourage, develop and expand industry-driven apprenticeship training nationwide. The breadth
of apprenticeship investments has resulted in a diverse sectoral, geographic, and institutional mix
of apprenticeship programs and projects. Apprenticeship has traditionally been used in the
building trades but is now also used in food preparation and serving, personal care and services,
and sales occupations (Kuehn 2019), health care (Lerman, Eyster, and Kuehn 2014), advanced
manufacturing, science and engineering (Kuehn, Hecker, and Simon 2019; Kuehn and Jones
2018), and finance (Elejalde-Ruiz 2016). Expansion into more occupations, particularly those
with high demand for skilled workers, has led to new models of apprenticeship (Copson et al.
2021).

To assist with development and adaptation of apprenticeship models, DOL provides program and
capacity development grants to strengthen intermediaries (organizations that coordinate
apprenticeship partners), industry, and other partners. The Scaling Apprenticeship and Closing
the Skills Gap grant programs are two of the largest recent federal apprenticeship investments
and the two grant programs that are the primary focus of the Analysis of Strategies for
Expanding Apprenticeship Portfolio project. The Scaling Apprenticeship grant awards (table 1),
announced in June 2019 and totaling $184 million, focus on accelerating the expansion of
apprenticeships to sectors with high demand for skilled workers and many H-1B visas to hire
temporary foreign workers. The Closing the Skills Gap grants (table 2), announced in February
2020 and totaling nearly $100 million, focus on expanding apprenticeships in sectors where
apprenticeships are not traditionally used as a training strategy.

DOL awarded Scaling Apprenticeship grants to 23 community colleges and college consortia
based in 18 states and Closing the Skills Gap grants to 28 college systems, industry associations,
nonprofits, and state education agencies based in 23 states. The grantees across both programs,
though alike in their mission to implement effective, high-quality apprenticeship programs, vary
in the number of individuals they plan to serve, industries and occupations targeted,
apprenticeship models, and recruitment strategies, among other factors. Below we discuss the
variation across the grants, as described by grantees in their applications and in phone calls with
selected grantees.

Eleven of the 23 Scaling Apprenticeship grantees plan to offer a combination of both
unregistered and registered apprenticeships. Among the remaining grantees, nine grantees offer
only registered apprenticeships, while three offer only unregistered apprenticeships. All 28
Closing the Skills Gap grantees plan to offer registered apprenticeships. Nine of the grantees
plan to offer a combination of registered and unregistered apprenticeships.

Twenty of the 23 Scaling Apprenticeship grantees plan to offer pre-apprenticeships in addition to
their chosen apprenticeship models. Some grantees indicated they would be establishing new
pre-apprenticeship programs; others indicated they were working to expand existing pre-
apprenticeship programs. Many of the grantees offering pre-apprenticeships described their

10
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purpose as providing remedial academic training. For example, if an employer identified an
incumbent worker to begin apprenticing, but that worker lacked the prerequisite reading and
math skills to begin college coursework for the apprenticeship program, the worker could gain
those skills in the pre-apprenticeship program and then transition into the apprenticeship upon
completion.

Pre-apprenticeship is not an allowable funded program activity under the Closing the Skills Gap
grant. However, five grantees reported that they plan to provide pre-apprenticeship services in
the overall program, though likely to be funded by other resources. These grantees hoped to
include pre-apprenticeship offerings to expand their apprenticeship programs, meet their
recruitment target numbers, and provide remedial support to potential apprentices. Nine
additional grantees stated that pre-apprenticeship would be offered through partners to increase
the pipeline for apprentices and to assess potential participants for basic skills.

Twenty-one of the 23 Scaling Apprenticeship grantees noted they would rely on referral
assistance from public agency partners like workforce development boards, American Job
Centers, state offices of adult education, and veteran resource centers, as well as community
organizations. Sixteen planned to recruit high school and community college students to
apprenticeship and pre-apprenticeship programs. Eighteen grantees planned for employers to
recruit apprentices from among their own employees (incumbent workers). Among grantees
whose target population was mostly or entirely made up of incumbent workers, grantees
indicated in initial phone calls that identification and recruitment of apprentices would be largely
left to employers.

Most Closing the Skills Gap grantees (25 of 28) stated that they would rely on external
recruitment partners for apprentices. Recruitment partners varied, including workforce
development boards, specialized recruitment agencies, industry groups, and community-based
organizations that serve their target population. Seventeen grantees mentioned recruiting through
high schools or colleges, either through their own college networks or through educational
partnerships. Most (27 of the 28) grantees reported plans to train incumbent workers as
apprentices.

The target number of employed or hired apprentices across the grant period varied widely by
grantee in the Scaling Apprenticeship grant programs, from under 400 to nearly 6,000 (grantees
did not specify separate target numbers for registered versus unregistered programs). Nine
grantees had targets of 3,000 or more. Eight grantees set targets lower than 1,000 for total
apprentices employed across the entire four-year grant period. In 2019 and 2020, conversations
the study team held with grantees to clarify questions about their programs, many noted that they
were behind schedule in their enrollment for the first year. Although one volunteered that they
hoped to catch up by the end of the year, the current restrictions on work as a result of the
COVID-19 pandemic, including work closures, vaccine and mask mandates, and college closures

11
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or enforcement of remote learning, made it unlikely that many grantees would reach their first-
year targets.

The target number of employed or hired apprentices for the Closing the Skills Gap grantees
ranged from 192 to 8,200 (including incumbent workers). Eleven of the 28 grantees set
employment targets lower than 1,000 apprentices hired. Seven grantees expected to employ more
than 3,000 apprentices across the four-year grant period. Unlike the Scaling Apprenticeship
grantees, Closing the Skills Gap grantees reported targets for incumbent and nonincumbent
apprentices separately. Eight grantees planned to serve more incumbent workers than
nonincumbents. Based on clarification calls with grantees, we found that COVID-19 had
unprecedented effects on the ability of grantees to stay on schedule, however, and they were
uncertain at the time if they would meet their first-year target numbers.

Like the number of apprentices, the targets set by Scaling Apprenticeship grantees for new and
expanded apprenticeship programs as well as employers engaged varied widely. The average
target number of new and expanded apprenticeship programs was 96, with a low of 4 and a high
of 1,000. The average target number of employers engaged among all the grantees was 183, with
a low of 11 and a high of 1,000. Most grantees (15 of 23) indicated a larger target number of
employers engaged than their target number of apprenticeship programs, suggesting that some
programs would serve multiple employers. Eight grantees had the opposite, suggesting that they
would have fewer multiple employer programs and would in some cases have multiple programs
for each employer to participate in for different occupations or positions at the employer’s
business.

Wide variation also existed in the target number of employers engaged and the target number of
new and expanded apprenticeship programs among the Closing the Skills Gap grantees. The
average target number of new and expanded programs was 56 with a low of 1 program and a
high of 550. The average target number of employers engaged was 224, with a low of 5 and a
high of 1,500 employers. Twenty-one grantees expected to have more employers engaged than
new and expanded programs, while seven expected to have more programs than employers.

12
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Item 2 — Evaluation Design. Briefly describe the overall evaluation methodological approach,
based on a logic model of the program or policy being evaluated. Briefly discuss the program of
interest and the feasibility of the planned approach, including the process for developing
credible control or comparison groups. Include any anticipated challenges that could result in
changes in the methodological approach and plans for how to address those challenges.

The conceptual framework for evaluating the impact of unregistered and registered
apprenticeship programs under the two grant programs, developed by the study team, is
presented in figure 1 below. The framework identifies the challenges and objectives the grants
seek to address—the needs of business and industry, workers, and state and local apprenticeship
systems. It includes resources that may be used to support grant activities—the Scaling
Apprenticeship and Closing the Skills Gap grants themselves, as well as other relevant national
initiatives or existing state and local apprenticeship systems and partnerships. The framework
also specifies program models and components of apprenticeship programs the grantees and their
partners design and implement, and strategies and partnerships the grantees and partners use to
expand apprenticeship. Finally, it includes the expected short-term outcomes and long-term
outcomes of unregistered and registered apprenticeship programs.

To estimate the impact of the apprenticeship program on earnings and employment, we propose
a quasi-experimental design (QED) that relies on the “selection on observables” assumption (see
Imbens 2004 for a review). This assumption is based on the idea that observational
characteristics can account for key factors that relate to both enrolling in an apprenticeship
program and earning and employment outcomes. Although this assumption can never be fully
tested, our 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;

2. using a rich set of socio-demographic variables from a common data source for both
samples; and

3. using preprogram earnings histories, in temporal periods no longer than a quarter, to
capture pre-enrollment differences in earnings and employment that can influence
later employment outcomes.

Apprentices and Comparison Groups

In our primary analysis, we define the apprentices used in the treatment group for this study as
anyone ever hired as an apprentice in a registered or unregistered apprenticeship program funded
by the Scaling Apprenticeship or Closing the Skills Gap grants (referred to in this report as the
“program”). This includes those who do not complete the program or earn a credential but
excludes pre-apprentices and other participants who may receive educational or instructional
training and other services but are not hired as apprentices. As a secondary analysis, we will
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estimate impacts using everyone who received grant-funded services, whether or not they were
hired as apprentices (intention-to-treat analysis).

Rather than comparing apprenticeship to any one specific alternative training model, the research
questions focus on the difference between the average outcomes of the apprentices and the
average outcomes apprentices would achieve if the program did not exist (also referred to as the
average treatment effect on the treated). Because there are a number of services or activities
apprentices might have engaged with in the absence of the program, we considered a broad range
of comparison groups. To guide the selection of comparison groups, table 3 shows the three
types of apprentices that we consider: (1) those who enroll in the apprenticeship program after
being referred through the public workforce system, or who come from unemployment or
underemployment, (2) incumbent workers, and (3) those who are recruited to the apprenticeship
program from the population of community college students. The strength of the QED depends
on the extent to which we are able to identify a defensible comparison group for each of these
recruitment sources, the counterfactual condition experienced by the comparison group, and the
common data available for both the apprentices and the comparison groups (Heckman et al.
1998). In the next sections, we will introduce the planned comparison groups for each of the
three apprentice types, as well as the data sources available to investigate them.

TABLE 3
Planned Treatment and Comparison Group Members

Group Treatment Group Comparison Group

1 Apprentices referred to the program from the public Wagner-Peyser participants
workforce system

2 Apprentices who are incumbent workers Wagner-Peyser participants, community college
students
3 Apprentices who are community colleges students Community college students

prior to program enrollment

Source: Authors’ analysis.
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Group 1. Apprentices Referred to the Program from the Public Workforce System

Some apprentices are referred to grant programs from an American Job Center (AJC) or other
public workforce agencies or providers. In the absence of the apprenticeship program, these
apprentices would presumably be referred to another workforce development program or service.
Therefore, Wagner-Peyser participants receiving some service from the public workforce system
and whose data are in the Workforce Integrated Performance System (WIPS), with similar levels
of education and prior earnings and living in similar geographic areas, constitute an appropriate
comparison group. This comparison group includes people that receive more intensive training,
as well as those who receive light-touch case management or job search assistance. This is
appropriate because apprentices referred from an AJC might have received similar public
workforce services in the absence of the apprenticeship program.

Group 2. Apprentices Who Are Incumbent Workers

Some grants in the program enroll incumbent workers, defined by the funding opportunity
announcements as apprentices working for the sponsoring employer before beginning their
program. For example, administrators of the Federation of Advanced Manufacturing Education
(FAME) manufacturing technician apprenticeship program in Alabama reported that auto
manufacturers might offer the program to production workers (workers on the assembly line who
use machines to make cars), who could become higher-skilled maintenance workers (those who
maintain the machines on the assembly line) upon completing the apprenticeship. Some
apprenticeship programs are designed exclusively for incumbent workers.

In the absence of the apprenticeship program, we might assume that these incumbent workers
would still be employed by the same employer. This makes the selection of the comparison
group challenging because the apprentices are already in jobs. However, incumbent workers are
an important population of apprentices, and some grantees may end up serving incumbent
workers almost exclusively. Thus, it is important to include them in the QED. The following two
groups are potential comparison groups for incumbent workers:

(1) Individuals served by Wagner-Peyser and the WIOA Adult, Dislocated Worker, and
Youth programs. Most people served by Wagner-Peyser Employment Services and
WIOA programs are unemployed or underemployed, though some work full-time and are
using these services to find better jobs. Incumbent workers, on the other hand, are all
employed even before entering an apprenticeship program. This presents a considerable
challenge and could prevent the identification of a similar enough comparison group from
this data source in practice. However, there might be incumbent worker apprentices who
are underemployed at baseline, and there may be nonapprentices in the WIPS data who
are currently employed, at wages similar to those earned by the incumbent worker
apprentices. Thus, while the overall population in these data would not be an appropriate
comparison group for incumbent worker apprentices, a subset may be sufficiently similar
regarding their employment history as well as socio-demographic characteristics. It is an
empirical question as to whether credible comparison groups can be selected using this
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approach. Once we have WIPS data and preprogram earnings, we will be able to evaluate
whether we are able to form a comparison group that is sufficiently similar to incumbent
apprentices.

(2) Community college students. Since many community college students are employed
prior to and during their enrollment, we can use students who are enrolled in the same
community colleges as the incumbent worker apprentices but do not pursue an
apprenticeship. That said, because the National Directory of New Hires (NDNH) does not
include data on industry and occupation, community college students in this comparison
group could be employed in very different types of jobs than the incumbent worker
apprentices.

Group 3. Apprentices Who Are Community College Students Prior to Program Enrollment
Some apprentices enroll in the participating community college prior to becoming apprentices,
and likely would have enrolled in the community college even in the absence of the program.
Indeed, some grantees reported that they have started or plan to recruit apprentices from their
community college student bodies. In addition, some report that they are conducting outreach to
high school seniors who can enroll upon graduating. Such apprentices may have attended a
community college in the absence of the apprenticeship program. Thus, a subset of community
college students from the partnering community college systems likely represents an appropriate
comparison group for many apprentices. But in contrast with the comparison group for
incumbent worker apprentices, these community college students do not need to have been
employed prior to enrollment. This comparison group—community college students taking
similar courses and with similar background characteristics as apprentices—would only be found
in data provided by community colleges. Hence, we will need to collect data from community
colleges. We are attempting to collect data for both credit and noncredit students, although our
understanding is that reporting requirements mostly apply to degree-seeking students. If feasible,
we will include noncredit students as comparison group members in our study.

Combining Comparison Groups

Ultimately, we will generate three distinct, independent analysis samples: one for each group
described above. We will estimate and report impacts separately for each sample and also
generate an average of the three impact estimates, weighting each impact equally or according to
the number of apprentices. This is the same, in essence, as a stratified design. In this case,
however, the actual data in each stratum (subset of the entire sample) is different, so the
estimation will be done separately.

Challenges and Solutions

First, the project’s success depends on obtaining data-sharing agreements with state workforce
agencies, grantees, community colleges, and NDNH. As of February 2023, we have in place data
agreements with NDNH, 22 grantees, community college systems from eight states (Alabama,
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California, Illinois, Indiana, Missouri, New Jersey, Ohio, Texas),* and state workforce agencies
from ten states (Alabama, Arkansas, Connecticut, Florida, Indiana, Michigan, Missouri, New
Jersey, Pennsylvania, Utah). We are in the process of reaching out to four additional grantees in
Indiana and Ohio. Since grant agreements require grantees to participate in an evaluation, we are
optimistic to obtain these grantee data as well.

Second, because all apprentices appear in the WIPS data, one consequence of our strategy is that
a single apprentice may appear in multiple groups. For example, they might appear in the
community college student group as well as the WIPS data. (This will not always be the case if
we cannot obtain data including personally identifiable information [PII] from all community
colleges that apprentices attend.) For these apprentices, we will attempt to determine which
sample, or stratum, is likely to provide a better comparison group and use them in that stratum
only. Similarly, we will attempt to include each comparison group member in only one stratum.
This ensures that the estimated impacts in the two strata are independent, making aggregation
straightforward. If, on the other hand, we are unable to cleanly assign each sample member to a
single group, we will account for the correlation in the impact estimates when averaging them.
Apprentices may not fall into any of these categories if they are new hires who are not associated
with either the public workforce system or the college system. In these cases, we will attempt to
determine which sample—or stratum—is likely to provide a better comparison group and use
them in that stratum only. The analysis section in item 6 contains further details on impact
estimation.

Third, we have multiple options to construct comparison groups for incumbent workers, but we
can only assess the credibility and therefore the feasibility of this subgroup analysis at a later
stage of this project.

4 For some states, we receive all available community college data in that state. For other states, we receive data
from a few individual colleges.
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Item 3 — Evaluation Data. Describe data sources, the key outcomes and primary constructs of
interest (including the level of measurement, such as individual, industry, firm or geographic
area), and how they will be measured, including any variables that will be examined in existing
administrative datasets. Describe any demographic data points, such as age, gender, race and
ethnicity, etc., that will be available, and whether they may be meaningfully analyzed based on
anticipated observations (including anticipated sample size or number of observations available
after linking observation units across datasets, if merging administrative or other data sources).
Include information about how the collected data will be verified or verifiable, and how it will
accurately capture the intended information to address the questions of interest.

Apprenticeship is a workforce development strategy and thus the confirmatory (primary)
outcomes of interest are individual labor market outcomes: employment and earnings. An
apprentice is, by definition, employed and earning wages while enrolled as an apprentice,
whereas some members of the comparison group may not be employed, so the study would
likely find impacts if examining earnings and employment outcomes soon after program
enrollment. One hypothesis is that apprentices could ultimately attain positions that place them
on a higher earnings trajectory than the comparison group, and this higher trajectory may not be
fully realized for several years after completing the program. Thus, it is important to examine
long-term earnings and employment to the extent possible.

Our primary employment and earnings outcomes will use the 9th and 10th quarters of available
postenrollment data to balance the objectives of maximizing sample size and having the latest
follow-up period possible, given the current project timeline.” We will examine two quarters to
smooth anomalous findings that could occur if only one quarter was used.® The impact
evaluation will rely on four main data sources: (1) DOL’s WIPS, (2) community college data, (3)
county-level data from the 2016 American Community Survey (ACS), and (4) earnings and
employment records from the NDNH. This section gives a brief overview of these data sources
before demonstrating the data collection process. We will discuss anticipated sample sizes and
power calculations in item 5.

WIPS

The WIPS represents a national database that 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 and the apprenticeship grants. Table 4 displays the key
WIPS data items required for our evaluation. This list includes those variables that may be
associated with both enrollment in an apprenticeship program and labor market outcomes, such
as gender, race, age, veteran status, education level, ex-offender status, and low-income status

5 For the treatment group, enrollment is defined as the start of the apprenticeship program. For the comparison
group, enrollment is defined as the start quarter of Wagner-Peyser services, or the first term enrolled at the
community colleges in our sample.

6 It is important to pre-specify primary outcomes to avoid the multiple comparison problem of finding spurious, statistically
significant impacts when testing many contrasts (Schochet 2008). Other outcomes will be considered secondary but will be
important for contributing to the interpretation of findings on the overall pattern of effects.

19



U.S. Department of Labor Apprenticeship Evidence-Building Portfolio
Evaluation Design Pre-Specification Plan

(all these fields are self-reported by the participant). To ensure data accuracy, DOL has several
data integrity mechanisms in place. A detailed overview of all data elements and their definitions
provided by DOL can be found here.

The literature suggests that credible comparison groups for QEDs 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 contain
residential zip codes and county codes for the 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 would not be available in the WIPS
for apprentices. To gather location data on apprentices, we will first request program data from
grantees on apprentices’ residential zip codes. If we cannot obtain zip codes from grantees, we
will instead request information on the zip code for the community college campus where the
apprentices take their educational or instructional training or the zip code of their sponsoring
employer. In either case, we will ask that grantees link these location data to apprentices’ PII or
WIPS IDs so that it can be used in the analysis.

Table 4
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

Program in which enrolled (i.e., WIOA Adult, WIOA
Dislocated Worker, WIOA Youth, Wagner-Peyser)

Nongrant apprentice status

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

Industry of employment (incumbent workers only)
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Occupation (incumbent workers only)

Ex-offender status

AJC program enrollment and service receipt To screen the comparison sample and examine
differences in AJC service receipt

Dates of AJC services and activities (self-services, staff-
assisted services, career services)

Types and dates of basic career services (individualized,
training, and other support services)

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.

The WIPS data also include people receiving incumbent worker training supported by DOL.
However, we do not recommend including these workers in the comparison group because they
do not provide a sufficiently strong contrast with the apprentices. An impact evaluation using
other DOL incumbent worker services as the counterfactual would measure the impact of
different forms of incumbent worker training programs against each other, which is not a
treatment contrast that helps to answer a research question of interest for this evaluation.
Therefore, we will consider using community college data instead.

Community College Data

Based on other studies using community college data (for example, Anderson et al. 2017), we
expect the community college data to have many of the same demographic characteristics as the
WIPS data, except for public benefit receipt. Community college data also typically contain
reports of Pell grant receipt, an indicator of family income. We also plan to obtain data from
assessments of academic skills, either from standardized entrance exams or standardized, state-
wide high school accountability tests if assessment scores are not widely available in the
community college data.

All community colleges that we target 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’ gender 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; therefore, we
expect they will be able to provide reliable student enrollment data for our study.

ACS Data

The American Community Survey (ACS) is collected by the U.S. Census Bureau and provides
annual estimates of income, education, employment, health and living condition for residents of
the United States. We will collect county-level data for apprentices and comparison group
members from the appropriate ACS three-year sample data to control for differences in county-
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level characteristics in the analysis. These characteristics include the unemployment rate, poverty
rate, population, median household income, and the share of the population in urban areas.

NDNH Data

The NDNH serves as a legally mandated nationwide database housing employment,
unemployment insurance, and quarterly wage data provided by state directories of new hires
(SDNH), state workforce agencies (SWA), and federal employers. We will use 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 Enforcement of the U.S. Department of Health and Human Services
(Solomon-Fears 2011). The NDNH data contain outcomes only for people with reportable
earnings in covered jobs. Thus, anyone in the study sample not found in the NDNH data during a
relevant quarter will be counted as not employed and having no earnings in that quarter.

The NDNH data cover most wage and salary employment but do not cover all types of jobs and
industries. NDNH data do not cover 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 have made up about 10 percent of U.S. employment (Hotz and Scholz 2001; Kornfeld
and Bloom 1999). NDNH data also omit workers whose employers do not report their earnings
to their UI agency, even in the formal sector, 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 do
not cover workers who are casually employed, such as day laborers or part-time helpers, and
exclude 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.

Data Collection Process
Figure 2 illustrates the data collection process which requires five key steps:

1. Collecting WIPS data from DOL to identify apprentices and comparison group members
and their background characteristics (for groups 1 and 2), as well as student records from
community colleges (for group 3 and perhaps for group 2, but not for group 1)

2. Collecting geographical data for apprentices from grantees

3. Collecting PII on the apprentices and comparison group members in the WIPS data from
states who participate in the study (for groups 1 and 2)

4. Using the PII to link records with preprogram and postenrollment data from NDNH
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5. Adding county-level characteristics using ACS data

FIGURE 2
Data Collection and Mapping Process by Personal Identifiable Information
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Source: Authors’ analysis.

Notes: AEP = Apprenticeship Evidence-Building Portfolio; AEP data = Refers to the combined data set 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

For ease of exposition, we focus first on the data necessary for groups 1 and 2, and then discuss
the additional steps needed for group 3.

Data collection process for apprentices referred from the public workforce system and
incumbent workers and their comparison groups (Groups 1 and 2)

(1) Collecting WIPS Data

Using a range of criteria described below, we will submit a request to DOL for program year
(PY) 2020, PY 2021, and PY 2022 WIPS data for (1) apprentices served by the grant program
(WIPS data contain a field that identifies Scaling Apprenticeship participants) and (2)
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nonapprentices that received services under Wagner-Peyser Employment Services or WIOA
Adult, Youth, and Dislocated Worker programs. We will request these data as soon as the public
(or restricted) data use files become available in mid-2021, mid-2022, and mid-2023, although
we will discuss with DOL the possibility of obtaining these data on a quarterly basis if feasible.
We will also request the PY 2019 WIPS file as soon as possible so that we can set up our
procedures and computer programs to clean the data, set sample restrictions, and identify
appropriate comparison groups.

After collecting the WIPS data on apprentices and participants served by WIOA and
Employment Services in the study period, we will restrict the treatment and potential comparison
group samples based on the following factors:

States with Data Use Agreements (DUAs). First, we will restrict the sample to those states that
agree to participate in the study by signing a data use agreement (DUA) for the sharing of
participants’ PII. As we discuss in the next section, the signed DUA is a necessary condition for
obtaining PII and thus being able to obtain outcome data from NDNH. The states included in the
study will most likely represent a convenience sample of states those agree to participate in the
study. Therefore, study results will not necessarily be representative of the program as a whole.

Apprentices from other programs. Although apprentices served under the grant are necessarily
in the treatment group, we may exclude from the sample any potential comparison group
members who participated in any nongrant apprenticeship program, using flags in the WIPS
data. This restriction will avoid the undesirable situation where apprentices in the grant programs
are compared with people who attended other apprenticeship programs. As such, while we are
studying the impact of these specific grant programs, the counterfactual condition is defined as
the services apprentices would receive if they were not apprentices, rather than the stricter
definition of not being grant-funded apprentices.

Enrollment period. We will restrict the sample based on when apprentices and comparison
group members enrolled or started receiving services to ensure a sufficient follow-up period for
NDNH data collection. The study sample will consist of apprentices that started between July
2020 and June 2023. The comparison groups will be Wagner-Peyser participants (group 1),
incumbent workers served by the Wagner-Peyser and the WIOA Adult, Dislocated Worker, and
Youth program (group 2), and community college students (group 3) with similar characteristics
to the treatment group.

(2) Collecting Geographical Data from Grantees

To avoid comparing apprentices concentrated in certain counties and zip codes to group
members in different areas, which could lead to differences in the availability of other services
and labor market conditions, we will restrict the comparison group to people living in areas in
which at least one member of the apprentice group lives. Since WIPS data does not provide
geographical data on apprentices, this will be based on either zip code or county of residence for
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an apprentice or the community college campus or employer for an apprentice, depending on the
data provided to us by grantees.

(3) Collecting PIl from States

To obtain NDNH data for the individuals in our treatment and comparison groups, we need to
submit their SSNs and names (PII) to Office of Child Support Enforcement (OCSE). However,
the WIPS data only contain PII for apprentices—not for Wagner-Peyser participants. Therefore,
we will need to obtain information on the first name, last name, and SSN of sample members
from the study states.

We will negotiate DUAs with states to participate in the study by sending us the PII for the
sample we select from the WIPS. We will place particular emphasis on states containing grantees
with large numbers of apprentices, which we will identify from grantees’ quarterly reports. We
will prioritize states with which the study team has existing DUAs from other projects and will
seek to amend those DUAS to incorporate the samples for this study. We will also request and
analyze PY 2019 WIPS data to provide information on the grant programs for planning and
recruiting purposes. Once executed, the DUA agreements will allow us to send the set of state-
provided identifiers from our WIPS sample to each state and receive a file with the PII for each
sample member.

(4) Collecting NDNH Data

Once our WIPS sample is linked to the PII we receive from states, we can send several data
requests to NDNH to retrieve preprogram and follow-up earnings and employment data. The
sample will include those who enroll in WIPS programs from July 2020 through June 2022. The
timeline of the study will allow all sample members to have at least 8 quarters of follow-up data,
and more than 12 quarters for some, depending on when they enrolled in the program. For
apprentices, the first quarter of enrollment would be the quarter they were hired as apprentices or
the quarter they began educational or instructional training, whichever came first (both dates are
recorded in the WIPS). However, we will exclude from the sample apprentices that started
educational or instructional training more than a quarter before they were hired. For comparison
group members from the WIPS, the first quarter of enrollment would be the quarter they started
receiving public workforce services. For community college students, we will use the start of
their enrollment in the first of these courses as their program enrollment date.

Our primary employment and earnings outcomes will use the ninth and tenth quarters of
available postenrollment data to balance the objectives of maximizing sample size and setting the
latest follow-up period possible. We will examine two quarters to smooth anomalous findings
that could occur if only one quarter was used. It is important to prespecify primary outcomes to
avoid the multiple comparison problem of finding spurious, statistically significant impacts when
testing many contrasts (Schochet 2008). Other outcomes will be considered secondary but will
be important for contributing to the interpretation of findings on the overall pattern of effects.
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NDNH deletes data older than eight quarters from its system. Thus, we cannot obtain preprogram
data at the same time that we request outcome data. Instead, we will need to make early NDNH
data requests for preprogram earnings soon after we receive the WIPS data to ensure the
preprogram period is fully covered. We will submit requests for baseline data to NDNH in Q3
2021 for the PY 2020 sample and in Q3 2022 for the PY 2021 sample. This will provide at least
four quarters of preprogram earnings for all sample members.

If we are unable to obtain four quarters of preprogram earnings data from the NDNH because we
do not receive PII data from the states quickly enough, we will instead ask the states to provide
these UI wage records directly. This is not as ideal as receiving data from NDNH, because it will
be more costly to manage this data access process with multiple states rather than the single
database of NDNH. In addition, state UI wage records would not contain preprogram earnings
for people who worked in other states before enrolling. However, if we need to get preprogram
earnings data directly from states, we may be able to obtain more than four preprogram quarters.

(5) ACS Data
In addition, we will also incorporate the county-level characteristics obtained from the
appropriate ACS three-year sample data.

Data Collection Process for Community College Data

(1) Collecting community college data

For comparison group 3, we will need community college data. To obtain these data, we will
negotiate DUAs with community college systems that serve as Scaling Apprenticeship and
Closing the Skills Gap grantees. We will only request the data if the community colleges can
provide PII, including SSNs. Community colleges generally have these data because they need
them for purposes of student financial aid. The community college data itself will not contain
information that will allow us to identify apprentices. However, we will request SSNs from the
grantees and link them to the community college data to identify apprentices served by the
grants.” If we are able to obtain community college data in a state in which we also have a DUA
for the analysis of group 1 and 2 apprentices, we will attempt to identify whether any of the
comparison group members in the community college data actually participated in nongrant
apprenticeships in the WIPS data, and remove them from the sample.

After collecting community college data, we will restrict the treatment and potential comparison
group samples based on the following factors:

7 Alternatively, we can also link the community college data with SSNs to the WIPS data, which has SSNs for grant-
supported apprentices. However, this data is available with a lag, and it would be more efficient to collect this data
from the grantees.
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Enrollment period. We will restrict the sample based on when apprentices enrolled and when
comparison group members started taking the courses related to the apprenticeship to ensure a
sufficient follow-up period for NDNH data collection.

Geographic region. If we can gather data on geographic location from all community colleges,
we may restrict the data to students that have nonmissing information on location.

Preprogram earnings and employment. We will attempt to acquire data on preprogram
earnings from the NDNH data. For the reasons discussed above, we cannot wait to obtain
preprogram data while we request outcome data. We will submit requests for baseline data to
NDNH in Q3 2021 and Q3 2022. This will provide four to eight quarters of preprogram earnings
for all sample members, unless we acquire the earnings records directly from states.

Standardized test scores. We will negotiate a DUA with the associated state department of
education to acquire data on standardized tests taken during high school, such as the Scholastic
Assessment Test (SAT), American College Testing (ACT), or other state-administered tests. We
will use the PII collected from the community college system and the states to link to the state
department of education data system. As available, we will use standardized test score data for
all three groups to generate a comparison group that is similar to apprentices in order to estimate
credible impacts. These data will be especially important for younger members of the sample,
such as those that matriculate in community college directly after high school and are likely to
have a shorter duration of reported earnings in the preprogram period.

(2) Collecting NDNH Data

We will first identify appropriate comparison group samples using the available community
college demographic data (absent the preprogram earnings). We will then submit the PII we
collect from the community colleges to NDNH to obtain preprogram earnings and employment
data and use the NDNH data to generate the comparison group weights.
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Item 4 — Response rates and attrition. Describe methods to maximize response rates and to deal
with issues of nonresponse. The accuracy and reliability of information collected must be shown
to be adequate for intended uses. Describe potential selection or response rate issues and other
potential sources of bias, and resulting limitations for analyses, including limitations related to
the ability to examine specific subpopulations of interest (e.g., disaggregation by gender,
ethnicity, race, etc.). For collections based on sampling, a specific justification must be provided
for any collection that will not yield “reliable” data that can be generalized to the universe or
population of interest.

The population of interest for this study consists of participants in the apprenticeship programs
offered by the Scaling Apprenticeship and Closing the Skills Gap grantees and members of three
comparison groups. The study uses administrative data and does not depend on individual
responses to primary data collection efforts or sampling. However, the factors that follow could
lead to a smaller sample size than the full population of interest.

Missing Data on Key Background Variables

The WIPS data are generally of high quality, and most key variables have no missing values.
This is likely due to reporting requirements and WIPS-integrated data checks on required
variables. Even still, our experience with the WIPS data suggests that some individuals may have
missing data on key variables. For example, our experience suggests that about one percent are
likely to be missing geographic identifiers. Given the importance of these variables for
estimating the propensity score, we will exclude from the analysis anyone missing geographic
data. We will also exclude individuals with missing data for variables that identify whether
individuals were in an apprenticeship program or received the services that qualify them for the
comparison group. Similarly, we will exclude community college students with missing data on
key variables.

PII Data from State Workforce Agencies

We rely on state workforce agencies’ willingness to provide us with PII for the Wagner-Peyser
comparison group members. We anticipate recruiting ten states and will place particular
emphasis on states in which grantees with many apprentices are located. Our power calculations
in item 5 (Sampling and Power Analyses) show how different sample sizes could look like and
which statistical power they could provide. Although our sample is purposeful and will yield
meaningful impact estimates, we cannot formally generalize our findings to the full grant
programs because they only include a subset of grantees and participants.

Another hurdle is that participant identifiers in state workforce data systems differ from those in
the WIPS. This mismatch occurs because participant identifiers in state systems are scrambled
when they are submitted by states to DOL. Thus, DOL must provide a crosswalk between the
scrambled identifiers in WIPS and the true identifiers in state systems. With this crosswalk, we
can send states the applicable set of state identifiers for the study sample and then obtain PII
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back from the states. This will allow us to submit an analysis file with PII to get access to the
NDNH data.

Geographic Characteristics

For apprentices, we need to collect apprentices’ names and residential zip and/or county
information from the Scaling Apprenticeship and the Closing the Skills Gap grantees. If we are
unable to retrieve the geographical data for some individuals, we may restrict the sample to
apprentices with nonmissing location data to account for differences in labor market conditions
between treatment and comparison group members. In addition, we will use the county-level
characteristics obtained from the appropriate ACS three-year sample data.

Timing of NDNH Data Availability

NDNH deletes data older than eight quarters. The later we submit PII to NDNH to request
earnings and employment data, the fewer apprentices we can include in our study. In addition,
we will have only four quarters of preprogram earnings for some individuals, a relatively short
period. The literature clearly identifies the value of longer earnings windows for reducing
selection biases when performing matching exercises for workforce programs (Heckman and
Smith 1999; Mueser, Troske, and Gorislavsky 2007), and DOL’s own systematic reviews of
research reflect this finding. Specifically, DOL’s CLEAR review protocol for studies in the
Employment and Training Topic Area requires that studies demonstrate similar preprogram
earnings from “greater than one year before program participation.” Therefore, we will create
measures of employment dynamics that more completely account for preprogram employment.

First, we will use the full dynamics of four quarters of preprogram employment as participant
characteristics in the propensity score model. Specifically, we will create indicators for every
possible combination of employment statuses over four preprogram quarters (such as (0,0,0,0),
(1,0,0,0), (1,1,0,0) and so on)?, for a total of 16 employment history types; we will use these
indicators as characteristics. This is important because it will help us to capture the steep drop in
earnings right before program entry (for nonincumbent workers) that other research has
demonstrated often exists for individuals enrolling in workforce programs (Ashenfelter 1978;
Heckman and Smith 1999). The approach of using a full history of employment dynamics was
first implemented by Card and Sullivan (1988) using annual earnings. More recently, Mueser,
Troske, and Gorislavsky (2007) included dynamics with a limited set of four binaries to capture
employment dynamics over eight quarters, while Dolton and Smith (2011) implemented a
matching approach after stratifying their population on a full year of program benefit dynamics
broken into six-week intervals. Each of these studies found this to be an important strategy,
despite it not being widely used. Second, we will include job switch indicators capturing
individual job turnover, which we will generate from the masked employer IDs in the NDNH

8 Zero stands for a quarter in that an individual was unemployed, while one stands for a quarter in that an individual
was employed.
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data. These indicators help represent job stability and employment disruptions prior to program
entry.
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Item 5 — Sampling and Power Analyses. Describe (including a numerical estimate) the sampling
frame and any sampling or other respondent selection method to be used. Describe the
procedures for the collection of information including statistical methodology for stratification
and sample selection; estimation procedure; degree of accuracy needed for the purpose
described in the justification; unusual problems requiring specialized sampling procedures.
Data on the number of entities (e.g., establishments, State and local government units,
households, or persons) in the universe covered by the collection and in the corresponding
sample are to be provided in tabular form for the universe as a whole and for each of the strata
in the proposed sample. Indicate expected response rates for the collection as a whole. If the
collection had been conducted previously, include the actual response rate achieved during the
last collection. Include clear description of groups to be studied or compared and anticipated
sample sizes. Also outline power calculations that align with each hypothesis to be tested to
clearly demonstrate sufficient sample to examine the primary research questions with the
selected methodology.

The study relies on obtaining PII data from state workforce agencies and community colleges for
comparison group members to request their earnings and employment data from NDNH. Since
these data are administrative, selecting which sample members are included in the study depends
on states’ and community colleges’ willingness to share data. The population of interest in the
selected states will include apprentices who enrolled in one of the Scaling Apprenticeship or
Closing the Skills Gap grantee programs between July 2020 and June 2022, along with
comparison group members who enrolled either in Wagner-Peyser and the WIOA Adult,
Dislocated Worker, and Youth programs or at a community college during the same period.

To guarantee that the study’s sample size is sufficient to estimate statistically significant effects,
we estimated minimum detectable impacts (MDIs) for the primary outcomes, earnings and
employment. First, we present the MDIs for the evaluation of unregistered apprenticeships,
pooling together the Scaling Apprenticeship and Closing the Skills Gap grantees. The MDIs
reflect a number of key assumptions that the study team made:

1. Although it is reasonable to expect that we will have more comparison group members
than apprentices because WIOA and Wagner-Peyser serve more people than
apprenticeship programs, to be conservative, we assume that the comparison sample will
be the same size as the apprenticeship sample. This assumption, even if conservative,
does not have important implications because increasing the size of just one of the two
groups has a limited effect on statistical power.

2. For each of the grantees shown in tables 1 and 2, we assume that if they plan to have both
registered and unregistered apprentices, then apprentices will be equally divided between

the two.

3. We assume that we will not be able to obtain data on all apprentices, due to sample
restrictions and an inability to obtain data from all states and community colleges
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targeted for outreach. The other rows project smaller and larger sample sizes, to account
for the possibility that grantees do not achieve or exceed their targets, more or fewer
states execute DUASs, or there is greater or less sample loss due to restrictions and
missing data.

Table 5 displays the MDIs as a function of the sample size for the evaluation of unregistered
apprenticeships. The table displays MDIs for all groups combined, for smaller sample sizes to
provide more conservative estimates if we collect fewer data, and for one of the three apprentice
groups (those referred to the program from the public workforce system, incumbent worker
apprentices, and apprentices who are community college students prior to enrollment) that
represent one-third of the overall sample. We do not show MDIs for individual programs,
because sample sizes will typically be too small to yield precise estimates at the site level.
However, the MDIs by apprentice group pertain also to MDIs for subgroup analyses where
individuals or programs are grouped for analysis.

Table 5
Minimum Detectable Impacts (MDIs) for Impact of Unregistered Apprenticeship

. Average quarterly earnings Employment
(apprentice gil;lc)(l)(:nsllzaerison group) - (MDD ' : (MDI; pefcerftage points)
12,147 (target, average across three groups) $141 2.1 pp.
16,000 $123 1.8 pp.
6,000 $201 3.0 pp.
4,049 (target, single group) $244 3.6 pp.

Source: Authors’ calculations.

Notes: Assumptions include equal sample sizes between apprentice group and comparison group; $3,102 standard deviation of earnings (based
on WIA core services group in the 9th and 10th quarters after random assignment, personal communication from Dana Rotz); 70 percent
employment rate for comparison group (based on WIA core services group in the 9th and 10th quarters after random assignment in Rotz et al.
2017); covariates explain 20 percent of the variation in outcomes; alpha level 0.05, two-sided test, 80 percent power.

Even with substantial drops in the sample that could be caused by grantees having fewer
apprentices than they targeted—perhaps as a result of the COVID-19 pandemic and its effects on
the economy—and some states and community colleges not agreeing to provide the necessary
PII, the MDlIs at the group and aggregate levels would still be much lower than $1,460, the
estimated impact of registered apprenticeships on quarterly earnings at the ninth quarter after
enrollment found in Reed and colleagues (2012).

Table 6
Minimum Detectable Impacts for Impact of Registered Apprenticeship

. Average quarterly earnings Employment
) Sample size (MDI) (MDI; percentage points)
(apprentice and comparison group each)
37,175 (target, average across three groups) $81 1.2 pp.
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45,000 $73 1.1 pp.
18,000 $116 1.7 pp.
12,392 (target, single comparison group) $140 2.1 pp.

Source: Authors’ calculations.

Notes: Assumptions include equal sample sizes between apprentice group and comparison group; $3,102 standard deviation of earnings (based
on Workforce Investment Act [WIA] core services group in the 9th and 10th quarters after random assignment, personal communication from
Dana Rotz); 70 percent employment rate for comparison group (based on employment rate of WIA core services group in the 9th and 10th
months after random assignment in Rotz et al. 2017); covariates explain 20 percent of the variation in outcomes; alpha level 0.05, two-sided test,
80 percent power.

Next, we present the MDIs for the evaluation of registered apprenticeships in table 6. We make
the same assumptions as we do for unregistered apprenticeships. However, based on our
assumptions and grantee reports of target apprentices served, more apprentices will be served
through registered apprenticeships and unregistered apprenticeships, leading to the larger sample
size. The MDIs for registered apprentices are even smaller than those calculated for unregistered
apprenticeships (table 5). As such, there is ample power to detect impacts that are much smaller
than what have been found in the literature (for example, the impacts estimated in the Reed et
al.’s 2012 study are $1,460 higher quarterly earnings and 8.6 percentage points employment
increase for registered apprentices), even if there are substantial reductions in the sample size
from the most optimistic scenario.
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Item 6 — Analyses. Outline key models, plans for tabulation, coefficients, tables and descriptive
statistics. Outline methodological approaches for regressions and other analytical methods
selected by research question and hypothesis. Cite relevant literature for models used or
otherwise outline the basis for the specific analytic approach. Address any complex analytical
techniques that will be used. Describe how the data will be prepared and analyzed. Specify what
data will be removed from final reporting due to disclosure risks. Outline dummy variables,
coefficients or table cells that will be included in final public reporting (as well as those that may
be removed due to disclosure risk).

The parameter of interest for the impact estimation is the average treatment effect on the treated
(ATT). That is, we are estimating the average difference between the apprentices’ outcomes and
what the apprentices’ outcomes would have been in the absence of the apprenticeship programs.’
We will estimate impacts separately for registered and unregistered apprenticeship programs.
Our primary estimation approach for both impact estimations will be inverse probability
weighting (Chesnaye et al. 2022; Horvitz and Thompson 1952), but we will examine whether the
impact estimates are robust to using methods that match on the propensity score instead. We
discuss two key features of the impact analysis: (1) estimating the propensity score and (2) using
the propensity score to estimate impacts.

Estimating the Propensity Score

The propensity score is the predicted probability of being in the treatment group, conditional on
preprogram characteristics (Rosenbaum and Rubin 1983; Dehejia and Wahba 1999, 2002). To
estimate the propensity score, researchers often estimate a regression, where the outcome is the
treatment indicator, and the predictors are preprogram characteristics that influence outcomes
and program enrollment decisions. The predicted probability of treatment from this regression,
for each individual, is the propensity score.

One key concern regarding propensity score estimation is that the specification of the propensity
score model can influence the impact estimates (Drake 1993). A number of newer methods have
been suggested to select propensity score models based on the data, without overfitting. Our
main approach to estimating the propensity score will be the generalized boosted regression,
which is a procedure based on logistic regression that searches over a core set of provided
covariates to create new partitions and interactions that most predict participation (McCaffrey et
al. 2004), with out-of-sample predictions used to prevent overfitting. We will also use least
absolute shrinkage and selection operator (LASSO) linear probability regression models that
search over a large set of covariates to identify those that best predict participation, subject to a
regression penalty for overfitting (Tibshirani 1996). Finally, we will also use simple logistic
regression as a baseline strategy for comparison. We will estimate separate propensity score

? We focus on estimating the partial equilibrium effect of registered apprenticeship, holding other effects of
apprenticeship on labor market dynamics constant. General—as opposed to partial—equilibrium effects would
account for the (assumed) downward effect on the price of the apprentices’ skills generated by the increased supply
of apprentices with these skills, among other factors. We do not plan to estimate general equilibrium effects.
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models (and impacts) for groups 1, 2, and 3 because their populations and program services
could differ, leading to different program effects.

Although generalized boosted regression generates and includes interactions and higher-order
terms based on an algorithm, the LASSO selects among variables identified by the study team,
and the logistic model uses the full set of variables. For the logistic model, we will use the main
covariates associated with assignment to treatment discussed in table 3, with a cubic
specification for preprogram earnings. For the LASSO, we will specify this same set of
variables, K. Once the LASSO selects covariates from this set, J, a second LASSO specification
will include both J and the interactions between J and K.

To ensure that the selection of a propensity score modeling approach is not influenced by the
impact estimates they lead to, we will select an estimation approach through empirical exercises
on the data before they are linked to the NDNH outcome data (although we will use NDNH
preprogram data for the exercise).

The literature suggests that comparison and treatment groups should be selected within the same
local areas because the availability of services and labor market conditions vary geographically
(Glazerman, Levy, and Meyers 2003; Heckman, Ichimura, and Todd 1997; Heckman et al.
1998). At the same time, we are concerned that estimating separate models by local area will
lead to model overfitting and instability because some programs may not have large apprentice
samples (and this approach could be expensive to implement). To balance these objectives, our
plan is to estimate a unified model across grantees within states, where the models include both
demographic and county-level variables. We will then use the estimated propensity scores to
identify comparison groups within the same local areas and to also compare their quality to those
obtained across areas. Because of larger potential comparison groups, it might be the case that
the weighting across area yields more balanced comparison groups on demographic and
employment history variables at the expense of balance on the county variables. On the other
hand, available comparison group samples might be sufficient to generate high quality within-
area weighting (the preferred approach).

We will base the selection of the propensity score model on how well it generates treatment and
comparison samples that are balanced on preprogram characteristics. We will focus on the
standardized difference in each characteristic (that is, the effect size), but also present two-tailed
p-values resulting from #-tests. '© The four summative measures across characteristics will be:

1. Average absolute value of the standardized differences: provides an overall sense of
balance.

10'We acknowledge that the #-test may not be the best measure of similarity due to statistical significance being
directly tied to sample size (Imbens and Rubin 2015), but we include it for its familiarity.
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2. Share with an absolute value of the effect size greater than 0.25 standard deviations: a
relevant threshold for the CLEAR standards.

3. Share with an absolute value of the effect size greater than 0.10 standard deviations:
generates a higher standard for identifying credible matches than the 0.25 threshold.

4. Share of characteristics with p-value less than 0.05: provides a traditional sense of
statistically-significance differences.

Using the Propensity Score to Estimate Impacts

After selecting the propensity score estimator that generates the greatest balance between the
apprentice and comparison group, we will use the estimated propensity scores to estimate
impacts. We propose the inverse probability weighted (IPW) estimator as our main approach
because it can make use of a larger sample and thus is generally more precise than a matching
estimator. Indeed, Hirano, Imbens, and Ridder (2003) show that IPW can reach the theoretical
efficiency bounds identified by Hahn (1998), and this is confirmed in practice by the improved
precision that is demonstrated by the empirical Monte Carlo studies—particularly when overlap
of the propensity score is considerable. Under our main approach, we will first trim the sample to
protect against the influence of scores at extreme values. Specifically, we will implement the
approach suggested by Crump et al. (2009) whose study suggests dropping all units with
propensity scores below 0.1 and above 0.9 as a selection rule.

Next, we will generate weights, equal to one for all apprentices and equal to a scaled version of
p;/(1 — p;) for the comparison group, where p; is the estimated propensity score. For within-
area analyses, the propensity score model is still estimated across areas, but the comparison
group weights are adjusted to sum to a constant within each local area.

Finally, we will estimate impacts using weighted least squares, and use generalized method of
moments (GMM) to account for estimation error in the propensity score (Abadie and Imbens
2016). That is, once the generalized boosted regression or LASSO procedure selects a propensity
score model that generates the greatest balance, we will estimate that propensity score model
jointly with the impact model. This allows the estimated standard errors of the impact estimates
to account for the estimation error in the propensity scores, but not the estimation error
associated with selecting the propensity score model itself. We will generate doubly robust
impact estimates by including the background characteristics described above in the impact
model to account for the remaining differences between the apprentice group and comparison
group, and to account for variation in the outcome (Bang and Robins 2005).

We might expect that program effects could vary across groups 1, 2, and 3 due to differences in
background characteristics, prior work experience, and service needs. Further, the received
service contrasts between the treatment and comparison groups could also differ across the
groups—such as the type of occupational training, the duration of program participation, and the
balance of educational or instructional training versus OJT. Therefore, we will present the
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impacts for each group separately. We will also construct an average impact using the number of
apprentices in each stratum as a weight. We will use the number of apprentices in the stratum
sample as the weight because doing so approximates the impact we would have estimated if all
apprentices were in one group, rather than three separate groups.

We will attempt to generate the strata to be independent (that is, no apprentices or comparison
group members will be in multiple strata), and thus will not need to account for correlation in the
impact estimates when calculating the standard error of the average estimate. If we are unable to
do so, however, we will use generalized method of moments in estimating the average impact
estimate, which allows to account for the correlation induced by having overlapping samples
when estimating the standard error of the average impact. Finally, we will also compare the
impacts for these three groups to one another as part of the subgroup analysis, although power
may be limited for these analyses. For this reason, subgroup analyses may need to be interpreted
with caution.

Sensitivity Analysis

As discussed, IPW will be our main approach, largely due to statistical power gains relative to
other approaches. However, as a robustness check, we will examine the sensitivity of the impact
estimates to two approaches to matching propensity scores: (1) nearest-neighbor one-to-one
match with replacement and (2) caliper matching.

Nearest-neighbor matching identifies a comparison group by selecting a single comparison
group member with the closest estimated propensity score for each apprentice. Each apprentice is
included with a weight of one and each selected comparison member is weighted by the number
of times they are selected. Weights for the comparison group are then normalized to sum to one
(Imbens 2015). It is considered the baseline approach because it is simple and has been shown to
have the smallest bias across a range of approaches. When implementing this strategy, we will
correct the standard errors for the estimation error that is introduced from the matching
procedure (Abadie and Imbens 2008), and from the estimation of the propensity score.

Caliper matching works by selecting all comparison group members within a given distance as
representing the comparison group for each apprentice. Comparisons of outcomes are then made
across the groups while modeling the influence of covariates (Imbens and Wooldridge 2009).
This is the primary strategy selected by Heinrich et al. (2013) when estimating the causal impact
of Workforce Investment Act (WIA) training and other workforce programs. The caliper is
measured by the log-odds ratio, which has the benefits of linearizing distance across the
distribution (Smith and Todd 2005), and weights are additively assigned to comparison group
members as their representative fraction when matched to each apprentice. Although there are
sophisticated options for selecting the caliper (Galdo, Smith, and Black 2008), we rely on the
suggestion of Lechner et al. (2011) of using the greatest distance in log-odds ratios of any of the
nearest-neighbor matches. Thus, for each apprentice, we will select all comparison group
members with propensity scores (in log odds) within the pre-specified bandwidth.
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Finally, to examine the degree of selection on observables that would be necessary to change the
conclusions of the impact estimates, we will formally assess sensitivity using the method
introduced by Rosenbaum (2002). This method allows one to assess selection in QEDs without
specifying a particular structure for the unknown selection parameter. We will use available
software packages to implement the analysis.

Subgroup Analysis

A key part of the evaluation will be to conduct analyses to examine what works and for whom.
This information is valuable for purposes of ongoing program improvement and targeting
services appropriately. To address these research questions, we will estimate impacts for
subgroups defined by key individual baseline characteristics and key program services received
by the apprentices.

Individual Baseline Characteristics
We will examine impacts on the following subgroups defined by individual and local area
characteristics:

e Underserved groups. The Scaling Apprenticeship and Closing the Skills Gap grants
place an emphasis on serving populations that have been traditionally underrepresented in
apprenticeship programs, such as veterans, individuals with disabilities, women, people
of color, and ex-offenders. All these characteristics are available in the WIPS data and
many will generally exist in community college data as well.

e Age. The effects of apprenticeships may differ by age for a number of reasons. Younger
workers typically have less work experience than older ones and may have fewer skills.
At the same time, younger individuals may be more eager to seek additional education
and training services and have a longer time horizon to benefit from program services.
We will estimate impacts for those younger than 23, those that are 23 to 30 years old, and
those that are older than 30.

e Education level. Apprentices with different preprogram education levels may benefit
differently from the programs because of varying skills and job readiness. We will
estimate impacts for those with a high school credential or less, as well as those with any
postsecondary education.

¢ Recent employment experience. Job readiness, marketability, and motivation to work
may be greater for those who worked near the time of entry than for those with less labor
market involvement, suggesting that program impacts could differ based on recent
employment experiences. We will estimate impacts for those never employed in the prior
three quarters, versus those who worked in any of the previous three quarters.
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e The local unemployment rate. Job opportunities for apprentices may be greater in local
areas with lower unemployment rates than higher rates. However, the same may be true
for the comparison group members. Thus, an important empirical question is whether a
stronger economy is associated with larger or smaller effects of program participation.

We will estimate impacts for these subgroups by modifying the IPW estimation approach to
include terms formed by interacting subgroup indicators with the treatment status indicator in the
outcome model, and using F-tests to assess whether differences in impacts across subgroup
levels are statistically significant. For example, to assess whether impacts are larger for
apprentices older than age 30, we will interact this indicator with the treatment status indicator
and include it as a covariate in the regression models.

Services Received by the Apprentices

We will explore collecting management information system data from the grantees on program
services received by their participants. If these data are available, of sufficiently high quality, and
collected somewhat consistently across grantees, we can create indicators of key dimensions of
service receipt for apprentices in the study sample. We could then estimate subgroup impacts by
comparing the outcomes of apprentices who received a particular array of services to those of
their comparison group.

Service indicators could measure occupation, time spent in the program, service mix
environment (for example, classroom or OJT), and the receipt of supportive or case management
services in addition to occupational training. We will explore using cluster analysis to group
program features that are correlated with each other to reduce the dimensionality of the subgroup
analysis that, if successful, can help improve the interpretation of the findings. In standard
subgroup analyses, researchers examine each subgroup in isolation without regard to the other
subgroups. But these analyses can be difficult to interpret if the subgroups are related to each
other, and they can also suffer from the multiple comparisons problem, where the chances of
finding spurious significant subgroup effects increase substantially when many hypothesis tests
are conducted across many subgroups. For example, apprentices might stay longer in
occupations that require more extensive training. Cluster analysis can help address these issues
by using statistical algorithms to form “clusters” or “typologies” that group together similar
variables. In essence, the cluster analysis forms groups so that the “distance” between the
variables within the clusters is much smaller than between the clusters. If the formed clusters
have policy relevance, this approach can lead to more focused and rigorous subgroup analyses.
We will discuss with DOL and the technical working group (TWG) the choice of program
features to enter the cluster routines (which could also include demographic variables), and the
promise of this approach using the resulting typologies formed by the cluster routines. For the
WIPS sample, we will link apprentices to specific programs using the grantee identifier, variable
“Grantee ID,” in WIPS. If these data are missing for many grantees, we can link an apprentice to
the nearest grantee in their county of residence. Linkages will be straightforward for the samples
obtained using community college data.
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To obtain weights for [IPW estimation for these subgroup analyses, we will estimate separate
propensity score models for each service group, where the dependent variable will be “1” for
apprentices who received a particular service and “0” for all comparisons. This approach will
generate a new set of weights for each service group analysis. A simpler approach will be to use
nearest-neighbor matching, where treatments in a service category are compared with their
matched comparison group members. We will assess the merits of both approaches using the
data.

We will interpret the impact estimates for subgroups defined by service receipt with greater
caution and caveats than the main impacts estimates and the estimates for other subgroups
because there is an additional, unobserved selection mechanism for certain aspects of service
receipt. For example, even conditional on being hired as an apprentice, those apprentices that
spend a longer time in the program may be more motivated or have higher noncognitive skills
than those who exit earlier (Heckman and Rubinstein 2001), and we do not have additional
baseline characteristics to account for these differences.

Interpretation of Findings

We will report the regression-adjusted mean differences between the treatment and comparison
groups and impact estimates with standard errors. We will also conduct a statistical significance
test at the 0.05 level to evaluate the impact estimates. For transparency, we will report p-values
rather than simply indicating if an estimate was statistically significant at the 0.05 level. In the
presentation of our findings, we will prioritize the primary research questions and describe
exploratory or secondary analyses as suggestive. We will provide a comprehensive interpretation
of our findings, including a detailed discussion about the similarities and differences in services
received by apprentices and comparison groups.

In our public reports, we will consolidate the summary statistics and avoid including small cell
sizes that could potentially reveal identifiable participant information. However, apart from this,
we do not foresee any exclusion or removal of data based on the risk of disclosure.
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Item 7 — Expert and stakeholder inputs. Include a description of a process for soliciting input
and feedback through peer review, technical working groups, and/or other consultation from
independent, unbiased experts.

The impact study has been and will be informed by input and feedback from independent,
unbiased experts in the subject matter of the study (apprenticeship training) and in experimental
and nonexperimental impact study methods. Methods for gathering expert and stakeholder
feedback include the project’s TWG; review of study publications by stakeholders in the CEO
and the Employment and Training Administration; and review by Urban Institute experts outside
of the project team.

The Apprenticeship Evidence-Building Portfolio project organized a TWG in May 2020 to
provide feedback on all aspects of the evaluation, including the final version of this Evaluation
Design Plan. The TWG includes the following five individuals who have a wide variety of skills
and backgrounds useful for providing input to the study in the areas discussed above.

1. Susan Helper, Professor of Economics, Case Western Reserve University,'! with relevant
expertise in apprenticeship and workforce development. Dr. Helper is an expert on the
globalization of supply chains and on how U.S. manufacturing might be revitalized. She
was formerly Chief Economist at the U.S. Department of Commerce and a member of the
White House Staff. Having written on the subject, Dr. Helper will bring to the study the
business perspective of the benefits and costs of apprenticeships.

2. Chris Magyar, Chief Apprenticeship Officer, Techtonic,'? with relevant expertise in
apprenticeship/workforce development. Mr. Magyar is responsible for the overall
operations and strategy of the Techtonic Apprenticeship Program. In 2016, Techtonic
launched its apprenticeship and became the first company in the State of Colorado (and
one of the first in the country) to establish a DOL-registered apprenticeship for software
development. Mr. Magyar’s employer perspective will be valuable to the study.

3. Mary Alice McCarthy, Director of the Center on Education and Skills, New America, '
with relevant expertise in apprenticeship/workforce development and implementation
evaluation. Dr. McCarthy is an expert in higher education, workforce development, and
job training policies. She also has expertise in providing technical assistance having led
technical assistance initiatives in career pathways, credentialing, and competency-based
education. She formerly worked at DOL and the Department of Education. She also
wrote policy guidance on credentialing and career pathways and supported the Trade
Adjustment Assistance Community College and Career Training (TAACCCT) and
Workforce Innovation Fund grant programs. Her experience could play an important role
in the implementation evaluation and understanding of the findings.

' For more information on Susan Helper, see https:/faculty.weatherhead.case.edu/helper/.
12 For more information on Chris Magyar, see https://www.air.org/experts/person/chris-magyar.
13 For more information on Mary Alice McCarthy, see https://www.newamerica.org/our-people/mary-alice-

mccarthy/.
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4. Ron Painter, CEO, National Association of Workforce Boards,'* with relevant experience
in apprenticeship/workforce development. Mr. Painter is an expert in workforce
development programs and would bring his practitioner perspective to the study. Prior to
the NAWB, he was the founding CEO of the Three Rivers Workforce Investment Board
in Pittsburgh. His background and contacts with community colleges, Workforce
Investment Boards, and employers could play an important role in the implementation
evaluation and understanding of the findings.

5. Jeffrey Smith, Professor of Economics and Applied Econometrics, University of
Wisconsin-Madison, "> with relevant experience in impact evaluation. Dr. Smith is a
recognized expert in experimental and nonexperimental methods for the evaluation of
interventions. Over his career, he has consulted with governments in the U.S., Canada,
the U.K., and Australia on evaluation issues. Dr. Smith is particularly well positioned to
advise on creative design strategies to overcome common evaluation challenges.

The responsibilities of the TWG include reading study design reports for the Apprenticeship
Evidence-Building Portfolio and providing written and oral commentary and criticism of the
team’s design. The mix of subject matter and methodological experts on the TWG helps to
ensure that all dimensions of study design are considered. In the initial meeting of the TWG on
the impact study design, members provided feedback related to the importance of a rigorous
counterfactual for the matching design and key variables for baseline balance. TWG members
also emphasized the importance of learning about the impacts of unregistered apprenticeships
and apprenticeships in nontraditional occupations. All study design reports will be revised in
response to TWG member comments.

Although the TWG’s purpose is to review design plans and decisions, other reviewers external to
the study team will provide comments on study publications. These external reviewers will
ensure that all study publications are rigorous and present results in a way that is consistent with
the evidence. Similar to the TWG, external reviewers will bring substantive and methodological
expertise. Two types of external reviewers will review and comment on all study publications.
First, staff from the CEO and the Employment and Training Administration will provide several
rounds of review, until a research product is determined to be of publishable quality by the COR.
Second, the Urban Institute has a policy of engaging colleagues external to the project to provide
peer review for all publications.

14 For more information on Ron Painter, see https://www.linkedin.com/in/ron-painter-aa70055/.
15 For more information on Jeffrey Smith, see https://econ.wisc.edu/staff/smith-jeffrey/.
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Item 8 — Timelines, Challenges, and Changes. Indicate where, when, and how data will be
collected. Include, clear timelines and plans for releasing findings to relevant stakeholders and
specify how departures from the plan, including changes related to timelines and methodological

decisions, will be documented. Outline potential vulnerabilities to the timeline related to data

collection or access and plans to mitigate risks. Provide the time schedule for the entire project,
including beginning and ending dates of the collection of information, completion of the report,

publication dates, and other actions.

Table 6 displays a potential timeline for this impact evaluation of registered and unregistered
apprenticeships. The dates to accomplish key data collection and analysis tasks were built to
generate a final report with impact estimates by the end of the project timeline in Fall 2025.

Table 6

Ilustrative Project Schedule for Scaling Apprenticeship and Closing the Skills Gap Impact Study

Task/Activity Period

Study Design

Technical working group meeting May 2020

Final design report November 2020
OMBY/IRB approval Fall 2020

Data Collection Agreements
WIPS data use agreement

NDNH agreement

Data use agreements with grantees, states, and community
colleges

Data Requests/Collection
WIPS PY 2019, 2020, 2021, and 2022 data files

Data from grantees

Data from community colleges
SSNs from states
Preprogram earnings

Follow-up earnings

Data Analysis
Impact analysis with NDNH analysis file

Reporting/Dissemination
Final Report Draft

Final Report Final
Briefs and briefings

October 2020-December 2020
October 2020—January 2021

October 2020-March 2021

January 2021, July 2021, July 2022, July 2023, or
quarterly extracts if feasible

March 2021, September 2021, September 2022,
September 2023, or more frequently if quarterly
extracts from WIPS are available

June 2021, June 2022, June 2023

July 2021, July 2022, July 2023

August 2021, August 2022, August 2023

August 2022, August 2023, January 2024, January 2025

January 2025-May 2025

June 2025
September 2025
July 2025-September 2025

Source: Authors.

Item 9 — Other relevant information. Include any other information relevant to supporting the

transparency and reproducibility of the study.
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The Urban Institute and Mathematica study team keep a detailed accounting of all data collected
and analyzed for the study to ensure transparency. This record-keeping includes data dictionaries
provided by community college systems, public workforce agencies, and grantees, as well as
statistical code used to clean and analyze the data. Much of this information will be included in a
methodological appendix or section of the final impact study report, and all can be made
available on request.

The study team cannot provide data files for reproduction because the data-sharing agreements
established with community colleges and grantees do not allow the publication or distribution of
the data. However, the study team can facilitate any effort to obtain this data and reproduce the
study through a detailed description of the study data and data cleaning procedure.
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