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OVERVIEW 

INTRODUCTION 

The purpose of the Health Profession Opportunity Grants (HPOG) Program is to provide 
education and training to Temporary Assistance for Needy Families (TANF) recipients and other 
low-income individuals “for occupations in the healthcare field that pay well and are expected to 
either experience labor shortages or be in high demand.”1

1  https://ami.grantsolutions.gov/?switch=foa&fon=HHS-2015-ACF-OFA-FX-0951

 HPOG grantees design and 
implement local programs to provide eligible participants with education, occupational training, 
and support and employment services to help them train for and find jobs in a variety of 
healthcare professions. A National Evaluation of the 27 non-tribal grantees awarded in 2015 as 
part of the second round of HPOG (HPOG 2.0) is currently underway. The National Evaluation 
includes a Descriptive Evaluation of the implementation, outcomes, and local service delivery 
systems; an Impact Evaluation of the program’s impacts on participants; and a Cost-Benefit 
Study. Klerman, Judkins, and Locke (2019) outline the overall design of the Impact Evaluation. 
The evaluation will produce a set of three reports, focusing on increasingly longer follow-up 
periods. This Analysis Plan concerns the first of these reports, focusing on the short-term impact 
of the HPOG 2.0 grants. 

The key research questions for the Impact Evaluation concern the impact of HPOG 2.0 on 
participants relative to what their outcomes would have been without the program. The Impact 
Evaluation will also consider how those impacts vary with individual and local program 
characteristics. Together these results will be informative both about the impact of the HPOG 
2.0 Program as implemented and about broader issues in the design and operation of job 
training programs.  

This report provides additional details of questions that were left open in the overall design plan. 
It has a primary focus on the operationalization of outcome measures and provides key details 
of the methods to be used in this work. 

PRIMARY RESEARCH QUESTIONS 

The Impact Evaluation’s major research questions can be summarized as: 

• What is the impact of an offer of an HPOG 2.0 slot on participants’ receipt of training and 
support services, earnings, and broader measures of well-being? 

• How does the impact of an offer of an HPOG 2.0 slot on participants vary with baseline 
characteristics and local program characteristics? 

PURPOSE 

This Analysis Plan describes the methodology for answering the study’s key research questions 
in subsequent impact reports. It will serve as a guide for the statistical and programming staff 
conducting the analyses. The document will also improve the transparency and replicability of 

                                                      

https://ami.grantsolutions.gov/?switch=foa&fon=HHS-2015-ACF-OFA-FX-0951
https://ami.grantsolutions.gov/?switch=foa&fon=HHS-2015-ACF-OFA-FX-0951
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study findings by committing the project team to make consequential decisions prior to 
inspecting estimates of program effects.  

KEY HIGHLIGHTS 

• The Impact Evaluation’s estimation of impact will build on random assignment conducted by 
all 27 non-tribal HPOG 2.0 grantees.  

• The plan describes the outcomes that will be examined for program impact; how these 
outcomes will be measured; how differences between the treatment and control groups will 
be adjusted for chance baseline imbalances between the groups, for survey nonresponse, 
for incomplete administrative records, and for survey item nonresponse; and how impacts on 
multiple outcomes will be prioritized in the summary of program effectiveness.  

• It also provides a draft outline for the Short-Term Impact Report (STIR) and a schedule for 
all three planned reports.  

METHODS 

The Impact Evaluation builds on the random assignment implemented by the grantees, under 
the guidance of the evaluation team. Eligible applicants are being assigned randomly either to a 
treatment group that is offered HPOG training and services or to a control group that does not 
have access to HPOG during the study period. Data sources will include baseline data collected 
about participants at study enrollment; short- and intermediate-term follow-up participant 
surveys initiated about 15 and 36 months after random assignment; and national administrative 
data on participants’ employment and earnings and their educational enrollment and degree 
receipt. 

The Impact Evaluation will generate a STIR (including the 15-month survey and administrative 
data results), an Intermediate-Term Impact Report (including the 36-month survey and 
administrative data results), and a Longer-Term Impact Report (administrative data only). While 
each report will focus on estimating the impact of the HPOG 2.0 funding stream, all three 
documents will include program-specific impact estimates for local programs as well. 

GLOSSARY 

• Career pathways: a framework for occupational training that combines education, training, 
and support services that align with the skill demands of local economies and help 
individuals to enter or advance within a specific occupation or occupational cluster 

• HPOG or HPOG Program: the national Health Profession Opportunity Grants initiative, 
including all grantees and their local programs 

• HPOG grantee: the entity receiving an HPOG grant and responsible for funding and 
overseeing one or more local programs 

• HPOG (local) program: a unique set of services, training courses, and personnel; a single 
grantee may fund one or more programs 

• HPOG partners: other organizations directly involved in the operations of an HPOG program  
• HPOG program participants: enrollees in education and training programs and related 

services supported by HPOG grants 
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EXECUTIVE SUMMARY 

The Health Profession Opportunity Grants (HPOG) Program is administered by the Office of 
Family Assistance (OFA) within the Administration for Children and Families (ACF) of the U.S. 
Department of Health and Human Services. The purpose of HPOG is to provide education and 
training to Temporary Assistance for Needy Families (TANF) recipients and other low-income 
individuals for “occupations in the healthcare field that pay well and are expected to either 
experience labor shortages or be in high demand.”1

1  https://ami.grantsolutions.gov/?switch=foa&fon=HHS-2015-ACF-OFA-FX-0951

HPOG grantees design and implement 
programs to provide eligible participants with education, occupational training, and support and 
employment services to help them train for and find jobs in a variety of healthcare professions.  

Following on a first, now concluded cohort of grantees funded in 2010 (HPOG 1.0), ACF funded 
a second round of HPOG grants (HPOG 2.0) in 2015. Five grants were awarded to tribal-
affiliated organizations, and 27 non-tribal grants were awarded to a variety of entities including 
government agencies, community-based organizations, and postsecondary educational 
institutions.  

ACF’s Office of Planning, Research, and Evaluation (OPRE) awarded a contract to Abt 
Associates and its partners the Urban Institute, MEF Associates, NORC at the University of 
Chicago, and Insight Policy Research to conduct the National and Tribal Evaluation of the 
2nd Generation of Health Profession Opportunity Grants (HPOG 2.0). The evaluation is part 
of a larger portfolio of OPRE-funded research on the HPOG Program.2

2  See: https://www.acf.hhs.gov/opre/research/project/evaluation-portfolio-for-the-health-profession-
opportunity-grants-hpog. 

 Abt and its partners are 
conducting separate, coordinated evaluations of the five tribal grants (the Tribal Evaluation) and 
the 27 non-tribal grants (the National Evaluation).3

3  The five tribal grantees are participating in a separate HPOG 2.0 Tribal Evaluation that will assess the 
implementation and outcomes of the tribal grants. The HPOG 2.0 Tribal Evaluation will not include an 
impact evaluation. 

This Analysis Plan is for the first HPOG 2.0 National Evaluation Impact report, primarily focusing 
on the first 15 months after random assignment. This is a supplement to the National 
Evaluation’s Impact Evaluation Design Plan, or IEDP (Klerman, Judkins, and Locke, 2019), 
which provided general plans for the impact evaluation of HPOG 2.0. This Analysis Plan will 
serve as a guide for the statistical and programming staff conducting the analyses. It also will 
improve the transparency and replicability of study findings by committing the project staff to 
make consequential decisions prior to inspecting estimates of program impacts. The plan 
describes the outcomes that will be examined for program impact; how these outcomes will be 
measured; how differences between the treatment and control groups will be adjusted for 
chance baseline imbalances between the groups, for survey nonresponse, for incomplete 
administrative records, and for survey item nonresponse; and how impacts on multiple 
outcomes will be prioritized in the summary of program effectiveness. 

                                                      

https://ami.grantsolutions.gov/?switch=foa&fon=HHS-2015-ACF-OFA-FX-0951
https://ami.grantsolutions.gov/?switch=foa&fon=HHS-2015-ACF-OFA-FX-0951
https://www.acf.hhs.gov/opre/research/project/evaluation-portfolio-for-the-health-profession-opportunity-grants-hpog
https://www.acf.hhs.gov/opre/research/project/evaluation-portfolio-for-the-health-profession-opportunity-grants-hpog
https://www.acf.hhs.gov/opre/research/project/evaluation-portfolio-for-the-health-profession-opportunity-grants-hpog
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Subsequent analysis plans corresponding to the HPOG 2.0 Intermediate-Term Impact Report and the 
HPOG 2.0 Longer-Term Impact Report will further refine the specification for new issues arising in those 
reports. 

OUTCOMES 

This Analysis Plan names one confirmatory outcome for the STIR, ten secondary outcomes, 
and several dozen exploratory outcomes. This classification of hypotheses as confirmatory, 
secondary, and exploratory will be reflected in the way we write reports. The classification is 
designed to prevent over-interpretation of chance results, something variously called p-hacking, 
fishing, or cherry-picking. In order for the classification of hypotheses to effectively serve this 
objective, we must maintain a strict discipline about the attention we draw both to null findings 
and to significant findings across the hypothesis classes. Specifically, we must be prepared to 
give greater salience to a null finding on a confirmatory hypothesis than to a significant finding 
on a secondary hypothesis.  

REGRESSION COVARIATES 

The simple difference in mean outcomes between the treatment and control groups would be an 
unbiased and consistent estimate of a local HPOG program’s impact. Following standard 
practice, however, we will estimate the “intent-to-treat” impact

4  “Intent-to-treat” denotes the impact of offering the treatment group access to the local HPOG program 
(whether they participate or not). It is commonly referred to as ITT. A common alternate known as 
“treatment on the treated” or TOT denotes the impact group members actually participating in the program. 

4 using weighted linear regression 
models. (We include weights to partially adjust for differential survey nonresponse.) In general, 
such regression adjustment leads to at least moderately more precise estimates. However, such 
regression adjustment can lead to difficulties with variance estimation. Based on analyses of 
follow-up data collected to evaluate HPOG 1.0, this report names a small number of covariates 
to be used in the regression adjustment of estimated impacts. By using a totally separate data 
source to guide the selection, certain problems with variance estimation are avoided. 

SUBGROUPS 

The very large sample size for evaluation of HPOG 2.0 will allow the estimation of separate 
impact estimates for different subgroups such as men and women. However, even with this very 
large sample size, examining a large number of subgroups is likely to lead to excess false 
discoveries. To try to reduce the number of such discoveries, we have pre-specified a modest 
number of subgroups and undertaken to highlight results only when the evidence of effect 
heterogeneity is strong. 

HANDLING NONRESPONSE 

As discussed in the IEDP, missing data will arise from four sources: 

1. Item nonresponse in baseline data 
2. Unit nonresponse at follow-up (where people are not interviewed)  
3. Item nonresponse at follow-up 
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4. Matching errors with National Directory of New Hires data  

Chapter 4 of this Analysis Plan provides detailed plans for handling each type. 

VARIANCE ESTIMATION PROCEDURES 

We plan two types of pooled analyses of the overall effect of the HPOG 2.0 grants. One 
analysis will be retrospective; the other will be prospective. The two analyses correspond to 
different research questions.  

• The retrospective analysis addresses the research question, What was the average 
impact of the local programs implemented by the HPOG 2.0 grantees? This is a 
retrospective research question because it asks about the impact for the specific grantees 
selected in the past. 

• The prospective analysis addresses the related, but different research question, What 
would be the average impact of the local programs implemented by grantees if there was 
another round of HPOG or some similar large national grants program? This is a prospective 
research question because it asks about the impact for grantees that might be selected in 
the future.  

Both research questions—and therefore both analyses—are of interest, but require different 
approaches to variance estimation. Chapter 5 of this Analysis Plan provides detailed plans for 
conducting each type of analysis. 

ESTIMATION OF EFFECTS OF INDIVIDUAL LOCAL PROGRAMS 

Almost all of the discussion in this Analysis Plan considers how we will estimate the impact of 
the HPOG 2.0 funding stream. There is also interest in the impacts of individual local programs. 
Unfortunately, most programs serve too few students to support local evaluations with sufficient 
precision to be useful. Unbiased estimates of local effects can be produced with very small 
sample sizes, but if the power is not adequate to detect effects of interest, then local evaluations 
can easily lead to a false conclusion that a program was ineffective. Bayesian methods offer a 
possible approach to this challenge. Chapter 6 provides preliminary thinking of how to do this. 
Additional details remain to be worked out. Once resolved, details will be provided in one of the 
technical appendices to the STIR. 
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INTRODUCTION AND DESIGN 

This document—Analysis Plan for the HPOG 2.0 National Evaluation Short-Term Impact 
Report—is a technical supplement to the Impact Evaluation Design Plan for the HPOG 2.0 
National Evaluation, or IEDP (Klerman, Judkins, and Locke 2019).6

6  https://www.acf.hhs.gov/sites/default/files/opre/hpog_2_iedp_main_report_final_8_14_19_508.pdf

 The Analysis Plan provides 
details on six issues that were left open in the IEDP, as well as provides additional detail on the 
plan to estimate local program effects for each of the programs in the evaluation. It also updates 
the draft Final Report outline and report schedule from the IEDP.  

This document provides a brief overview of the IEDP, but it builds on the IEDP and in some 
places refers the reader back to it. In moving beyond the IEDP, we have based some of our 
decisions on analyses of data collected for the evaluation of a prior round of HPOG awards 
(HPOG 1.0) and a related evaluation called the Pathways for Advancing Careers and Education 
(PACE) Study.7

7  For more information on these parallel evaluations, see 
https://www.acf.hhs.gov/opre/research/project/career-pathways-research-portfolio  

OVERVIEW OF HPOG 2.0  

Launched in 2010, the Health Profession Opportunity Grants (HPOG) Program provides 
education and training to Temporary Assistance for Needy Families (TANF) recipients and other 
low-income individuals for “occupations in the healthcare field that pay well and are expected to 
either experience labor shortages or be in high demand.”8

8  https://ami.grantsolutions.gov/?switch=foa&fon=HHS-2015-ACF-OFA-FX-0951

 In 2010, Congress authorized funds 
to the U.S. Department of Health and Human Services for HPOG to be administered by the 
Office of Family Assistance (OFA) in the Administration for Children and Families (ACF).9

9  HPOG was authorized by the Affordable Care Act (ACA), Public Law 111-148, 124 Stat. 119, March 23, 
2010, sect. 5507(a), “Demonstration Projects to Provide Low-Income Individuals with Opportunities for 
Education, Training, and Career Advancement to Address Health Professions Workforce Needs,” adding 
sect. 2008(a) to the Social Security Act, 42 U.S.C. 1397g(a), and extended by the Bipartisan Budget Act of 
2018, Public Law 115-123, through fiscal year 2019. 

Following on a first, now concluded cohort of grants funded in 2010 (HPOG 1.0), Congress 
authorized funds for a second round of HPOG awards (HPOG 2.0). OFA used those funds to 
make 32 HPOG 2.0 awards. Five grants were awarded to tribal organizations, and the 
remaining 27 grants were awarded to a variety of non-tribal entities including government 
agencies, community-based organizations, and postsecondary educational institutions. 

The Funding Opportunity Announcement (FOA) for HPOG 2.0 stated that programs developed 
by grantees should:10

10  https://ami.grantsolutions.gov/?switch=foa&fon=HHS-2015-ACF-OFA-FX-0951

• Target skills and competencies demanded by the healthcare industry. 
• Support career pathways such as an articulated career ladder. 
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• Result in an employer or industry recognized credential (which can include a license, third-
party certification, postsecondary educational certificate or degree, as well as a Registered 
Apprenticeship certificate). 

• Combine supportive services with education and training services to help participants 
overcome barriers to employment as necessary.  

A major goal of HPOG 2.0 is to train low-income individuals through an approach consistent 
with a career pathways framework. As articulated by Fein (2012), the career pathways 
framework involves training opportunities that: 

• award clearly defined and industry-recognized credentials; 
• build to add higher competencies in a defined career path; 
• are flexibly delivered to accommodate nontraditional students; 
• are integrated with work-based learning opportunities (such as internships, externships, 

clinical placements); and 
• integrate varied supports aimed to ensure students’ program persistence, program 

completion, and subsequent workplace success.  

The HPOG 2.0 FOA emphasized the importance of career pathways by requiring that grant 
applicants describe specific career pathways to be offered by their program. HPOG 2.0 
programs are encouraged to assist participants in pursuing training along a career path, including 
(language is from the HPOG 2.0 FOA, p. 5): 

• Targeting the training offered to higher wage healthcare occupations so that, even if 
participants only complete one training program, it will be for a higher wage position. 

• Keeping participants engaged and helping them enroll in a second training step after 
completing an initial training. 

Evaluations of HPOG 2.0 are part of a diverse research portfolio that OPRE supports to assess 
the success of career pathways programs on participant educational attainment, employment, 
and earnings, for low-income individuals. The National Evaluation concerns the programs run by 
the 27 non-tribal grantees.11

11  The five Tribal grantees are participating in a separate HPOG 2.0 Tribal Evaluation to assess the 
implementation and outcomes of their programs. The HPOG 2.0 Tribal Evaluation does not include an 
impact evaluation. For additional information on the Tribal Evaluation, led by NORC at the University of 
Chicago under contract to Abt Associates, see https://www.acf.hhs.gov/opre/resource/health-profession-
opportunity-grants-hpog-20-tribal-evaluation-evaluation-plan. 

 These grantees operate 38 distinct local HPOG programs, with 
each program offering a locally designed set of services, training courses, and personnel. The 
IEDP contains further details including a list of grantees and training programs offered, a profile of 
people being served by HPOG 2.0, and more information on the theory of action of the 
interventions. 

                                                      

 

https://www.acf.hhs.gov/opre/resource/health-profession-opportunity-grants-hpog-20-tribal-evaluation-evaluation-plan
https://www.acf.hhs.gov/opre/resource/health-profession-opportunity-grants-hpog-20-tribal-evaluation-evaluation-plan


 

Abt Associates Analysis Plan for the HPOG 2.0 National Evaluation Short-Term Impact Report ▌pg. 3 

OVERVIEW OF THE IMPACT EVALUATION DESIGN PLAN  

The National Evaluation of HPOG 2.0 has multiple facets, including an Impact Evaluation, a 
Descriptive Evaluation, and a Cost-Benefit Study. The IEDP covers all three facets, but this 
Analysis Plan focuses on the Impact Evaluation.12

12  See https://www.acf.hhs.gov/opre/resource/descriptive-evaluation-design-report-for-the-national-and-tribal-
evaluation-of-hpog-20 for the Descriptive Evaluation design report and 
https://www.acf.hhs.gov/opre/resource/national-evaluation-second-generation-hpog-20-design-plan-cost-
benefit-analysis for the Cost-Benefit Study design plan. 

Within the parameters set forth by the FOA, grantees had considerable latitude in the design of 
their programs. The way the HPOG 2.0 Impact Evaluation handles the variety of programs 
funded by the grants is distinctive and important. First, the Impact Evaluation examines the 
impact of the HPOG funding stream as a whole: HPOG 2.0 funded a diverse group of programs, 
each implementing its own version of a sectoral and career pathways–based training. This is 
like the HPOG 1.0 Impact Study and Workforce Investment Act (WIA) Gold Standard Evaluation 
(McConnell et al. 2016) sponsored by the U.S. Department of Labor (DOL), but unlike other 
recent research that singles out “promising” program models such as WorkAdvance (Schaberg 
2017) or the previously mentioned PACE evaluations. Including all HPOG 2.0 grantees in the 
evaluation allows us to estimate an average impact across all of these diverse programs. A 
benefit of this blended evaluation approach is that it assesses whether the general HPOG 
model—across its many implementations—is effective in achieving its goals. This is the right 
research question for the corresponding prospective policy: Should we continue to fund HPOG? 

The core methodology for the Impact Evaluation is randomization of access to HPOG. After 
determining eligibility into the local HPOG program, all 27 grantees are conducting ongoing 
lotteries to decide which applicants can enter their programs. Among randomized applicants, 
two are granted program access for each one that is denied access. Those denied access serve 
as the control group for the Impact Evaluation. Not everyone granted access will actually avail 
themselves of the training opportunity. Those randomly assigned to the control group may 
access training and support services from other sources in the community, and many will do 
so,13

13  For example, in the evaluation of HPOG 1.0, as of 36 months after randomization, members of the control 
group had an average of 6.8 full-time-equivalent months of training. Some 63 percent had received some 
sort of new credential, and 23 percent had earned a college degree. 

 so the estimated impacts will not give the average returns to training versus no training. 
Rather, the estimated impacts will give the average returns to adding these HPOG 2.0 training 
programs with their associated support services to the existing mix of local training 
opportunities. No adjustments will be made for members of the treatment group who decline the 
proffered training (“no shows”) or for members of the control group who substitute the training 
proffered to members of the treatment group with some similar training. Estimated impacts of 
this type (with no adjustments or the just mentioned types) are known in the jargon of the field 
as “intent to treat” (ITT) estimates. 

For both the treatment group and the control group, the Impact Evaluation will measure—in the 
same way—the same set of outcomes: educational and occupational credentials, employment 
and earnings, public assistance receipt, and overall well-being. 

                                                      

https://www.acf.hhs.gov/opre/resource/descriptive-evaluation-design-report-for-the-national-and-tribal-evaluation-of-hpog-20
https://www.acf.hhs.gov/opre/resource/descriptive-evaluation-design-report-for-the-national-and-tribal-evaluation-of-hpog-20
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Data sources for the Impact Evaluation include a baseline survey, two rounds of follow-up 
surveys (starting at 15 and 36 months after random assignment, respectively), administrative 
data on earnings from the National Directory of New Hires (NDNH), and administrative data on 
college enrollment from the National Student Clearinghouse (NSC). Extensive detail on all these 
sources may be found in the IEDP.  

Three impact reports are planned, measuring impacts after different periods of elapsed time 
since random assignment. The Short-Term Impact Report (hereafter STIR) will focus on 
outcomes about 15 months after randomization and be released in late 2020 or early 2021. An 
Intermediate-Term Impact Report will focus on outcomes about 36 months after randomization 
and be released in 2021 or 2022. A Longer-Term Impact Report will focus on outcomes about 
six years after randomization and be released in 2024. Currently, follow-up surveys are planned 
to support the first two reports; the last report will be based only on administrative data. 

The STIR will provide estimates of the impacts of HPOG 2.0 in six broad domains: 

• Educational progress 
• Educational supports 
• Educational costs 
• Labor market (employment, earnings, job conditions, fringe benefits, orientation toward paid 

employment, self-assessed sense of career progress, etc.)  
• Skills (use of literacy, numeracy, and computer skills in everyday life) 
• Well-being (income, receipt of public assistance, food security, physical health, resilience to 

financial shocks, etc.) 

In addition, the STIR will report impacts for HPOG 2.0 on participant subgroups defined by 
demographics and baseline personal characteristics. The STIR will also include an appendix of 
program-specific impacts that will be prepared with Bayesian methods. (Chapter 7 contains a 
discussion of these methods.) The Intermediate-Term and Longer-Term Impact Reports will 
also examine how impacts vary by program features, but we will not cover that topic in the 
STIR.  

OPEN QUESTIONS IN THE IMPACT EVALUATION DESIGN PLAN, AND THE STRUCTURE OF THE 
BALANCE OF THIS ANALYSIS PLAN 

Section 4.3 of the IEDP left eight issues to be finalized. Six of these are pertinent to the STIR 
and are considered in this Analysis Plan:  

1. The definitions of outcomes and their allocation to confirmatory, secondary, or 
exploratory status; 

2. The list of impact regression covariates and their specification; 
3. The list of subgroups and their specification;14

14  The IEDP also mentions finalizing lists of program characteristics and labor economic conditions that would 
be used to explore cross-program variation in program effects. No such analyses will be in the STIR, so we 
are deferring exact specification of these lists to the Analysis Plan for the Intermediate-Term Impact Report. 
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4. Methods for handling all types of missing data, including the construction of survey 
nonresponse weights; 

5. Methods for variance estimation; and 
6. Bayesian methods for estimation of local effects of individual HPOG 2.0 programs.  

The remaining two issues may or may not eventually be addressed, depending on ongoing 
research and funding. One open issue concerns methodology for using student survey 
responses to questions on instructional practices to explore cross-program variation in program 
impacts. The evaluation team is currently conducting methods research on this issue. If we 
obtain favorable results from this methods research, then we will include detailed plans for it in 
the analysis plan for the Intermediate-Term Impact Report. The other open issue in the IEDP 
concerns methodology for using instrumental variables for estimating the differential impact of 
receipt of HPOG and non-HPOG training. It now appears that we will not pursue this topic 
further. 

The balance of this document is structured as follows. The next six chapters consider in turn 
each of these open questions from the IEDP. Our discussion is intentionally detailed and 
specific enough to avoid any possibility of making consequential decisions about analysis 
procedures later based on the data collected. That said, we also plan sensitivity analyses, and 
some findings are likely to lead to additional ad hoc analyses or even force us to make changes 
in analytic procedures in preparing the STIR. If so, we will note any major changes from this 
Analysis Plan in the text of the STIR and provide more thorough documentation of any changes 
and their rationale in its appendices.  

The final two chapters provide our current thinking as to the structure of the STIR and our 
timeline for producing it and the two subsequent reports. 
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1. FINALIZING OUTCOME DEFINITIONS AND STATUS 

The IEDP contains a large set of research questions, as reproduced in Exhibit 1-1. Estimating 
so many impacts creates a ‘multiple comparisons” problem.15

15  A single-hypothesis test traditionally rejects the null hypothesis of zero impact when true with .01, .05, or 
.10 probability. Even if all true impacts are zero (i.e., the training program has no true effect on any 
outcomes), as the number of hypothesis tests conducted increases (in particular here, the number of 
outcomes), the likelihood of finding at least one statistically significant effect (and therefore rejecting the 
null hypothesis of no impact) increases rapidly to well above the stated .01, .05, or .10 probability threshold 
for a single test. This multiple comparisons problem (Schochet 2008) can arise either when different 
outcomes are analyzed for a single study sample or when a single research question is examined across 
different subgroups. For more, see Section 3.1.5 of the IEDP. 

 Following emerging approaches 
to this multiple comparisons problem, we will distinguish categories of analyses.16

16  See Schochet (2008). He distinguishes between confirmatory and exploratory hypotheses. The evaluations 
of HPOG 1.0, HPOG 2.0, and PACE include an intermediate category referred to as “secondary hypotheses,” 
discussed below. For PACE, see Abt Associates (2014). 

 The first 
category involves tests of confirmatory hypotheses—analyses of the most critical impacts that 
programs seek to produce and for which findings carry the most consequence. Because these 
are the results most likely to inform consequential decisions such as expansion or termination of 
funding, there is increasing recognition that significance levels should be adjusted to account for 
multiple comparisons for such outcomes—preserving the low probability of false positive 
conclusions—so as to avoid using societal resources on ineffective programs.17

17  See, for example, Schochet (2008); Berger (2012); Gelman and Loken (2014). 

The second category covers non-confirmatory hypotheses—a broad category of analyses 
including impacts for a wide range of outcomes and subgroups where findings are less 
fundamental to the basic question of whether programs were successful. Views of the need for 
multiplicity adjustments in such analyses vary, and there is generally less of a premium on 
setting stringent statistical tolerance levels. In part, varying perspectives on exploratory 
analyses reflect the broad mix of research questions that may be treated as non-confirmatory.  

For HPOG 2.0 analyses, it will be useful to distinguish between two types of non-confirmatory 
analyses: tests of a limited number of secondary hypotheses connected to key assumptions in 
program logic models, and a larger number of exploratory hypotheses that are not connected 
to key assumptions or that involve alternate measurement strategies for confirmatory and 
secondary outcomes. An important distinction between secondary and exploratory analyses is 
that the set of exploratory hypotheses includes those for which the direction of impact is 
theoretically ambiguous. In contrast, in all secondary analyses, there should be a clear 
theoretical expectation for the direction of impact. For example, earnings during the second 
quarter following randomization could not be secondary because earnings are known to dip 
during training (Ashenfelter, 1978) and many trainings are expected to last at least six months. 

This classification of hypotheses as confirmatory, secondary, and exploratory will be reflected in 
the way we write reports. The classification is designed to prevent over-interpretation of chance 
results, something variously called p-hacking, fishing, or cherry-picking. In order for the 
classification of hypotheses to effectively serve this objective, we must maintain a strict 
discipline about the attention we draw both to null findings and to significant findings across the 
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hypothesis classes. Specifically, we must be prepared to give greater salience to a null finding 
on a confirmatory hypothesis than to a significant finding on a secondary hypothesis.  

Exhibit 1-1: Research Questions to Be Considered by the Impact Evaluation 
RQ1: Confirmatory for the study as a whole: What is the impact of an offer of an HPOG 2.0 slot on participant earnings? 

RQ1A:  Confirmatory for the Short-Term Impact Report: What is the impact of an offer of an HPOG 2.0 
slot on successful educational progress—defined as still in or completed an education or 
training program? 

RQ2: What is the impact of an offer of an HPOG 2.0 slot on receipt of training, financial assistance, child care and 
financial assistance for child care, and various forms of counseling? 

RQ3: What is the impact of an offer of an HPOG 2.0 slot on credentials earned—internal to an education or training 
program? On receipt of external credentials or certifications? 

RQ4: What is the impact of an offer of an HPOG 2.0 slot on participant employment, employment in a healthcare 
profession, hours of work, hours of work in a healthcare profession, receipt of employment benefits (e.g., health 
insurance, retirement, paid sick leave, paid vacation), and working conditions (e.g., shift work)? 

RQ5: What is the impact of an offer of an HPOG 2.0 slot on broader measures of well-being (e.g., household income, 
financial security, marital status, health)? 

RQ6: What is the impact of an offer of an HPOG 2.0 slot on career connectedness; that is, full-time combinations of 
education, training, and employment? 

RQ7: 
  

How does the impact of an offer of an HPOG 2.0 slot on key outcomes—educational progress, career 
connectedness, and earnings—vary with baseline (i.e., pre-randomization) characteristics of individuals, including 
gender, education, race/ethnicity, age, and receipt of public assistance? 

RQ8: For specific programs, what is the impact of an offer of an HPOG 2.0 slot on key outcomes of educational 
progress, connectedness, and earnings? 

RQ9: How does the impact of an offer of an HPOG 2.0 slot on key outcomes—educational progress, career 
connectedness , and earnings—vary with HPOG 2.0 local-program characteristics, including median starting wage 
of targeted professions and the quality of instruction? 

RQ10:
  

What is the impact of receipt of HPOG 2.0 (the combination of training and support services)—not merely the offer 
of an HPOG 2.0 slot—on earnings? How does that impact compare with the impact of receipt of non-HPOG 2.0 
training and support services on earnings?  

Note: RQ10 is not currently funded. 

On the other hand, reports can be much more compelling when the authors are allowed to 
weave together results from various hypotheses to fashion a coherent story. The authors of the 
HPOG 2.0 reports will need to strike a balance between mechanical reporting of results strictly 
by hypothesis category and a more integrated discussion. The authors will pay particular 
attention to this issue in executive summaries and press releases, because these formats have 
the broadest circulation. Row labels for confirmatory and secondary outcomes will be bolded to 
draw more attention to them. Table notes will indicate that stars and p-values for these bolded 
estimates are based on one-sided hypothesis tests, whereas all other stars and p-values are 
based on two-sided hypothesis tests. 

In the IEDP, we named a single confirmatory outcome and a variety of secondary and 
exploratory outcomes for the STIR. Since then, we have decided to add two additional 
secondary outcomes. The first of these is completion of at least six months of full-time-
equivalent training as of 15 months after randomization. Our rationale for adding this secondary 
outcome is that as of 36 months after randomization, the Impact Evaluation of HPOG 1.0 
showed strong effects on credential attainment but no effect on earnings (Peck et al., 2019). 
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One explanation is that most participants receive relatively short-term training (or multiple short-
term trainings) that have not led to higher earnings. The team believes that longer trainings are 
more common in HPOG 2.0 and that the samples are larger than HPOG 1.0 and CPIO. Results 
on this outcome may be an early indicator of the likelihood of earnings impacts at 36 months.18

18  See for example, Dadgar and Weiss (2012). 

The second additional secondary outcome is being career connected, meaning that the person 
is either employed or working toward that goal by engaging in training. Young people who are 
not career connected are sometimes referred to as “disconnected youth.”19

19  See for example, Loprest, Spaulding and Nightingale (2019). 

 Caring for children 
or other family members will not count as being career connected. This is consistent with the 
federal policy of the last 20+ years of not allowing low-income parents of young children to stay 
on TANF for long periods of time, but instead urging them to find employment.20

20  See for example, https://www.cbpp.org/research/family-income-support/chart-book-temporary-assistance-
for-needy-families.  

In this section, we give additional details about how we will measure these outcomes, with a 
particular focus on the timing of variables that can be measured at more than one point in time 
such as credential attainment as of a particular number of months past randomization. Exhibit 
1-2 lists the confirmatory and secondary outcomes for this report. Exhibit 1-3 lists short-term 
exploratory outcomes. More details on the measurement and construction of these outcomes is 
provided in Appendix A. Appendix B provides more information on the contents of the short-term 
survey that will collect data on those outcomes. 

Exhibit 1-2: Confirmatory and Secondary Outcomes for Short-Term Impact Report 

Domain Variable Description 
Outcome 
Designation Units 

Data 
Source 

Educational 
progress 

Completed initial training or still in school as of 15 months after 
randomization (Program completion will be operationalized as 
having earned any new credential since randomization) 

Confirmatory  Yes/No STS 

Educational 
progress 

Earned any new credential as of 15 months after 
randomization 

Secondary Yes/No STS 

Educational 
progress 

Earned an exam-based professional, state, or industry 
certificate or license as of 15 months after randomization 

Secondary Yes/No STS 

Educational 
progress 

Cumulative hours of training through 15 months after 
randomization  

Secondary Hours STS 

Educational 
progress 

Completed 6 or more full-time-equivalent months of training as 
of 15 months after randomization 

Secondary Yes/No STS 

Labor market Quarterly earnings for the 5th quarter after random assignment Secondary $ NDNH 
Labor market Any employment during the 5th quarter after random 

assignment 
Secondary Yes/No NDNH 

Labor market Healthcare employment as of survey interview Secondary Yes/No STS 
Labor market Employed at job that provides health insurance as of survey 

interview 
Secondary Yes/No STS 

Career 
progress 

Career connected, meaning either employed full-time at 15 
months after randomization, attending school full-time or a 
mixture of part-time work and school at the same time 

Secondary Yes/No STS 

                                                      

https://www.cbpp.org/research/family-income-support/chart-book-temporary-assistance-for-needy-families
https://www.cbpp.org/research/family-income-support/chart-book-temporary-assistance-for-needy-families


 

Abt Associates Analysis Plan for the HPOG 2.0 National Evaluation Short-Term Impact Report ▌pg. 9 

Domain Variable Description 
Outcome 
Designation Units 

Data 
Source 

Career 
progress 

Subjective perception of progress towards long-range 
education and career goals 

Secondary Scale 
score 

STS 

Key: NDNH=National Directory of New Hires. STS=short-term survey. 
Notes: More description details are provided in Appendix A. “Credential” here refers to any of several things: a degree; a diploma issued by a 

school in recognition of the student having successfully completed a set of credit-bearing courses less rigorous than required for a degree; 
a certificate issued by a school in recognition of the student having successfully completed a set of courses that would not count toward a 
degree; or a certification or license issued by some authority other than a school such as a government agency or a trade organization. The 
last group of credentials typically require successful completion of an exam, among other requirements, and are often only valid for fixed 
periods of time. Although the questionnaire only asks about post-secondary credentials, many people write in secondary credentials, and 
the algorithms to define the formal outcomes do count them. “Training” is largely defined by the respondent. The questionnaire does not 
define the term, nor does it ask much about the nature of the training. Instead the questionnaire focuses on the duration of training and on 
any credentials earned through it. 

Exhibit 1-3: Exploratory Short-Term Outcomes for Short-Term Impact Report 

Domain Variable Description) Units 
Data 
Source 

Educational 
progress 

Earned any new credential and continued/resumed training as of 15 months after 
randomization (differs from confirmatory outcome in requirement for additional 
training following the earning of a first new credential) 

Yes/No STS 

Educational 
progress 

Earned any new credential from any institute of higher education (college or other) 
as of 15 months after randomization 

Yes/No STS 

Educational 
progress 

Earned any new credential from a college as of 15 months after randomization Yes/No STS 

Educational 
progress 

Earned any new credential from an institute of higher education other than a 
college as of 15 months after randomization 

Yes/No STS 

Educational 
progress 

Earned new credential requiring a year or more of study from an institute of higher 
education (college or other) as of 15 months after randomization 

Yes/No STS 

Educational 
progress 

Earned degree as of 15 months after randomization Yes/No STS 

Educational 
progress 

Earned degree or exam-based certification or license as of 15 months after 
randomization 

Yes/No STS 

Educational 
progress 

Earned any new credential from any institute of higher education (college or other) 
as of 15 months after randomization and received job search or placement 
assistance while attending that school 

Yes/No STS 

Educational 
progress 

Earned any new credential from any institute of higher education (college or other) 
as of 15 months after randomization and was offered opportunities for direct 
experiences with occupations related to studies or career goals 

Yes/No STS 

Educational 
progress 

Cumulatively any training through each of Q1 through Q5 after random 
assignment 

Yes/No STS 

Educational 
progress 

Still in training as of survey interview Yes/No STS 

Educational 
progress 

Cumulative months of training through each of Q1 through Q5 after random 
assignment 

Months STS 

Educational 
progress 

Cumulative hours of training through each of Q1 through Q5 after random 
assignment 

Hours  STS 

Educational 
progress 

Had at least k months of full-time-equivalent training as of 15 months after 
randomization (repeat for k=1 to 15) 

Yes/No STS 

Educational 
progress 

Cumulatively any college enrollment through each of Q1 through Q5 after random 
assignment 

Yes/No NSC 
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Domain Variable Description) Units 
Data 
Source 

Educational 
progress 

Purpose of training was to prepare for a healthcare occupation Yes/No STS 

Educational 
progress 

Earned a new credential (as of 15 months after randomization) associated with an 
occupation where the entry hourly wage is typically below $10/hour 

Yes/No STS 

Educational 
progress 

Earned a new credential (as of 15 months after randomization) associated with an 
occupation where the entry hourly wage is typically in the range of $10 to $12/hour 

Yes/No STS 

Educational 
progress 

Earned a new credential (as of 15 months after randomization) associated with an 
occupation where the entry hourly wage is typically above $12/hour 

Yes/No STS 

Educational 
progress 

Earned any credits as of survey interview Yes/No STS 

Educational 
progress 

Cumulative credits earned as of survey interview Credits STS 

Educational 
supports 

Any tutoring as of 15 months after randomization 
(Set to “no” if no training since randomization) 

Yes/No STS 

Educational 
supports 

Any academic advising as of 15 months after randomization 
(Set to “no” if no training since randomization) 

Yes/No STS 

Educational 
supports 

Any financial aid advising as of 15 months after randomization 
(Set to “no” if no training since randomization) 

Yes/No STS 

Educational 
supports 

Any career counseling as of 15 months after randomization 
(Set to “no” if no training since randomization) 

Yes/No STS 

Educational 
supports 

Any job search or placement assistance as of 15 months after randomization 
(Set to “no” if no training since randomization) 

Yes/No STS 

Educational 
supports 

Any caseworker help as of 15 months after randomization 
(Set to “no” if no training since randomization) 

Yes/No STS 

Educational 
supports 

Hours of one-on-one services (including all six types mentioned in prior six rows of 
this table) as of 15 months after randomization 
(Set to zero if no training since randomization) 

Hours STS 

Educational 
supports 

Cumulative receipt of any one-on-one counseling through each of quarters 1 
through 5 after random assignment 

Yes/No STS 

Educational 
supports 

Hours of group services (same six types as for one-on-one services) as of 15 
months after randomization 
(Set to zero if no training since randomization) 

Hours STS 

Educational 
supports 

Hours of counseling (sum of one-on-one or group defined above) as of 15 months 
after randomization 

Hours  STS 

Educational 
costs 

School expenses paid from own earnings, spouse/partner earnings, or savings as 
of 15 months after randomization 

$ STS 

Educational 
costs 

School expenses paid from own earnings, spouse/partner earnings, savings, 
family transfers, loans in own name, or loans in parents’ names as of 15 months 
after randomization 

$ STS 

Educational 
costs 

School expenses paid from own earnings, spouse/partner earnings, or savings 
plus imputed child care expenses paid by any source as of 15 months after 
randomization 

$ STS 

Educational 
costs 

School expenses paid from own earnings, spouse/partner earnings, savings, 
family transfers, loans in own name, or loans in parents’ names plus imputed child 
care expenses paid by any source as of 15 months after randomization 

$ STS 

Educational 
Costs 

Received any assistance with child care expenses related to training as of 15 
months after randomization 

Yes/No STS 
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Domain Variable Description) Units 
Data 
Source 

Educational 
costs 

Borrowed any money in own name to attend school as of 15 months after 
randomization 
(Set to “no” if no training since randomization) 

Yes/No STS 

Educational 
costs 

Borrowed any money in own name, parents’ names, or other family members’ 
names to attend school as of 15 months after randomization 
(Set to “no” if no training since randomization) 

Yes/No STS 

Labor market Quarterly earnings in Q1, Q2, Q3, and Q4 after random assignment $ NDNH 
Labor market Cumulative earnings through each of Q1 through Q5 after random assignment $ NDNH 
Labor market Change in earnings from Q1 to Q2, Q2 to Q3, Q3 to Q4, and Q4 to Q5  $ NDNH 
Labor market Any employment in each of Q1, Q2, Q3, and Q4 after random assignment Yes/No NDNH 
Labor market Cumulatively any employment through each of Q2 through Q5 after random 

assignment 
Yes/No NDNH 

Labor market Number of quarters Q1 through Q5 with some employment Quarter
s 

NDNH 

Labor market Earnings at time of the survey $ STS 
Labor market Healthcare earnings at time of the survey $ STS 
Labor market Any employment in each of Q1 through Q5 after random assignment Yes/No STS 
Labor market Employed at time of the survey Yes/No STS 
Labor market Hourly wage rate worked per week at time of the survey (Leave missing if not 

employed. This results in a conditional analysis that is not randomization based.) 
$ STS 

Labor market Employed at job with hourly rate at time of the survey that is at least as great as 
the median hourly wage of employed workers in the control group 

Yes/No STS 

Labor market Hours worked per week at time of the survey Hours STS 
Labor market Hours worked per week in healthcare setting at time of the survey Hours STS 
Labor market Employed with regular schedule at time of the survey (includes straight evening 

and night shifts but excludes rotating shifts, split shifts, irregular schedules, and 
self-scheduling) 

Yes/No STS 

Labor market Currently working in a job with a full set of standard benefits (health insurance, 
paid vacation, paid holidays, paid sick days, retirement) 

Yes/No STS 

Labor market Currently working in a job with paid sick days Yes/No STS 
Labor market Currently working in a job with family-friendly policies (scale based on three items 

about work/life balance, some choice in work hours, and flexibility to handle family 
emergencies) 

Yes/No STS 

Labor market Currently working in a “very satisfying” job Yes/No STS 
Labor market Currently working in a job with opportunities for career advancement (Agree or 

strongly agree) 
Yes/No STS 

Labor market Currently working in a job closely related to training Yes/No STS 
Labor market Currently working in a job with generous support of further formal education or 

training for employees 
Yes/No STS 

Labor market Currently working in a highly desirable job in terms of salary, benefits, schedule, 
family-friendly policies, personal satisfaction, opportunities for advancement, and 
support for further training (will be based on cluster analysis of job characteristics) 

Yes/No STS 

Skills Scale score for frequency of use of computer skills in everyday life Scale 
score 

STS 

Skills Scale score for frequency of use of reading skills in everyday life Scale 
score 

STS 
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Domain Variable Description) Units 
Data 
Source 

Skills Scale score for frequency of use of math skills in everyday life Scale 
score 

STS 

Skills Scale score for variety of types of self-directed learning Scale 
score 

STS 

Well-being  Personal income during month prior to survey $ STS 
Well-being Household income during month prior to survey $ STS 
Well-being Ability to cover $400 emergency expense from ready personal funds Yes/No STS 
Well-being Covered by health insurance at time of the survey Yes/No STS 
Well-being In excellent health (self-assessed) Yes/No STS 
Well-being Receipt of TANF by anyone in household at time of the survey Yes/No STS 
Well-being Receipt of SNAP by anyone in the household at time of the survey Yes/No STS 
Well-being Receipt of TANF or SNAP by anyone in the household at time of the survey Yes/No STS 
Well-being Receipt of TANF, SNAP, or Medicaid by anyone in the household at time of the 

survey 
Yes/No STS 

Well-being Receipt of any means-tested benefits by anyone in the household at time of the 
survey 

Yes/No STS 

Well-being Food security at time of the survey Yes/No STS 
Well-being Any signs of financial distress Yes/No STS 
Well-being Trouble making ends meet Yes/No STS 
Well-being Housing stability at time of the survey Yes/No STS 
Well-being Household income below poverty threshold Yes/No STS 
Well-being Household income below 130 percent of poverty threshold (the threshold for 

eligibility for SNAP and free school lunches) 
Yes/No STS 

Well-being Household income below 185 percent of poverty threshold (the threshold for 
reduced-price school lunches) 

Yes/No STS 

Well-being Living with spouse Yes/No STS 
Well-being Living with spouse or partner Yes/No STS 
Well-being Living with spouse/partner and children Yes/No STS 
Well-being Ever lived with spouse/partner since randomization Yes/No STS 
Well-being Any children born/fathered since randomization, or currently expecting Yes/No STS 
Well-being Living with parents  Yes/No STS 
Well-being Living with adult offspring Yes/No STS 

Key: NDNH=National Directory of New Hires. NSC=National Student Clearinghouse. SNAP=Supplemental Nutrition Assistance Program. 
STS=short-term survey. TANF=Temporary Assistance for Needy Families. 

Note: More description details are provided in Appendix A. “Credential” here refers to any of several things: a degree; a diploma issued by a 
school in recognition of the student having successfully completed a set of credit-bearing courses less rigorous than required for a degree; 
a certificate issued by a school in recognition of the student having successfully completed a set of courses that would not count toward a 
degree; or a certification or license issued by some authority other than a school such as a government agency or a trade organization. The 
last group of credentials typically require successful completion of an exam, among other requirements, and are often only valid for fixed 
periods of time. 

Exhibit 1-4 lists intermediate-term exploratory outcomes that we will analyze on early cohorts. 
Note that impacts on the outcomes listed in Exhibits 1-2 and 1-3 will be estimated on the sample 
that was eligible for the short-term survey. In contrast, impacts on the outcomes listed in Exhibit 
1-4 will be estimated on the maximal available relevant sample for the quarter among those 
randomized from the start of HPOG 2.0 in February of 2016 through the last month of sample 
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eligible for the survey, February of 2018. For example, impacts on Q13 will be estimated with 
only the sample randomized in February and March of 2016 while impacts on Q1 will be 
estimated with all the sample randomized over the 25-month period. By using the maximum 
sample available for each quarter, we maximize precision. There is also some danger of 
misrepresenting cohort effects as longitudinal patterns in impacts. This possibility will be 
explored in sensitivity analyses in an appendix. Unless otherwise noted, we will report impacts 
for these outcomes in each quarter, in a graph. Some of the outcomes in this Exhibit will be 
confirmatory or secondary outcomes in the Intermediate-Term Impact Report. They will remain 
exploratory in the STIR since they will only be estimated on early cohorts and there may be 
cohort impacts.  

Exhibit 1-4: Exploratory Intermediate Outcomes on Early Cohorts for Short-Term 
Impact Report 

Domain Variable Description  Units 
Data 
Source 

Educational 
progress 

Enrolled in college in each quarter from Q1 through Q13 after random assignment Yes/No NSC

Educational 
progress

Enrolled in college full-time in each quarter from Q1 through Q13 after random 
assignment

Yes/No NSC 

Educational 
progress 

Cumulative months of full-time-equivalent enrollment in each quarter from Q1 
through Q13 after random assignment 

Months NSC 

Educational 
progress 

Cumulative months of any enrollment in college in each quarter from Q1 through 
Q13 after random assignment 

Months NSC 

Educational 
progress 

Received a college credential in each quarter from Q1 through Q13 after random 
assignment 

Yes/No NSC 

Educational 
progress 

Received a college credential any quarter since randomization as of each quarter 
from Q1 through Q13 after random assignment 

Yes/No NSC 

Educational 
progress 

Received a college degree (associate or higher) any quarter since randomization 
as of each quarter from Q1 through Q13 after random assignment 

Yes/No NSC 

Labor market Quarterly earnings in each quarter from Q1 through Q13 after random assignment $ NDNH 
Labor market Cumulative earnings through each of Q1 through Q13 after random assignment $ NDNH 
Labor market Change in earnings from prior quarter for each quarter from Q2 through Q13 after 

random assignment 
$ NDNH 

Labor market Any employment in each quarter from Q1 through Q13 after random assignment Yes/No NDNH 
Labor market Cumulatively any employment through each of Q2 through Q13 after random 

assignment 
Yes/No NDNH 

Labor market Number of quarters Q1 through Qk with any employment during the quarter for 
k=2 to 13 

Quarter
s 

NDNH 

Labor market Job retention (quarter to quarter, starting with Q6) Yes/No NDNH 
Labor market Job retention (year to year, starting with Q9) Yes/No NDNH 

Key: NDNH=National Directory of New Hires. NSC=National Student Clearinghouse. 
Note: Each quarterly outcome will be based on the maximum sample with data through the quarter. The sample used for each quarter will 

therefore be different than for other quarters. 
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2. FINALIZING REGRESSION COVARIATES 

The simple difference in mean outcomes between the treatment and control groups would be an 
unbiased and consistent estimate of an HPOG program’s impact.21

21  Formally, the statement in the text assumes complete data. All data—and especially survey data—have some 
missing values. Sometimes there is missing data at the unit level (all responses are missing); sometimes 
there is missing data at the item level (responses to some, but not all items). In the presence of such 
nonresponse, weights are usually used. In that case, the statement in the body of the document refers to 
weighted analysis. 

 Following standard practice, 
however, we will estimate the “intent-to-treat” impact22

22  “Intent-to-treat” denotes the impact of offering the treatment group access to the local HPOG program 
(whether they participate or not). It is commonly referred to as ITT. A common alternate known as 
“treatment on the treated” or TOT denotes the impact group members actually participating in the program.  

 using weighted linear regression 
models.23

23  Such models “regression adjust” the difference between average outcomes for treatment and control group 
members by controlling for exogenous characteristics measured at baseline. Controlling for baseline 
covariates reduces bias caused by random differences in the characteristics of treatment and control group 
members and thereby improves the precision of impact estimates. Controlling for baseline covariates also 
helps to reduce the risk of bias resulting from survey attrition (i.e., individuals failing to complete follow-up 
surveys). It is not necessary to correctly specify the shape of relationships between covariates and 
outcomes to obtain these benefits. Valid results are obtained even with misspecified models (Judkins and 
Porter 2016). 

 In general, doing so leads to at least moderately more precise estimates. However, 
as noted in Appendix Section A.1 of the IEDP, inclusion of a large number of weak covariates 
can hurt precision.24

24 This possibility appears to have been first noted by Tukey (1991). Despite sample sizes on the order of 500 
to 1,000, early (unpublished) analyses of PACE showed the pattern foretold by Tukey. Specifically, using a 
large number of covariates sometimes resulted in larger variances on estimated program effects than could 
be obtained with a smaller number of covariates. Liu (2011) derived explicit formulae for how much the 
variance increases when weak but strongly imbalanced covariates are included in regression models.  

 Unpublished simulations show that the variance penalty increases as the 
ratio of non-significant to significant covariates grows.25

25  For example, with a sample size of 1,000, when there are three covariates that explain 57 percent of the 
variation of the outcome and 97 covariates that are not relevant to prediction of the outcome, the true 
standard error of the effect of treatment is 11 percent higher with ordinary least squares than with a model 
that contains only the three relevant covariates (Austin Nichols, Abt Associates, unpublished simulations, 
2016).  

 If weak covariates are included in 
regression adjustment, they can sometimes be out of balance and the regression adjustment 
will overreact to these non-meaningful aspects of the treatment/control sample balance. 

To avoid this unintended variance inflation, we need to drop or otherwise reduce the influence of 
extraneous covariates. However, new research (Judkins 2019) shows that if we drop or 
otherwise reduce the influence of potential covariates based on simple analyses of the same 
data used in the evaluation, we will get moderately biased estimates of the variance on the 
estimated treatment effects. This bias is negative, meaning that the variance estimates are too 
small. This in turn means that too many estimated impacts will be flagged as statistically 
significant.  

In order to gain at least some of the variance reduction associated with controlling on true 
determinants of HPOG outcomes while still being able to estimate variances unbiasedly, we 
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have used pre-existing external data to develop three short lists of covariates, which we will use 
for all estimated impacts in the STIR. The three lists of covariates will be used as follows: 

1. For all estimated impacts on NDNH-reported outcomes; 

2. For all outcomes in the educational progress domain (including both survey-measured 
and NSC-measured outcomes); and  

3. For all other outcomes, including survey-measured outcomes in the educational 
supports, educational costs, labor market, skills, and well-being domains.26

26  For convenience, we refer to them as domains, although the domains here are slightly different than those 
defined in Chapter 1. 

The external data are those collected to evaluate HPOG 1.0. Although the collections of 
covariates and outcomes in HPOG 1.0 and 2.0 are not identical, there is substantial overlap, 
particularly in the covariates. By using external data to finalize the covariate lists, we have 
guaranteed that our variance estimates will be unbiased. The research of Judkins (2019) 
suggests that complex empirical methods do exist for covariate selection on the same data as 
used in the evaluation, but this is not as strong a guarantee for valid inferences (in the sense 
that the true Type I error rate under the null hypothesis is less than or equal to the claimed Type 
I error rate) as is using an external database for covariate selection. If there are different 
relationships between outcomes and covariates for HPOG 2.0, this decision to be guided by 
external data will mean that we will have missed an opportunity to improve power to detect 
small effects. We think that this is an acceptable trade-off. However, we will conduct sensitivity 
analyses with a procedure that is more aggressive in attempting to reduce standard errors on 
estimated impacts while still yielding inferences that (based on the simulation study of Judkins 
[2019]) should be valid. 

Section 2.1 documents the selected covariates. Appendix A provides details of how they will be 
measured. Section 2.2 documents how we decided on these covariates. Section 2.3 sketches 
how we will select covariates for sensitivity analyses. 

2.1 SELECTED COVARIATES 

Exhibit 2-1 shows the covariates selected for the three types of analysis. We will use pre-
randomization NDNH earnings in analyses of NDNH-based outcomes but not in analyses of 
survey-based outcomes. In addition, many variables were measured at baseline immediately 
prior to randomization in the management information system all HPOG 2.0 grantees use called 
the Participant Accomplishment and Grant Evaluation System (PAGES). Of the baseline 
covariates measured in PAGES, we will use two for NDNH-based analyses of employment and 
earnings, five for analyses of educational progress, and 13 for all other analyses. These are 
from a potential pool of 27 baseline variables measured both in PAGES and in a similar system 
used for HPOG 1.0 called the Performance Reporting System (PRS).  

To project likely precision gains in estimated HPOG 2.0 impacts from regression adjustment 
with these three sets of covariates, we examine the R-squared coefficients for HPOG 1.0 
outcomes using these same sets of covariates. First, for NDNH analyses, the five covariates 
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tagged in the first column of Exhibit 2-1 yield an R-squared coefficient of 9.4 percent for 
employment at the fifth quarter and 18.2 percent for earnings in that same quarter. Following 
standard approximations, these should lead to reductions in the standard errors on impacts of 
about 5 percent for employment and 9 to 10 percent for earnings.27

27  The standard error of a regression-adjusted impact estimate should be smaller than an adjusted impact 

estimate. The theoretical reduction is 2

100 10 100 R− − . 

 Across nine HPOG 1.0 
education outcomes, the average R-squared from the five covariates checked in the second 
columns of Exhibit 2-1 was 6.0 percent. So we expect about a 3 percent reduction in standard 
errors on estimated impacts on educational progress outcomes in HPOG 2.0. Similarly, across a 
collection of 23 other HPOG 1.0 outcomes, the average R-squared from the 13 covariates 
tagged in the third column of Exhibit 2-1 was 8.5 percent. So we expect about a 3 percent 
reduction in standard errors on estimated impacts on other outcomes in HPOG 2.0. Although 
these expected reductions in standard errors are modest, they are essentially free, so there is 
no reason not to conduct the regression adjustment.   

Exhibit 2-1: Selected Covariates  

Covariate 
Use for NDNH 
Outcomes 

Use for All 
Educational 
Progress 
Outcomes 

Use for All 
Other 
Outcomes 

From NDNH    
Average earnings in 8 quarters prior to the quarter of 
randomization  

Average earnings in 4 quarters prior to the quarter of 
randomization    

Earnings in quarter immediately prior to the quarter of 
randomization  

From PAGES    
Age    
Age squared    
Race/ethnicity (6 levels)    
Has dependent children    
Native born    
Ever took ESL classes    
Already had degree    
Already had exam-based license/certification    
Already had both degree and exam-based license/certification    
Frequency of problems with child care arrangements    
Frequency of problems with transportation    
Frequency of problems with personal illness or health 
condition    

TANF receipt (personal)    
WIC receipt (household)    
SNAP receipt (household)    
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Covariate 
Use for NDNH 
Outcomes 

Use for All 
Educational 
Progress 
Outcomes 

Use for All 
Other 
Outcomes 

Ever worked in healthcare    
Expected to work for pay in next few months    

Key: NDNH=National Directory of New Hires. PAGES=HPOG 2.0 Participant Accomplishment and Grant Evaluation System. 
SNAP=Supplemental Nutrition Assistance Program. STS=short-term survey. TANF=Temporary Assistance for Needy Families. 
WIC=Special Supplemental Nutrition Program for Women, Infants, and Children. 

Note: See Appendix A for details on the construction of the covariates. 

2.2 COVARIATE SELECTION PROCEDURE 

We selected the covariates listed in Exhibit 2-1 in a three-phase operation. In the first phase, we 
decided whether to admit NDNH-measured baseline covariates into the mix for survey-
measured outcomes. In the second phase, we selected a customized model for each outcome 
within a domain. In the third phase, we collected the covariates selected for any outcome in a 
domain into a single large set and then trimmed the large set back to those with important 
contributions to R-squared. 

2.2.1 Phase 1 

In this phase, we had to decide whether or not the value of using NDNH-based baseline 
covariates was worth the loss of transparency. 28

28  OPRE plans to make a restricted use file available for future researchers, but NDNH data will not be 
included in such files. By using only covariates that can be included in the planned restricted use file, it will 
be possible for secondary analysts to reproduce our results. 

 By not admitting NDNH-based baseline 
measures into the covariate mix for survey-measured outcomes, we improve the replicability of 
our analyses and gain some operational efficiencies.29

29  The Memorandum of Understanding between the ACF Office of Child Support Enforcement (which oversees 
and administers the NDNH) and OPRE regarding access to NDNH for HPOG 2.0 requires the data to be 
stored on the ACF server and accessed using ACF equipment. This sharply reduces the number of statistical 
analysts who can work with the data.  

 So our first research was on the marginal 
value of non-NDNH baseline covariates for impact analyses of survey-measured outcomes. To 
judge this question, we built two customized models for each of 32 survey-measured 
outcomes.30

30  These 32 outcomes were selected because they were calculated for the short-term impact report on 
HPOG 1.0 (Peck et al. 2018). The set included nine education outcomes and 23 other outcomes covering 
job characteristics, life challenges, receipt of education-support services, and receipt of means-tested 
government benefits.  

 We built the first model using both NDNH-measured baseline covariates and PRS 
baseline covariates; in building the second model, we only used PRS baseline covariates. We 
then compared the R-squared for the two models. For three of the 32 survey-measured 
outcomes, the NDNH-measured covariates improved R-squared modestly. For all other survey-
measured outcomes, the improvements were trivial. The average improvement in R-squared 
across all 32 survey-measured outcomes was just 0.4 percentage points. Given this small gain, 
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we decided that we would not admit NDNH-measured baseline variables into the pool of 
potential covariates for the impact analysis of survey-measured outcomes. 

2.2.2 Phase 2 

The algorithm for covariate selection that we used to build a custom model for each outcome is 
called the LASSO with 10-fold cross-validation.31

31  See Bühlmann and van de Geer (2011) for a full explanation of these techniques. 

 LASSO stands for least absolute shrinkage 
and selection operator. With LASSO for a given Y and set of individuals indexed by i, the sum of 
absolute values of the estimated regression coefficients in Equation 1 is constrained to be less 
than a preselected value (the “constraint”), where X is a vector of all available covariates (and 
does not include an indicator of randomized treatment status).  

i i iY X eβ= +  (1) 

If the preselected value for this constraint is small enough, many coefficients in Equation (1) will 
be forced to zero in order to fit within the cap on the sum of absolute coefficient values. Thus, 
the associated covariate is removed from the list of baseline covariates. We use 10-fold cross-
validation to optimize the value of the constraint rather than just relying on an arbitrary choice 
for it, as is explained in the following step-by-step description of the LASSO with ten-fold cross-
validation procedure:32

32  All of this is done automatically in SAS/GLMSELECT, the software we used for this phase.  

1. The sample (pooled treatment/control) is divided at random into 10 equal-sized and 
mutually exclusive subsamples.  

2. For a candidate value of the constraint, the LASSO procedure is run on a set of cases 
from which one of the 10 subsamples has been dropped to select covariates.  

3. The model in Equation (1) is fit on the same subsample using just the variables selected 
in the second step.  

4. The fitted model is used to create out-of-sample predictions of the outcome for everyone 

in the excluded subsample and the prediction error î iY Y−  is measured.  

5. Steps 2 through 4 are repeated 10 times. On each iteration, a different one of the 10 
subsamples is dropped. In this manner, out-of-sample prediction errors are obtained for 
the entire sample. 

6. The mean-squared prediction error across all 10 replicates is then calculated.  
7. Steps 2 through 7 are repeated for a sequence of looser candidate values of the 

constraint. (SAS determines the minimum increase in the value of the constraint that 
would allow one more covariate to enter the model.) 

8. The value of the constraint that minimizes the cross-validated mean-squared prediction 
error (and thus captures most of the variation reduction possible with the available 
covariates) is selected as the optimal constraint.33

33  One could simply use the LASSO to select covariates with a pre-specified value of the constraint, but the 10-
fold cross validation method provides a principled method for selecting the constraint. 

 Whichever variables have nonzero 
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coefficients in the model for that optimal constraint are used as covariates in the impact 
regressions. All other baseline characteristics are discarded.  

Prior to running this software, we imputed missing baseline information. Some covariates had 
considerable amounts of missing data. We imputed synthetic values for the missing data in 
SAS/MI with the FCS option (Fully Conditional Specification, van Buuren 2007), using outcomes 
and other covariates as inputs. Although the method of introducing separate dummy variables 
for missingness for all covariates works well for a predefined set of covariates (as we propose to 
do in our main analyses, as discussed in Section 3.1), this approach is unworkable for model 
selection analyses. Dummy-variable methods are unworkable because—with currently available 
software—there is no way to guarantee that candidate covariates and their dummy variable 
flags get jointly retained or dropped. Where the outcome variable was missing, we also imputed 
its value in the same integrated procedure. This happens automatically in the FCS option.  

Using these procedures, we built custom models for two NDNH-based outcomes (earnings in 
the fifth post-randomization quarter, and employment in the same quarter), nine survey-based 
education outcomes, and 23 other survey-based outcomes. 

2.2.3 Phase 3 

Once we had a customized set of covariates for each outcome from Phase 2, we collated the 
covariates for all the outcomes in a domain and then winnowed them down to a single uniform 
set that we could use for all planned impact analyses within each domain. (See Exhibit 2-1 
above.) We decided to winnow the covariates for the education domain based on whether a 
covariate had an absolute standardized coefficient of at least 0.05.34

34  A standardized regression coefficient of 0.05 means that a one-standard-deviation change in the covariate 
while holding all other variables in the model constant leads to a predicted change in the outcome of 5 
percent of the standard deviation of the outcome variable.  

 For the other outcome 
domain, we winnowed based on an absolute standardized coefficient of at least 0.07. There is 
no absolute level that would be considered universally meaningful, but we made the judgment 
that it was not worth the complexity to retain variables that did not meet this threshold. We now 
discuss the winnowing separately for the three domains. The winnowing procedure varied by 
outcome domain.  

For the NDNH-based outcomes (employment and earnings), we noted that none of the non-
NDNH baseline variables had a standardized coefficient larger than 0.05 in the model for 
earnings in the fifth post-randomization quarter. Baseline earnings were powerful, and nothing 
available was very useful in predicting the residual variation left after controlling on baseline 
earnings. For employment during that same quarter, two PAGES/PRS variables did meet this 
threshold, so we decided to keep them for all outcomes in this domain. 

For outcomes in the educational progress domain, using the five covariates with a 
standardized coefficient of 0.05 (in absolute value) or larger in the models for any of the nine 
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outcomes in the domain results in an average R-squared of 6.0 percent, slightly better than the 
5.3 percent we would get if we used a customized model for each outcome.35

35  The cross-validated LASSO stops adding variables when there is no improvement in the cross-validated R-
squared. The R-squared coefficients reported here are not cross-validated. The fact that the winnowed 
consensus model has a slightly higher value of R-squared than the customized model is probably an 
indication of overfit. 

For outcomes in the remainder domains, including all other outcomes, using the 13 covariates 
with a standardized coefficient of 0.07 (in absolute value) or larger in any of the 23 models 
results in an average R-squared of 8.5 percent, slightly better than the 8.3 percent we would get 
if we used a customized model for each outcome.  

2.3 COVARIATE SELECTION FOR SENSITIVITY ANALYSES 

Although we are generally satisfied with the idea of a pre-fixed set of covariates, based on 
research with the HPOG 1.0 database, we do note that a slightly richer set of baseline variables 
are being measured for HPOG 2.0 than were measured in HPOG 1.0. It is possible that these 
new variables could boost R-squared. In particular, two scales have been added that we believe 
might be highly predictive of persistence in education. These scales are Grit and Academic 
Confidence; in addition, the new scale Career Knowledge Index might be predictive of post-
training employment.36

36  For Grit, see Duckworth, Peterson, Matthews, and Kelly (2007).  
Academic Confidence is a modified version of the Academic Self-Confidence scale in the Student Readiness 

Index (SRI), a proprietary product of ACT, Inc. (Le et al. 2005). For further validation, see Peterson, Casillas, 
and Robbins (2006). 

Career Knowledge Index is a seven-item scale developed for the PACE evaluation. Two scale items were 
adapted from the Career Decision Self-Efficacy-Short Form (Betz and Taylor 2001), three items were 
adapted from the Career Exploration Survey (Stumpf, Colarelli, and Hartman 1983), and two items were 
new. 

 The baseline instrument for HPOG 2.0 also asks about an additional 
type of prior educational credential: “an occupational certificate or diploma, excluding any state, 
professional, or industry certification or license.” This category was added because many adult 
training programs associated with community colleges and proprietary schools are offering 
credentials for short-term programs that are not on the path to an academic degree.  

Of course, beyond these changes in instrumentation, it is possible that with a new round of 
grantees and the students they serve, new relationships might emerge. Accordingly, as a 
sensitivity analysis, we will optimize covariate selection for confirmatory outcomes and a limited 
number of secondary outcomes. We will do this on “live” HPOG 2.0 follow-up survey data with 
the LASSO with 10-fold cross-validation—the same method as used in our research on HPOG 
1.0 as described above but without the collation and winnowing process. We will then use these 
optimized selections to prepare alternate impacts of HPOG 2.0.  
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3. FINALIZING SUBGROUPS 

Exhibit 3-1 lists the subgroups to be explored as part for the STIR. The list includes all of the 
subgroups for which HPOG 1.0 found consistent evidence of differential impacts at 15 months 
after randomization. We augment that list with standard demographics (gender, age, 
race/ethnicity), planned to study full-time, and limited English proficiency—though HPOG 1.0 did 
not find consistent evidence of differential impacts at 15 months. Several other subgroups listed 
in the IEDP are not included here.37

37  That longer list included low academic self-confidence, ever worked, ever worked in healthcare, 
Unemployment Insurance exhaustee, earnings in year prior to randomization, and quartiles of modeled 
probability of achieving the confirmatory outcome. 

 Given the number of tests, these analyses raise substantial 
multiple comparison issues. We therefore prefer to keep the list relatively short.  

We will run these subgroup analyses for the confirmatory outcome (completed initial training or 
still in school) and for earnings in the fifth quarter after randomization. As stated in the IEDP, it is 
our plan to discuss subgroup results only when there is evidence of differential impact (not 
merely when there is an impact in one of the subgroups). In addition, as partial response to 
concerns about multiple comparisons, we will usually require p < .05 and will pay more attention 
to subgroup results when there seems to be some pattern—across related subgroups (e.g., 
proxies for weaker educational attainment at randomization) or both outcomes. 

For the Intermediate-Term Impact report, we will also run subgroup analysis by cohort (i.e., 
earlier vs. later date of randomization) to explore whether impacts change as the programs 
matured over time. 

Exhibit 3-1: Subgroups for STIR 
Subgroup (defined at baseline) Notes 
Gender • Male 

• Female 
Age • Under 25 

• 25 or older but under 30 
• 30 or older 

Race/ethnicity • Hispanic (any race) 
• American Indian / Alaskan Native (including Hispanic and multi-racial) 
• Other white (neither Hispanic nor multi-racial) 
• Other black (neither Hispanic nor multi-racial) 
• Other (including Native Hawaiian / Pacific Islander, Asian, and other 

multi-racial) 
Presence of dependent children • Some  

• versus none 
Currently enrolled in school  • Yes/No 
Educational attainment  • Some postsecondary schooling  

• versus high school diploma (or equivalent)  
• versus less than secondary completion 

Low numeracy or literacy (not tested in 
HPOG 1.0) 

• Below 8th grade on either numeracy or literacy skill  
• At 8th grade or higher on both 
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Subgroup (defined at baseline) Notes 
• Unassessed 

Currently employed • Yes/No 
Barriers  • At least one serious life challenge (child care arrangements, 

transportation, or personal health) “very often” interfered with school, 
work, job search, or family responsibilities 

English proficiency • Limited 
• Not limited 

Public assistance • TANF receipt (with or without SNAP or WIC)  
• versus SNAP/WIC receipt (without TANF)  
• versus no receipt of TANF, SNAP, or WIC 

Key: SNAP=Supplemental Nutrition Assistance Program. TANF=Temporary Assistance for Needy Families. WIC=Special Supplemental 
Nutrition Program for Women, Infants, and Children. 
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4. FINALIZING PROCEDURES FOR HANDLING MISSING DATA 

As discussed in the IEDP, missing data will arise from four sources: 

1. Item nonresponse in PAGES baseline data 

2. Unit nonresponse at follow-up (where people are not interviewed)  

3. Item nonresponse at follow-up 

4. Matching errors with NDNH data  

This section discusses our approach to dealing with each of these forms of missing data. 

4.1 ITEM NONRESPONSE IN PAGES BASELINE DATA 

We will use PAGES baseline items for several purposes: as regression covariates, as tools for 
studying and correcting for nonresponse bias in follow-up surveys, and to define subgroups. 
Exhibit 4-1 below shows the available variables from PAGES and associated item nonresponse 
rates. With the exception of baseline literacy/numeracy skills and unemployment status, all item 
nonresponse rates are very low. We will impute these missing data, but we will not use the 
imputed values in all analyses. In some analyses, we will instead calculate missing data flags 
and use those flags in the analyses rather than the imputed values. 

We will use the imputed values for model building38

38  Choosing which variables to include in a regression is a separate step from estimating their regression 
coefficients. By model building, we mean the process of deciding which variables will be in the model. This is 
a preliminary step to model fitting. In the economic literature, it may be referred to as “specification search.” 
It is equivalent to forcing the coefficients of some variables in the regression model to zero. 

 for regression coefficients and correcting for 
nonresponse bias. Such specification searches are greatly simplified if all independent variables 
are first imputed. We will do this with SAS/MI, using the FCS procedure available there. In this 
operation, we will pay particular attention to the binary flags for whether literacy and numeracy 
skills are at least at the eighth-grade level. These variables have a high rate of missing data, as 
shown in Exhibit 4-1. We will model these flags in terms of both other baseline data and follow-
up data where available. We will then include modeled skill levels in the FCS procedure. At the 
end of the step, we will have a list of the most relevant baseline variables for the purpose at 
hand. 

We will not, however, generally use the imputed values in the estimation of the final models. 
Once we finalize the model specification, we will use unimputed versions of the PAGES data, 
supplementing them with a matched set of dummy variables that flag item nonresponse to fit 
models used in nonresponse adjustment and regression adjustment. This is the approach 
recommended by Puma, Olsen, Bell, and Price (2009) for impact estimation in randomized trials 
with missing baseline data. For confirmatory outcomes, we will also conduct a sensitivity 
analysis using the imputed versions of the covariates rather than the unimputed versions paired 
with dummy flags. With either approach, there is no sample loss.  
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For missing moderators for most subgroup analyses, we will use the imputed baseline data 
prepared for model building. This has the strong advantage of keeping marginal impacts and 
totals consistent across analyses. The one exception to this rule is baseline numeracy and 
literacy. Unassessed will be a separate group. 

Exhibit 4-1: Item Nonresponse Rates for Baseline Variables Captured in PAGES  

Covariate 

Item 
Nonresponse 

Rate  
(%) 

Gender 0.10 
Limited English proficiency 0.10 
Age 0.32 
Employment 0.33 
Employment in healthcare 0.65 
Personal earnings (last 12 months) 0.74 
Education 0.76 
Born outside United States 0.80 
Household income (last 12 months) 0.90 
Educational expectations 0.96 
Employment expectations 1.00 
Life challenges faced 1.06 
Receipt of TANF 1.26 
Reservation job wage 1.34 
Career knowledge 1.35 
Grit 1.38 
Academic self-confidence 1.38 
Barriers to employment 1.40 
Number of dependent children 1.78 
Skills course attendance 1.63 
Race/ethnicity 2.19 
Marital status 2.33 
Unemployment Insurance status 8.57 
Literacy skills below 8th-grade level 22.11 
Numeracy skills below 8th-grade level 24.25 

Note: All covariates are measured in PAGES prior to randomization and receipt of any HPOG 2.0 training or services. 

4.2 UNIT NONRESPONSE AT FOLLOW-UP 

Because not all participants selected to be surveyed will complete the short-term follow-up 
survey, the evaluation will construct survey nonresponse weights.39

39  Given that the follow-up sample was selected by taking full monthly cohorts for a compact range of 
enrollment months, there will be no need to reflect probabilities of selection in these weights.  

 To construct these weights, 
we will use pre-randomization individual characteristics from PAGES as well as post-
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randomization information from NSC and NDNH. The analysis will use these weights when 
estimating impacts for outcomes reported in this survey.  

We will develop these weights with a new dual-raking procedure developed for the PACE 
evaluation, another career pathways evaluation sponsored by OPRE and conducted by Abt. 
The procedure was developed in response to evidence of strong nonresponse bias related to 
current employment status and current school enrollment status at several PACE sites.40

40  See, for example, Judkins, Juras, and Farrell (2019).  

Through repeated use of the generalized raking procedure of Folsom and Singh (2000), this 
procedure guarantees that program impacts for a small collection of administratively measured 
outcomes are nearly identical whether estimated from the full sample41

41  Actually, it is a little less than the full sample. It excludes people who provided Social Security numbers that 
could not be validated (usually because of a discrepancy to the provided name).  

 or just the respondent 
sample. It also balances critical baseline variables.  

As of the writing of this Analysis Plan, we have no evidence that the HPOG 2.0 short-term 
follow-up survey will experience similar nonresponse bias issues. Encouragingly, we discovered 
no evidence of nonresponse bias related to current employment status in either follow-up round 
for the survey used to evaluate HPOG 1.0. However, given the experience of PACE, it seems 
better to be prepared for this possibility. There is no known alternative to address the problem if 
present. Moreover, at PACE sites without evidence of strong nonresponse bias, the procedure 
appeared to do no harm other than complicating the documentation. Moreover, there are some 
intrinsic advantages to enforcing comparability of estimates based on the full and respondent 
samples. Theoretically, it should make it easier to tell a consistent story across outcomes.42

42  For example, earnings are measured on the full sample but total personal income only on the respondent 
sample. If the effect of HPOG 2.0 on earnings when limited to the respondent sample is the same as its 
effect on earnings on the full sample, then the estimated impact of HPOG 2.0 on earnings is more likely to 
be consistent with its estimated impact on personal income. 

The dual-raking procedure was designed specifically for use in a dual-platform environment 
where export of micro-level data from one of the platforms is prohibited for reasons of data 
security. One of our platforms will be the secure ACF server system where NDNH data are 
hosted. The other platform will be Abt’s secure corporate server (known as ACE3), where all 
baseline PAGES data, follow-up survey data, and NSC data are hosted. The procedure involves 
the following steps: 

1. Produce standard nonresponse-adjusted weights using propensity scoring. Call this 
weight W1.  

2. On ACE3, identify baseline covariates and current NSC enrollment measures that are 
associated with survey nonresponse propensity or that are critically important to have 
well balanced. 

3. Use generalized raking on the standard nonresponse-adjusted weights on ACE3 to 
rebalance these variables across the respondent and nonrespondent samples, 
separately for the treatment and control samples. This results in a preliminary set of 
nonresponse-adjusted weights that we will refer to as W2. 
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4. Pass W2 along with follow-up survey data through to the ACF server for merging with 
NDNH data. 

5. Use generalized raking a second time (starting from W1 on the ACF server) to perfectly 
balance critical NDNH variables such as earnings for the fifth quarter after randomization 
(a secondary outcome) across the respondent and nonrespondent samples, separately 
for the treatment and control samples. This results in a revised set of nonresponse-
adjusted weights that we will refer to as W3. This would be a good weight to use for all 
survey analyses, but it cannot be exported from the ACF server. This means that it 
would be impossible for secondary analysts of archived survey data to reproduce our 
results. 

6. Use W3 to produce weighted totals and means for critical survey variables by treatment 
group. 

7. Export these weighted totals and means to ACE3. 
8. Use generalized raking a third time (starting from W2 on ACE3) to generate weights that 

perfectly reproduce the critical weighted totals and means estimated on the ACF server, 
separately for the treatment and control samples. This will result in W4, the final set of 
nonresponse-adjusted weights to be used in all analyses of survey data on ACE3.  

9. Pass W4 through to the ACF server for merging with NDNH data. Verify that it works 
nearly as well as W3. If there are problems, attempt to make adjustments until 
satisfactory agreement is achieved between analyses based on W3 and those based on 
W4.  

4.3 ITEM NONRESPONSE AT FOLLOW-UP 

Item nonresponse is low for the confirmatory outcome and most of the secondary outcomes. For 
these, our plan is to deal with item nonresponse by dropping cases with missing outcomes. We 
will do this separately by outcome, so as to avoid unnecessary sample loss. We will also use 
this approach for most exploratory outcomes. For missing values on individual items with 
scales, we will leave the scale missing if any of the items in it are not answered.  

There are two major exceptions to our general rule of dropping cases with missing values from 
analyses requiring the variable, described above. The first concerns the variable for typical 
weekly hours in class for school subspells. The item nonresponse rate is close to 50 percent for 
typical weekly hours in class for school spells because of a specification error in the survey 
instrument. Weekly class hours is needed for the calculation of three secondary outcomes: 
cumulative hours of classes, completion of 6 or more full-time equivalent hours of training, and 
being career connected (in work or school full time). The survey instrument collects information 
on two types of spells: main spells (those that start when the participant is not otherwise 
engaged in work or school) and subspells (those that start when the participant is already 
engaged in work or school and continues both activities for some period of time). The 
instrument correctly asked weekly hours in class for main spells but failed to ask the 
corresponding question for subspells. For example, if a person continued working at a prior job 
(the main spell) when they started attending school (the subspell), we do not know their weekly 
class hours.  
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The instrument error for subspells was a late discovery, coming on the verge of the publication 
of this plan. As a result, we have not yet finalized a plan for dealing with these missing data. We 
know that we need to use some form of imputation and that it must be multiple imputation 
because imputation of this much data will introduce considerable additional uncertainty in the 
outcomes that can only be captured with multiple imputation. However, we are studying whether 
it is better to use HPOG 2.0 data on main spells to impute the subspells or to use HPOG 1.0 
data on subspells. Analysis of HPOG 1.0 data indicates students spend about 12 percent fewer 
hours in class for subspells than for main spells, which suggests the first option is not attractive 
because it may lead us to overestimate the number of hours spent in class during subspells. 
However, simply assuming that HPOG 2.0 subspells are like HPOG 1.0 subspells is also not 
attractive because of programmatic differences between HPOG 1.0 and 2.0.43

43 Several differences between HPOG 1.0 and HPOG 2.0 might affect training length. Compared to HPOG 1.0, 
OFA’s FOA and performance metrics aimed to induce HPOG 2.0 grantees to enroll more TANF recipients, to 
provide more basic skills training (and to recruit those who might not be able to benefit from the program in 
the absence of that basic skills training), to increase the emphasis on longer and follow-on training, and to 
discourage recruiting those already in training.   

 Use of NSC data 
to impute the subspells is also possible, but NSC data do not cover students enrolled in schools 
that are not colleges (i.e., degree granting); therefore this third option is also not attractive as 
many HPOG study participants complete training at non-degree granting institutions. We will 
explore some mixture of these approaches and document the adopted methodology in 
methodological appendices to the STIR. We will also update the study’s registration page at the 
Open Science Framework with our final plan before beginning to analyze impact findings.  

The other major exception to our general rule of just dropping cases with missing values from 
analyses requiring the variable concerns event dates. In addition to the variables just discussed, 
we have a variety of exploratory outcomes that involve accumulating information across spells. 
Even a low rate of missing dates in spell-level data can lead to a high missing data rate in the 
person-level summaries of spell histories. We anticipate a high level of nonresponse on spell 
start dates, and a lower but non-trivial level of missing data on spell end dates. Accordingly, we 
will also impute dates. For reasons that are explained in the following paragraphs, we will use 
an imputation method for dates that involves a single imputation. We developed this 
methodology on a prior study that used an instrument that was the model for the survey 
instrument used for this study. 

Date Imputation 

We anticipate that some survey respondents will have as many as 10 main spells, some “open” 
(still active as of interview date), some “closed” (ended prior to interview date), some school, 
some job, and up to six subspells (school or work spells that started in the middle of a prior 
school or work spell) on some of the main spells. Main spells by design should not overlap 
temporally, but subspells can overlap with one another and with one or multiple main spells. To 
deal with this complexity, we will use a sequential approach to imputation of dates: 

1. Start date for main spell #1 
2. End date for main spell #1 
3. Start dates for subspells of main spell #1 
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4. End dates for subspells of main spell #1 
5. Start date for main spell #2 
6. Start dates for all other main spells 
7. End dates for main spell #2 and all other main spells 
8. Start dates for subspells of main spell #2 and all other main spells 
9. End dates for subspells of main spell #2 and all other main spells 

We will impute all start dates of main spells (steps 1, 5, and 6) by modeling the lag between 
randomization and spell start date using the respondents who reported the main spell start date, 
then use results from that model to predict the lag between randomization and spell start date 
for the entire sample. We will then find the nearest neighbor (with respect to predicted lag) and 
add the neighbor’s reported lag onto the randomization date for the main spell with the missing 
start date.  

For the start dates of subspells (steps 3 and 8), we will model the lag between the start date of 
the associated main spell, find the nearest neighbor (with respect to predicted lag), and then 
add the neighbor’s reported lag onto the start date of the associated main spell for the subspell 
with the missing start date.  

Similarly, we will impute all end dates of spells (main and sub; steps 2, 4, 7, and 9) by modeling 
the spell duration, finding the nearest neighbor (with respect to predicted duration), and then 
adding the neighbor’s duration onto the spell start date for the spell with the missing end date.  

Where imputed values of start or end dates violate logical constraints (such as imputed start 
date preceding the reported end date of the same spell, or the imputed end date of one spell 
preceding the start date of another spell that the respondent reported started after the first spell 
was completed), we will reset the imputed value to the nearest value that did not violate logical 
constraints. This procedure is not well-suited for the creation of multiple imputations. At the 
nearest neighbor phases, there will be, by definition, a single nearest neighbor, so the 
imputations of start and end dates will be single imputations. 

Other Imputation 

Based on preliminary data explorations of STS data, we know that item nonresponse is high for 
a few other survey items (e.g., household income and earned credits). As discussed below, we 
considered using imputation for items other than dates and subspell weekly hours in class; 
however, the other survey items with high nonresponse are neither confirmatory nor secondary 
outcomes and we judged the potential benefits were not worth the additional complexity. As 
discussed in Sullivan et al. (2018), there are scenarios under which multiple imputation would 
improve the quality of inferences. Specifically, if a trial involves a single site and there is a 
subgroup with both a distinct treatment effect and a strongly different item response rate, then 
multiple imputation is superior if the researcher includes this subgroup membership in the 
imputation model. Although the Sullivan paper focuses on exogenous subgroups (such as those 
defined by age and race), the benefits of multiple imputation are even stronger if the subgroup is 
endogenous (such as those defined by progress at an intermediate time point). However, in a 
trial setting with a high dimensional space of variables defining potential subgroups of interest, it 
is not practical to include all possibly relevant variables in the imputation model, and methods to 
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search for the most relevant variables (those associated with both item nonresponse propensity 
and moderation or mediation of treatment effects) are not well developed. Moreover, in a multi-
site randomized experiment, such as HPOG 2.0, borrowing of strength across sites invalidates 
the variance estimates obtained for multiple imputed outcomes (Judkins 1996). Without being 
able to borrow strength across sites, it is unlikely that relevant subgroups will be discovered. 
There is simply not enough sample within most sites.  

Accordingly, we will only use multiple imputation for weekly class hours and dates, as discussed 
above. We will consider multiple imputation as a sensitivity analysis for the few exploratory 
outcomes with high item nonresponse rates. 

4.4 MATCHING ERRORS WITH NDNH DATA  

ACF’s Office of Child Support Enforcement (OCSE), which administers the NDNH, uses 
information from the Social Security Administration to check whether Social Security numbers 
(SSNs) submitted by researchers belong to the people named. If a name and SSN combination 
cannot be verified, OCSE refuses to provide NDNH data for those numbers. For HPOG 2.0 
applicants randomized through early 2017, the rate of questionable SSN ownership has been 
modest (2.7 percent), although it varies from 0.8 to 8.2 percent across programs.  

As a sensitivity analysis, we will use baseline PAGES data to model the propensity for providing 
an invalid SSN. If we find strong relationships between PAGES variables and invalid SNNs, we 
will develop a set of weights to adjust for missing earnings data. Although regression adjustment 
of impacts using the predictors of invalid SSNs might achieve similar bias reduction, we also 
plan to present mean earnings for the control and treatment groups. Using weights to adjust for 
the propensity to provide invalid SSNs should reduce bias on these estimated means and might 
also reduce bias on estimated program impacts. Whether the gain is worth the effort is less 
clear. A sensitivity analysis will provide insight on that question. 
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5. FINALIZING VARIANCE ESTIMATION PROCEDURES 

As discussed in the IEDP, we plan on using two different procedures for variance estimation—
one that is optimized for retrospective analyses and one that is optimized for prospective 
analyses. Our discussion here begins by motivating this dual approach (Section 5.1). We then 
turn to specific methods for estimating the precision of prospective analyses (Section 5.2).44

44  Methods for retrospective analysis are fully specified in the IEDP. 

 
Finally, we specify our planned approach (Section 5.3). In short, we tested the SAS procedure 
GLIMMIX and found that it appears to be very satisfactory for the task. 

5.1 MOTIVATING OUR ANALYSIS 

We plan two types of pooled analyses of the overall effect of the HPOG 2.0 grants. One 
analysis will be retrospective; the other will be prospective. The two analyses correspond to 
different research questions.  

• The retrospective analysis addresses the research question, What was the average 
impact of the local programs implemented by the HPOG 2.0 grantees? This is a 
retrospective research question because it asks about the impact for the specific grantees 
selected in the past.  

• The prospective analysis addresses the related, but different research question, What 
would be the average impact of the local programs implemented by grantees if there was 
another round of HPOG or some similar large national grants program? This is a prospective 
research question because it asks about the impact for grantees that might be selected in 
the future.  

Both research questions—and therefore both analyses—are of interest. Nevertheless, the 
primary reason we do evaluations is to guide future policy and program decisions. Those are 
prospective research questions for which prospective analyses are more appropriate. 

5.1.1 Two Sources of Random Variation 

For the purposes of the discussion here, we assume that the true average impact in the current 
collection of local programs equals the true average impact of programs implemented by future 
grantees. This assumption would be met if the pool of future programs is similar to the current 
programs as a group and if the selection criteria are the same. These assumptions seem 
unlikely to be satisfied exactly, but they are likely to be roughly satisfied. 

Rather than considering the effect of retrospective versus prospective analyses on the mean, 
the discussion here concerns the effect of the analysis on the precision of our estimates. 
Precision matters for the standard errors of the estimates, t-statistics, confidence intervals, and 
statements about statistical significance.  

In practice, there is sampling variability at two levels: within programs and across programs. 
With respect to variability within programs, who is assigned to treatment and who to control is 
random. That randomness induces sampling variability in the estimated overall treatment effect. 
That sampling variability gets smaller (formally, approaches zero) as the number of individuals 
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randomized grows. We expect to randomize nearly 40,000 applicants. As a result, compared to 
most other evaluations of job training programs, such sampling variability is much smaller—but 
far from zero. 

The situation is quite different for variability across programs—that is, some programs 
(current and/or future) have larger impacts than others. This variation in impact may arise from a 
variety of sources such as program design, fidelity of implementation to program design, staff 
skill/enthusiasm, and the average incoming skill levels of students served. Some programs 
serve larger numbers of trainees. This randomness also induces sampling variability in the 
estimated overall treatment effect. Such sampling variability gets smaller (formally, approaches 
zero) as the number of programs grows. But we have only 38 programs, so this source of 
sampling variability is likely to be non-trivial.  

5.1.2 Sampling Variability and Type of Analysis 

Retrospective analyses take the set of grantees as given—both their effectiveness and the sizes 
of the populations they serve. Such analyses therefore ignore the across-grantee variation in 
these features. In contrast, prospective analyses try to extrapolate to new grantees. To do so, 
prospective analyses need to consider across-grantee variation in effectiveness and volumes. A 
new set of grantees would almost certainly have a different constellation of effectiveness and 
volumes, so the overall effect of a new round of grantees will be different than the overall effect 
for the current set of grantees. This implies that our estimates will be less precise than they 
would be if we ignored that source of variation (as we do with retrospective analyses).  

Despite the lower precision of the prospective estimates, they are more appropriate as the 
primary estimates of precision for this study. As noted, the key policy and programmatic 
questions are prospective. Thus, prospective analyses—considering across-program variability 
in impact—are more appropriate. 

5.2 ESTIMATING PRECISION FOR PROSPECTIVE ANALYSES 

Having argued that prospective analyses are the appropriate primary measure of precision for 
HPOG 2.0, the challenge is then how to estimate precision for prospective analyses. 
Prospective analysis with survey-measured outcomes raises two issues. First, we have two 
sources of variation as discussed above: program effectiveness/volume and the variability of 
potential outcomes of applicants to the programs. We usually handle those two sources of 
variation with multi-level (in particular, two-level) models. Second, surveys often have 
considerable nonresponse. For HPOG 2.0 we obtained relatively high response rates—77 
percent for the treatment sample and 69 percent for the control sample. Nevertheless, bias due 
to the remaining nonresponse is a concern. We address that concern by constructing survey 
weights and using them in our analysis. 

Software making appropriate use of survey weights has long been available to estimate the 
variances for retrospective analysis.45

45  As noted in the IEDP, we will use SAS/SURVEYREG for such analyses. 

 Also, software is readily available to estimate multi-level 
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models that consider both sources of variation for prospective analysis of administratively 
measured outcomes.46

46  SAS/MIXED is an example of such software. 

For prospective analyses of survey data, we need software that handles both multi-level models 
and survey weights. Software has been developed to fit multi-level models to survey data, 
where the samples are selected in a two-stage probability design with known probabilities of 
selection at both stages,47

47  SAS/GLIMMIX is an example of such software. 

 but no one has tested its suitability for use in analyzing survey follow-
up data to a multi-site randomized trial on a collection of volunteer sites. This section reports the 
results of a simulation study of that issue. The results indicate that this software may be safely 
used for that purpose, meaning that biases in point estimates and associated variance 
estimates are small and that 95 percent confidence intervals actually cover the true estimates at 
rates close to the nominal rate of 95 percent.  

This section first describes the design of the simulation study and then presents the results. The 
basic concept is to design an interesting and relevant super-population that could have 
generated HPOG 2.0 as one random manifestation,48

48  Super-population is a concept from the theory of sample surveys. It refers to an unknown set of forces that 
follows a particular set of rules to shape the world around us. The assumption is that the world around us is 
just one random manifestation of an infinite collection of possible worlds. 

 generate a sequence of random 
manifestations of HPOG 2.0, apply the analysis procedure to each random manifestation, and 
finally compare the average results across the random manifestations to the known truth of the 
super-population. For example, if the super-population generates an effect size of 0.8, then we 
see how often the 95 percent confidence intervals based on the individual random 
manifestations include the value 0.8. The inferential procedure is considered valid if at least 95 
percent of the random manifestations yield a 95 percent confidence interval that includes the 
value 0.8. If coverage is little less than 95 percent, this is generally seen as still satisfactory. 

5.2.1 Design of the Simulation Study  

We designed a simulation that closely mimics the realization of HPOG 2.0 and has features 
suggested by HPOG 1.0 analyses, but is mostly hypothetical. This simulation has the following 
features:  

1. In every instance, there are 38 local programs. This is exactly as in HPOG 2.0. 
2. In every instance, there are 13,091 randomized individuals. This is exactly the sample 

size fielded for the short-term survey for HPOG 2.0. 
3. The average number of individuals per program is 345, generated with a gamma 

distribution designed to give a standard deviation of 251, but with a minimum count of 45 
individuals per program. These values roughly align with the distribution of individuals 
per program in HPOG 2.0. 

4. Individuals are randomized to treatment at a rate of 2:1 without replacement. This is 
exactly as in HPOG 2.0. 
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5. The response rate is 75 percent. The final response rate for the short-term follow-up 
survey for HPOG 1.0 was 76 percent. The response rate for HPOG 2.0 is not known yet, 
but looks to be close to 73 percent. 

6. Noting the possibility that current earnings (as measured in the NDNH) or current college 
enrollment (as measured in the NSC) might influence both response propensity and 
outcomes of interest, there is post-randomization variable C such as NDNH-reported 
earnings or NSC-reported enrollment that is related to both response propensity and the 
outcome of interest, Y, such as TANF receipt. C is an observed variable, but the fact that 
it is a post-randomization variable means that it cannot be used as a covariate in the 
regression model for Y. C can, however, be used to adjust for nonresponse, and we 
used it that way. We also created a baseline variable X that is also related to both 
response propensity and Y. On the PACE evaluation, Abt researchers detected a 
relationship of survey response status with both post-randomization NDNH earnings and 
NSC enrollment.49

49  PACE included nine sites. These relationships were found at some but not all the PACE sites. See Judkins, 
Juras, and Farrell (2019). No NSC data were available for HPOG 1.0, so it was not possible to test for such a 
relationship there, but staff on the HPOG 1.0 evaluation team did test for a relationship between NDNH 
earnings and survey response status and found none.  

 It is impossible to predict whether the same will manifest for HPOG 
2.0, but having this variable present in the simulation will make the simulation a stronger 
test of the software. 

7. The global effect of treatment is 0.8 with a variance of 0.3 across programs. (The unit 
level residual variance is 1, so the global effect of 0.8 is also the effect size.) The 
distribution of local effects across programs is normal, so the expected range of effects 
across a random sample of 38 programs is −0.37 to 1.97.50

50  Using the Blom (1958) approximation to the expected minimum and maximum of a simple random sample 
of 38 normal random variables.

 This is loosely based on 
HPOG 1.0 findings (see Chapter 7 of Peck et al. 2018). 

8. The coefficient of C in the logistic propensity model is 1.0. This is a large value, meaning 
that a one standard deviation in C increases the odds of response by a factor of 2.72. 
The coefficient of C in the super-population model for Y is also 1.0 for the control 
sample, but for the treatment sample it is only 0.2. This arrangement creates a strong 
nonresponse bias in the estimated effect of treatment unless special adjustments are 
made, such as the use of nonresponse-adjustment weights. We chose a value for this 
parameter to make the simulation a stronger test of the software. 

9. We drew 2,000 such samples, evaluating the bias and variance of estimates of both the 
overall effect of treatment and the between-program variation in that effect. This count is 
large enough so that pure simulation error is small. 
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5.2.2 Setup of SAS/GLIMMIX 

Letting T be a binary indicator of treatment, xbarj be the local mean of X, and xdev be the 
deviation of the individual’s X from the local mean, we used the code: 

proc GLIMMIX data=pop PCONV.001 method=quad (qpoints=7 initpl=5) AsyCov; 
  class site; 
  model y=xdev xbarj T/solution obsweight=weight; 
  random intercept T/subject=site G type=un; 
run; 

Note that declaring T to be random makes this a “random slopes” model, in which the local 
effect of treatment is assumed to be a normal random variable. GLIMMIX has multiple methods 
for fitting multi-level models, but only the quadrature method is available when observation-level 
weights are included. 

5.2.3 Results of the Simulation Study 

Exhibit 5-1 presents results from the simulation. The first panel presents results of GLIMMIX 
with weights and random slopes, the approach that we anticipated would work best. This 
specification performed very well for the overall effect of treatment. Recall that the true overall 
effect is 0.8 and the true variance in program effects is 0.3. As shown in Exhibit 5-1, the 
estimated overall effect was essentially unbiased (0.795 relative to the true value of 0.800; with 
a standard error of 0.002) with unbiased estimated standard errors (average estimated standard 
error of 0.096, nearly identical to the observed standard deviation of 0.097 across the 2,000 
replications), and coverage of 95 percent confidence intervals was nearly perfect (actual 
coverage of 94.7 percent with a standard error of 0.5 percentage points).  

Results for estimates of the cross-program variation in treatment effects are good, but not as 
good as those for the overall effect of treatment. The estimated cross-program variance of 0.325 
is 8 percent larger than the true cross-program variance of 0.3. The standard error of 0.002 on 
the average estimate of this variance means that this bias is very precisely estimated with a 
sample of 2,000 replications. 

Although this is a bit disappointing, it is much better than the alternative methods shown in 
Exhibit 5-1. If one drops use of the weights, the bias in the estimate of cross-program variance 
program effects is removed, but in its place a much worse bias in the overall effect arises. (Note 
that in the second panel, the estimated global effect is 0.605, which is 24 percent smaller than 
the true global effect of 0.8.) Using weights in a model with a fixed slope instead of random 
slopes (third panel) results in dramatic negative bias in the estimated standard error on the 
treatment effect and an actual coverage rate of only 30 percent for nominal 95 percent 
confidence intervals. Using neither weights nor random slopes (fourth panel) results in the worst 
results. Fewer than 10 percent of nominal 95 percent confidence intervals contain the true 
overall effect.  
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Exhibit 5-1: Results of Simulation Study on Use of GLIMMIX for Prospective Analysis  

Parameter 
Estimate 
(Truth) 

Bias 
(StdErr) 

Average 
Standard 
Error on 
Estimate 
(Truth) 

Bias  
(StdErr) 

Coverage of 
95% 
Confidence 
Interval (%) 
(StdErr) 

Use Weights and Random Slopes 
Overall treatment effect 0.795 

(0.800) 
−0.005 
(0.002) 

0.096 
(0.097) 

−0.002 
(0.0003) 

94.7 
(0.5) 

Cross-program variance in treatment 
effect 

0.325 
(0.300) 

0.025 
(0.002) 

0.082 
(0.084) 

−0.003 
(0.0005) 

94.1 
(0.5) 

Use Random Slopes but Not Weights 
Overall treatment effect 0.605 

(0.800) 
−0.195 
(0.002) 

0.085 
(0.096) 

−0.012 
(0.0013) 

41.7 
(1.1) 

Cross-program variance in treatment 
effect 

0.298 
(0.003) 

−0.002 
(0.002) 

0.067 
(0.096) 

−0.028 
(0.0007) 

76.0 
(1.0) 

Use Weights but Not Random Slopes 
Overall treatment effect 0.800 

(0.800) 
0.000 

(0.003) 
0.023 

(0.114) 
−0.092 

(<0.0001) 
30.3 
(1.0) 

Cross-program variance in treatment 
effect 

N/A 
(0.300) 

    

Use Neither Weights Nor Random Slopes 
Overall treatment effect 0.611 

(0.800) 
−0.189 
(0.003) 

0.026 
(0.115) 

−0.089 
(<0.0001) 

9.6 
(0.7) 

Cross-program variance in treatment 
effect 

N/A 
(0.300) 

    

5.3 OUR PLANNED APPROACH 

Given that this simulation study confirms the technical feasibility of prospective analysis, we will 
continue with the plan specified in the IEDP of leading with prospective analyses and relegating 
retrospective analyses to appendices. There is ample evidence from HPOG 1.0 that the 
effectiveness of programs funded through HPOG awards varies.51

51  See Chapter 7 of Peck et al. (2018), in particular Exhibit 7.2 in which four out of five tests of cross-program 
variation in effects are statistically significant. 

 Accordingly, relying on a 
fixed slope model for effects of the HPOG funding stream would result in overly confident 
findings (i.e., standard errors that are too small, concluding that a result was statistically 
significant when it was not). Using random slopes with nonresponse adjustments is a 
challenging task. Using SAS/GLIMMX, analyses with weights (slightly) overestimates cross-
program variance in effectiveness. The bias is fairly small with the large sample sizes available 
for the evaluation of HPOG 2.0. We conclude that GLIMMIX gives estimates that are of 
adequate quality; therefore, we will use it for our prospective analyses.  
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6. BAYESIAN ESTIMATES OF PROGRAM EFFECTS BY LOCAL 
PROGRAM 

The other chapters in this Analysis Plan have focused on how we will estimate the impact of the 
HPOG 2.0 funding stream. The individual grantees are, of course, also interested in the impacts 
of their local programs. Unfortunately, most programs serve too few students to support rigorous 
local evaluations. Unbiased estimates of local effects can be produced with very small sample 
sizes, but if the power is not adequate to detect effects of interest, then local evaluations can 
easily lead to a false conclusion that a program was ineffective. Bayesian methods offer a 
possible approach to this challenge.  

As discussed in Section 3.3 of the IEDP, Bayesian methods “shrink” estimates of local program 
effects towards the estimated effect of the HPOG 2.0 funding stream as a whole. Frequentist 
methods also exist for such shrinkage. In fact, the method for estimating prospective standard 
errors just discussed in Chapter 5 can also produce shrunken estimates. However, the variance 
estimates for shrunken local effects produced by the methods in Chapter 5 are known to be 
negatively biased (i.e., too small). This negative bias arises because frequentist methods treat 
the variance of the local effects as known rather than estimated. Bayesian methods provide 
shrunken estimates that are similar to those produced by frequentist methods but with fairer 
accompanying variance estimates.  

The IEDP mentioned the work of Quan et al. (2017) as a potential methodological template. 
Since then, Meager (2019) has published a slightly different approach that seems sensible. In 
particular, her selection of prior distributions for the components of variance seem more 
suitable. This chapter reviews Meager’s approach (Section 6.1) and provides more details of 
how we will implement it (Section 6.2). 

6.1 MEAGER’S APPROACH 

Meager presents several models, but the one that she stresses and that seems to fit the needs 
of the HPOG 2.0 evaluation fairly well is the following:  
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In this model, there is a random intercept ( kµ , the local average outcome for members of the 

control group) and a random slope ( kτ , the local effect of treatment) for each program. There 
are no covariates—either at the person level or at the program level. Meager has alternate 
models that include either person-level covariates or program-level covariates. Given the 
objective of estimating the local program effects, the inclusion of program-level covariates would 
be inappropriate, but it might be useful to add person-level covariates. We leave them out here 
to simplify the presentation. Adding such individual covariates would not present any substantial 
programming difficulties.  

The V matrix contains the between-program variance components. The term 2
µσ  is the between-

program variance in the outcome under local control conditions, where the term 2
τσ  is the 

between-program variance in the local program effects. The term µτσ  is the covariance 

between the outcome under local control conditions with the local program effect. The term 2
ykσ  

is the local residual variance in the outcome. It is assumed to be the same in the treatment and 
control arms. The global expected outcome under control conditions is µ , and the global 
expected program effect (i.e., the expected effect of the entire HPOG 2.0 funding stream for the 
grants) is τ . In the frequentist framework of Chapter 5 of this document, these four variance 
components and two global expectations are treated as unknown but fixed parameters. In the 
Bayesian framework of this chapter, they are treated as random variables with a joint prior 
distribution. This is an unattractive assumption, requiring the introduction of personal beliefs, but 
it is the key to being able to reflect the impact of uncertainty in the estimation of the variance 
components on the variance of the local program impact. 

This prior is simplified by assuming that the between-program variance components are 
independent of the local residual variance, and that both of these are independent of the two 
global expectations. The prior that Meager suggested for the two global expectations (each with 
a prior mean of 0 and a prior variance of 1 million) is probably more appropriate for dollar-
denominated outcomes than prevalences of binary characteristics. We discuss modifications to 
this part of the prior in Section 6.2.  

Polson and Scott (2012) give compelling reasons in favor of using the half-Cauchy prior for the 
scale parameter in a hierarchical model such as this. Basically, if this prior is used, then the 
average mean-squared error of the entire vector of local program effects will be similar to what 
would be obtained with a frequentist shrinkage method, while still allowing the Bayesian 
advantage of fairer variance estimates for the estimated local program effects.  

The LKJcorr distribution for correlation matrices was developed by Lewandowski, Kurowicka, 
and Joe (2009). The name appears to be due to one of the developers of Stan, a software 
system for Bayesian analysis (Stan Development Team, 2011-2019). For a model such as this 
with only two random effects (random intercepts and random slopes), this distribution is for the 
correlation between the random intercept and the random slope. This distribution has a single 
parameter, η . With this distribution, the probability density function for the correlation coefficient 
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ρ  is proportional to ( ) 121
η

ρ
−

− . Higher values of η  concentrate the likely range of the 

correlation coefficient closer to 0. Meager used a value for this parameter of 3. This value 
places 99.8 percent of the prior mass on correlations inside [−.9, 9] and 79 percent within [−5, 
.5]. 

6.2 MODEL BUILDING AND SELECTION OF PRIOR DISTRIBUTION 

This section provides preliminary thinking about how we will implement the models presented in 
the prior section. Final details will be in technical appendices to reports that contain these 
estimates.  

We will use the same baseline covariates as discussed in Chapter 2 for the main analyses. We 
will not use any program-level covariates because we are trying only to document the realized 
local program effects—not to explain them. We anticipate using slightly different priors than 
were used by Meager. Her outcomes are continuous (related to revenue, costs, and profits for 
small businesses funded with micro loans in developing nations). Because our confirmatory 
outcome at 15 months is a binary variable, we need to at least alter the parameters in the priors. 

For example, the upper limit on ykσ  would be more like 1 instead of 100,000. We also think that 
the correlation between the random intercept and the random slope is likely to be close to 0, so 
we may use ~ LKJcorr(50)Ω  rather than ~ LKJcorr(3)Ω . Furthermore, in our experience, the 
variance in random intercepts (i.e., the level of earnings for the control group at a program) is 
much larger than the variance in random slopes (i.e., the local impact of treatment), so we may 
use a prior for the between-program variance components of  

( )
( )

0 0
0 0

100 ~ Half-Cauchy 0,10

100 ~ Half-Cauchy 0,50

µ µ

τ τ
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We may need to switch to a multi-level logistic outcome to accommodate the binary nature of 
the outcome, but we are cautiously optimistic that this is not required for estimation of effects 
(as opposed to absolute levels). If we need to switch to a multi-level logistic model, this may 
require substantial changes to the priors. We will conduct simulation exercises where we know 
the truth to ensure that whatever procedure we wind up using has good frequentist properties in 
the neighborhood of effects that we think likely. 
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7. OUTLINE FOR THE SHORT-TERM IMPACT REPORT 

Exhibit 7-1 provides our working outline for the STIR. For the most part it is an elaboration of the 
outline presented in the IEDP, naming sections and subsections.  

Exhibit 7-1: Working Outline for the Short-Term Impact Report 
Overview 
Executive Summary 
1. Introduction 

1. HPOG 2.0 Program 
2. Overview of the HPOG 2.0 Evaluation 
3. Review of Literature 
4. Organization of the Report 

2. The HPOG 2.0 Evaluation 
1. The Broader OPRE Career Pathways Research Portfolio 
2. Theory of Action and Research Questions 
3. Overview of Randomization, Data, and Methods (including balance testing) 
4. Reading Impact Tables 

3. HPOG 2.0 Local Program Design and Implementation  
1. Program Characteristics (list of grantees, other)  
2. Participant Characteristics (at baseline: demographics, preparation for HPOG) 
3. Participant Initial Occupational Training 
4. Discussion 

4. HPOG 2.0’s Impacts on Training Participation, Service Participation, and Credentials (all outcomes from the STS, 
unless otherwise indicated) 

1. Impacts on Supportive Services Outputs (e.g., financial assistance and counseling services) 
2. Impacts on Education and Training Outputs (start, FTE weeks, still in training, timing of training) 
3. Impacts on Use of Cognitive Skills in Everyday Life  
4. Impacts on Education and Training Outcomes (degrees, external credentials;) 
5. Impacts on NSC-measured Education and Training Outputs and Outcomes for Early and Survey Cohorts 
6. Discussion 

i. Summary of Findings 
ii. Comparison to HPOG 1.0 
iii. Implications for HPOG 2.0 Impacts on Labor Market Outcomes  

5. HPOG 2.0’s Impacts on Earnings and Well-Being (all outcomes from the STS, unless otherwise indicated) 
1. Impacts on Labor Market Outcomes 

i. Current earnings 
ii. Self-Employment Earnings 
iii. Job Quality  
iv. Job Tenure 

2. Impacts on Career Connectedness 
3. Impacts on Program Participation 
4. Impacts on Income and Broader Measures of Well-Being (food security, housing stability, family structure) 
5. Impacts on NDNH-measured Labor Market Outcomes for Early and Survey Cohorts 

i. Earnings Over Time 
ii. Employment Over Time 

6. Discussion 
i. Summary of Findings 
ii. Comparison to HPOG 1.0 

6. Discussion  
1. Summary of Results 
2. Early Thoughts on Implications for Policy and Program Design 
3. Towards Follow-on Reports 
4. Final Thoughts 
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Appendix A: Program Context 
Appendix B: Data Sources 
Appendix C: Methods  
Appendix D: Sensitivity Analysis  

1. Administrative Data for Weights 
2. Weighting NDNH 
3. Imputation  
4. Covariate Choice 
5. Retrospective vs. Prospective Estimation and Variance Estimation 

Appendix E: Detailed Results 
Appendix F: Program-Specific Results 
References 

 

Key: FTE=full-time equivalent. NDNH=National Directory of New Hires. NSC=National Student Clearinghouse. STS=Short Term Survey. 

Relative to the HPOG 1.0 STIR, we note several changes:  

First, the HPOG 2.0 analysis for the STIR will not include analysis of local program 
enhancements (not included in the HPOG model design), nor of determinants of cross-program 
variation in impacts.  

Second, the HPOG 2.0 STIR’s description of the HPOG 2.0 model will be brief. There are and 
will be several other reports on implementation of HPOG 2.0. Those sources include the HPOG 
2.0 Annual Reports and the HPOG 2.0 Descriptive Evaluation Report (to be released in late 
2020 or early 2021). Consistent with the content of those other documents, the HPOG 2.0 
STIR’s description of HPOG (found in Chapter 2 in this Analysis Plan) will be much shorter than 
was the corresponding description for the HPOG 1.0 STIR. We envision a level of detail 
consistent with the corresponding discussion in the IEDP (Section 1.1, “The HPOG 2.0 
Programs”). 

Third, it is our plan to incorporate the subgroup results with the pooled results, rather than 
including them in a separate chapter with subgroup outcomes across outcomes as the HPOG 
1.0 STIR did. We find that such a strategy usually leads to an easier-to-read document. We will 
revisit that decision if the nature of the subgroup results suggests discussing subgroup results 
across outcomes together.  

Fourth, we will report estimates of impacts for longer follow-up. In HPOG 2.0 there were cohorts 
before the survey cohort. For some outcomes, administrative data provide longer follow-up 
information for these cohorts. There was no possibility of doing so in the HPOG 1.0 STIR 
inasmuch as all of the randomized sample in HPOG 1.0 was eligible for the short-term survey.  

These results will be included in their own sections towards the end of Chapters 4 (training from 
NSC) and 5 (labor market from NDNH).  We will label the results “early cohort” (see the outline 
Sections 4.6 and 5.54) and note that the sample sizes will grow and there may be changes in 
impact as the programs mature. Finally, all of these results will be treated as exploratory.  We 
may include mention of them in Executive Summary, but they will not be a focus.   
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8. SCHEDULE FOR THE SHORT-TERM IMPACT REPORT AND 
SUBSEQUENT REPORTS 

As discussed in the IEDP, we plan three reports for the HPOG 2.0 Impact Evaluation. Exhibit 
8-1 summarizes the information to be included in each report. Note that the intermediate-term 
survey sample will be a subsample of the STS.  

Exhibit 8-1: Data Available for Each HPOG 2.0 Impact Evaluation Report 
Randomization Period 

Rationale / Information Type

Target 
Publication 
Date Ea

rly
 S

am
pl

e  
(R

A 
2/2

01
6–

2/2
01

7)
 

ST
S 

Sa
m

pl
e  

(R
A 

3/2
01

7–
2/2

01
8)

 

IT
S 

Sa
m

pl
e  

(R
A 

9/2
01

7–
12

/20
17

) 

La
te

 S
am

pl
e  

(R
A 

3/2
01

8–
En

d)
a 

Short-Term Impact Report (STIR) 
First use of STS data  Early 2021 

Number of available NDNH quarters 9-13 5-9 5-7 0-5 
Number of available NSC quarters 11-15 7-11 7-9 0-7 
STS sample size (completes) 0 10,400 3,500 0 
NDNH sample with 1+ years of follow-up 11,700 13,000 4,300 1,500 
NDNH sample with 2+ years of follow-up 11,700 2,500 0 0 
NDNH sample with 3+ years of follow-up 4,200 0 0 0 

Intermediate-Term Impact Report 
First use of ITS data 2022 

Number of available NDNH quarters 16-20 12-16 13-14 0-12 
Number of available NSC quarters 18-22 14-18 15-16 0-14 
ITS sample size (completes) 0 4,000 4,000 0 
NDNH sample with 1+ years of follow-up 11,700 13,000 4,300 21,000 
NDNH sample with 2+ years of follow-up 11,700 13,000 4,300 9,000 
NDNH sample with 3+ years of follow-up 11,700 10,000 4,300 0 
NDNH sample with 4+ years of follow-up 11,700 800 0 0 

Longer-Term Impact Report 
Maximum length of administrative follow-up Sep 2024 

Number of available NDNH quarters 25-29 21-25 21-23 0-21 
Number of available NSC quarters 27-31 23-27 23-25 0-23 
NDNH sample with 2+ years of follow-up 11,700 13,000 4,300 24,000+ 
NDNH sample with 3+ years of follow-up 11,700 13,000 4,300 21,000 
NDNH sample with 4+ years of follow-up 11,700 13,000 4,300 9,000 
NDNH sample with 5+ years of follow-up 11,700 10,000 4,300 0 
NDNH sample with 6+ years of follow-up 11,700 800 0 0 

Key: ITS=intermediate-term survey. NSC=National Student Clearinghouse. RA=random assignment period. STS=short-term survey. 
a The end date for randomization is not yet known. 
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Exhibit 8-2 gives an overview of the timing of the major project activities: randomization, data 
collection, and reporting. 

Exhibit 8-2: HPOG 2.0 Program and Impact Evaluation Timeline 

8.1 SCHEDULE FOR THE SHORT-TERM IMPACT REPORT 

Data collection for the HPOG 2.0 Impact Evaluation’s short-term survey ran from October 2018 
to October 2019. Prior to completing the writing of this Analysis Plan, we conducted limited 
analyses of partial datasets to check on data quality and start to write analysis code to transform 
raw questionnaire responses into meaningful constructs. In doing so, we were careful not to split 
the sample by treatment group so as to avoid any accidental exposure to treatment effects that 
could color our judgments about issues in this plan. By January 2020, we hope to have 
completed work on nonresponse analysis, nonresponse adjustment, selection of alternate sets 
of covariates for sensitivity analyses, development of imputation software for outcomes, and 
refinement of existing analysis macros to incorporate weighted SAS/GLIMMIX runs with random 
slopes. We would then run the tables and produce draft tables in February 2020. This should 
allow us to submit a draft STIR to OPRE by mid-summer 2020. Publication would likely follow in 
early 2021.  

This schedule would allow us to include NDNH data including earnings through the second 
quarter of 2019 and NSC data through November 2019. The sample for the short-term survey 
consists of individuals randomized from March 2017 through February 2018. This means that 
for respondents to the survey, we will have a minimum of five and as many as nine quarters of 
NDNH data. Most analyses using NDNH and NSC data will include everyone randomized from 
February 2016 through February 2018.52

52 The Intermediate- and Longer-Term Impact Reports will include impacts on later cohorts. For the STIR, later 
cohorts will have so few post-randomization quarters in administrative data as to not be informative. 

 Chapter 6 of the STIR on the early cohorts will also 
include analysis of NDNH and NSC data for everyone randomized in the months before March 
2017. (Randomization started in February 2016.) This will include a full three years of data for 
the very earliest cohorts. This end point provides better alignment between survey-based and 
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NDNH-based impact analyses. For some analyses, we will report separate results for those 
applicants randomized before and during the survey cohort, testing for differences. 

8.2 SCHEDULE FOR THE INTERMEDIATE-TERM IMPACT REPORT  

We plan to finalize an analysis plan for the HPOG 2.0 Impact Evaluation’s Intermediate-Term 
Impact Report in early 2021. Data collection for the intermediate-term survey is currently 
expected to end in June 2021. We would then run the analyses and produce draft tables in 
November 2021. We expect that this schedule will allow us to include NDNH data through the 
first quarter of 2021 and NSC data through August 2021. The sample for the intermediate-term 
survey consists of applicants randomized from September 2017 through December 2017.53

53  The sample size for the intermediate-term survey is much smaller than the sample size for the STS. The 
intermediate sample size is large enough to detect national impacts. The STS was much larger because it 
also measures program-specific implementation quality through a section of the survey on student 
experiences. This will permit richer analyses of possible causes for any variation in impacts across 
programs. See Section 3.5 of the IEDP. 

 This 
means that for respondents in the survey, we will have at least 13 quarters of NDNH data on the 
entire sample.  

Following the planned practice for the STIR, most NDNH and NSC analyses will include the 
entire sample. For selected outcomes, we will conduct sensitivity analyses comparing outcomes 
by survey cohort—that is, before the short-term survey cohort, in the short-term survey cohort 
but not the intermediate term survey cohort, in both survey cohorts, after the short-term survey 
cohort. 

8.3 SCHEDULE FOR THE LONGER-TERM IMPACT REPORT 

There are currently no plans for new survey data to support the HPOG 2.0 Impact Evaluation’s 
Longer-Term Impact Report. Instead, this report will be based primarily on NSC and NDNH 
data. We will delay writing this report for as long as possible so as to allow more NSC and 
NDNH data to accumulate.  

Given that the contract supporting this evaluation ends in September 2024, we anticipate being 
able to use NDNH data through the second quarter of 2023 and NSC data through November 
2023. For the sample selected for the STS, this timing will allow us to observe at least 21 post-
randomization quarters of data. We will have 23 post-randomization quarters for those selected 
for both follow-up surveys. In addition to having the best opportunity to detect effects on 
earnings for those who pursue associate degrees, we will be able to focus on testing the theory 
of change for HPOG and trying to determine some of the traits of the local programs that are 
more successful. 
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APPENDIX A: OPERATIONALIZATION DETAILS ON ANALYTIC 
CONSTRUCTS 

This appendix provides detailed operationalization of the measures to be used in the analysis. It 
includes baseline measures (be they covariates, descriptive variables, or subgroup-defining 
variables) and all outcomes. These measures were introduced in the body of the Analysis Plan. 
This appendix adds information on the specific variable or items to be used to construct the 
measure and how we plan to combine those data to create the analysis variable. 

Exhibit A-1: Operationalization of Baseline Variables for Short-Term Impact Report 

Domain Variable Description Operationalization/Details 
Data 
Source(s) 

Demographics Female Binary flag PAGES 
Demographics Age Continuous PAGES 
Demographics Age Category • <21 

• 21–24 
• 25–34 
• 35+ 

PAGES 

Demographics Hispanic Binary flag. Set to 1 for Hispanic regardless of race PAGES 
Demographics American Indian / Alaskan 

Native (AIAN)  
Binary flag. Set to 1 for any AIAN, Hispanic AIAN, or multi-racial 
AIAN 

PAGES 

Demographics Black or African American  Binary flag. Set to zero if Hispanic or multi-racial PAGES 
Demographics White  Binary flag. Set to zero if Hispanic or multi-racial PAGES 
Demographics Asian, Native Hawaiian, or other 

Pacific Islander, or Multi-racial 
Binary flag. Set to zero if Hispanic or AIAN multi-racial PAGES 

Demographics Marital status • Married 
• Living with an unmarried partner 
• Separate, divorced, or widowed 
• Never married 

PAGES 

Demographics Nativity • Born citizen 
• Naturalized citizen 
• Not a citizen 

PAGES 

Demographics Caregiving parent • 0 children 
• 1 child 
• 2 children 
• 3+ children 

PAGES 

Educational 
progress 

Educational attainment • No GED or HS diploma 
• GED but no HS diploma 
• High school diploma 
• Some college but less than 1 year 
• A year or more of college but no degree 
• Associate degree or higher 

PAGES 

Educational 
progress 

Received exam-based 
certification/license 

Binary flag PAGES 

Educational 
progress 

Received occupation certificate 
or diploma from a school 

Binary flag PAGES 

Educational 
progress 

Enrolled at randomization Binary flag PAGES 
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Domain Variable Description Operationalization/Details 
Data 
Source(s) 

Educational 
progress 

Ever took basic skills courses Binary flag. Covers basic reading, writing, and math skills PAGES 

Educational 
progress 

Ever took ESL classes Binary flag for English as a Second Language classes PAGES 

Educational 
progress 

Ever took classes in how to 
succeed at work 

Binary flag PAGES 

Educational 
progress 

Ever took classes in how to 
succeed at school 

Binary flag PAGES 

Educational 
progress 

Expects to earn a degree Binary flag PAGES 

Educational 
progress 

Plan to be full-time student Binary flag PAGES 

Labor market Ever worked for pay Binary flag PAGES 
Labor market Employed at randomization Binary flag PAGES 
Labor market Ever employed in healthcare Binary flag PAGES 
Labor market Employed in healthcare at 

randomization 
Binary flag PAGES 

Labor market Typical work hours per week at 
randomization 

Review for outliers. Truncate unreasonable answers PAGES 

Labor market Hourly wage at randomization Review for outliers. Truncate unreasonable answers PAGES 
Labor market Expect to work for pay within 

next 6 months 
Binary flag PAGES 

Labor market Expected work hours per week 
over next 6 months 

Review for outliers. Truncate unreasonable answers PAGES 

Labor market Reservation wage Review for outliers. Truncate unreasonable answers PAGES 
Labor market Work eagerness Average of scale response (4-point scale ranging from strongly 

disagree to strongly agree) to two prompts: 
• I will take any job even if the pay is low 
• I only want the kind of job that is related to my education or 

training 

PAGES 

Labor market Earnings over past 12 months Categorical with 9 levels (Breaks at increments of $5,000 from 
$0 to $35,000. Separate category for $0) 

PAGES 

Labor market Quarterly wages for each of the 
8 quarters preceding quarter of 
randomization 

Collection of 8 continuous variables. Review for outliers. 
Truncate unreasonable answers 

NDNH 

Labor market UI benefits for each of the 8 
quarters preceding quarter of 
randomization 

Collection of 8 continuous variables. Review for outliers. 
Truncate unreasonable answers 

NDNH 

Labor market Any employed in each of 8 
quarters preceding quarter of 
randomization 

Collection of 8 binary flags NDNH 

Labor market Any UI benefits in each of the 8 
quarters preceding quarter of 
randomization 

Collection of 8 binary flags NDNH 

Well-being TANF recipient Binary flag for personal receipt of TANF at intake PAGES 
Well-being Medicaid beneficiary Binary flag for personally being a Medicaid beneficiary at intake PAGES 
Well-being SNAP recipient Binary flag for household receipt of SNAP at intake PAGES 
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Domain Variable Description Operationalization/Details 
Data 
Source(s) 

Well-being WIC recipient Binary flag for household receipt of WIC at intake PAGES 
Well-being Means-tested household 

beneficiary 
Binary flag for receipt by anyone in the household of any 
combination of TANF, SNAP, WIC, Medicaid, free/reduced-price 
lunch, subsidized child care/voucher, Section 8 / public housing, 
LIHEAP, refugee cash assistance at intake 

PAGES 

Well-being Household income (over past 12 
months) 

Categorical with 13 levels PAGES 

Well-being UI exhaustee Binary flag PAGES 
Well-being Veteran Binary flag PAGES 
Well-being Individual with disability Binary flag PAGES 
Well-being Limited English proficiency Binary flag PAGES 
Skills Literary skills below 8th grade Binary flag  PAGES 
Skills Math skills below 8th grade Binary flag  PAGES 
Skills Grita The 8-item scale captures persistence and determination. 

Response categories ranged from 1 (strongly disagree) to 4 
(strongly agree). Missing if any responses blank 
a. New ideas and projects sometimes distract me from 

previous ones. 
b. Setbacks don’t discourage me. 
c. I have been obsessed with a certain idea or project for a 

short time but later lost interest.  
d. I am a hard worker. 
e. I often set a goal but later choose to pursue a different one. 
f. I often have difficulty maintaining my focus on projects that 

take more than a few months to complete. 
g. I finish whatever I begin. 
h. I am diligent. 
 
Items c, e, and f are reversed before summing with others. A 
higher value indicates stronger grit. Missing if any responses 
blank 

PAGES 

Skills Academic confidenceb Average of 12 items (scale ranging 1-6) after reversing 
responses to negatively phrased items. Missing if any responses 
blank. Items copyrighted 

PAGES 

Skills Frequency of problems with 
child care arrangements 

Scale ranging from 1 (never) to 5 (very often) PAGES 

Skills Frequency of problems with 
transportation 

Scale ranging from 1 (never) to 5 (very often) PAGES 

Skills Frequency of problems with 
personal illness of health 
conditions 

Scale ranging from 1 (never) to 5 (very often) PAGES 

Skills Frequency of problems with 
alcohol or drug use 

Scale ranging from 1 (never) to 5 (very often) PAGES 

Skills Frequency of other situations 
that interfered with school, work, 
job search, or family 
responsibilities 

Scale ranging from 1 (never) to 5 (very often) PAGES 

Skills Life challenges faced Average of up to 5 preceding variables. Missing if any responses 
blank 

PAGES 
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Domain Variable Description Operationalization/Details 
Data 
Source(s) 

Skills Barriers Binary flag for a response of “very often” for problems with child 
care, transportation, or personal illness/health frequently 
interfering with school, work, job search, or family 
responsibilities. Missing if any responses blank 

PAGES 

Skills Career knowledgec This 7-item scale was based on a review of 6 survey instruments 
as well as literature. Response categories ranged from 1 
(strongly disagree) to 4 (strongly agree): 
a. You know how to accurately assess your abilities and 

challenges? 
b. You know how to make a plan that will help achieve your 

goals for the next five years? 
c. You know how to get help from staff and teachers with any 

issues that might arise at school? 
d. You know the type of job that is best for you? 
e. You know the type of organization you want to work for? 
f. You know the occupation you want to enter? 
g. You know the kind of education and training program that is 

best for you?  

Constructed by assigning a score from 1 to 4 to each response 
and then averaging the scores. A higher score represents 
greater agreement with the statements and stronger career 
knowledge. Missing if any responses blank. 

PAGES 

Skills Generalized self-efficacyd This 9-item scale asks respondents to rank the truth of the 
following statements using a 4-point scale ranging from “not at 
all true” to “entirely true”: 

a) I can always manage to solve difficult problems if I try 
hard enough. 

b) It is easy for me to stick to my aims and accomplish 
my goals. 

c) I am confident that I could deal efficiently with 
unexpected events. 

d) Thanks to my resourcefulness, I know how to handle 
unforeseen situations. 

e) I can solve most problems if I invest the necessary 
effort. 

f) I can remain calm when facing difficulties because I 
can rely on my coping abilities. 

g) When I am confronted with a problem, I can usually 
find several solutions. 

h) If I am in trouble, I can usually think of a solution. 
i) I can usually handle whatever comes my way. 

 
Constructed by assigning a score from 1 to 4 to each response 
and then averaging the scores. A higher score represents 
greater agreement with the statements and stronger self-
efficacy. Missing if any responses blank 

PAGES 

Key: HS=high school. LIHEAP=Low Income Home Energy Assistance Program. SNAP=Supplemental Nutrition Assistance Program. 
TANF=Temporary Assistance for Needy Families. UI=Unemployment Insurance. WIC=Special Supplemental Nutrition Program for Women, 
Infants, and Children. 

a Existing scale from Duckworth, Peterson, Matthews, and Kelly (2007). 
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b Modified version of the Academic Self-Confidence scale in the Student Readiness Index (SRI), a proprietary product of ACT, Inc. (Le et al. 
2005). For further validation, see Peterson, Casillas, and Robbins (2006). 

c The first two scale items (a, b) were adapted from the Career Decision Self-Efficacy-Short Form (Betz and Taylor 2001). Items d-f were 
adapted from the Career Exploration Survey (Stumpf, Colarelli, and Hartman 1983). Two items (c, g) were new and written specifically for 
the PACE Basic Information Form. 

d Self-efficacy refers to “beliefs in one’s capabilities to organize and execute the courses of action required to produce given attainments” 
(Bandura 1997). Self-efficacy is hypothesized to improve employment and earnings by improving job search and by increasing performance 
in the workplace (Bandura 1982; Kanfer and Hulin 1985). This measure was formalized as the Generalized Self-Efficacy Scale by 
Schwarzer and Jerusalem (1995). 
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Exhibit A-2: Operationalization of Confirmatory and Secondary Outcomes for Short-
Term Impact Report 

Domain Variable Description Operationalization/Details 
Outcome 
Designation Data Source(s) 

Educational 
progressa 

Completed initial 
training or still in school 
as of 15 months after 
randomization 

Binary indicator of at least one of: 
• Received a diploma or degree for completing 

regular college classes since randomization 
• Received a diploma or certificate from a school 

for completing vocational training since 
randomization  

• Completed a professional, state, or industry 
certificate, license, or credential since 
randomization 

• Still in training with no program withdrawals 
since randomization 

Confirmatory  STS: C2, C2f, C3a, 
C3b, C3c, C3h, C4, 
C4e, detailed spell 
history from Section 
A 

Educational 
progressa 

Hours of training 
through 15 months 
after randomization  

For each school spell in Section A, multiply duration 
of spell by average hours in class. Impute start 
dates, end dates, and hours in class per week where 
necessary. Subtract duration of longest break (if 
any). (We know the number of breaks but only asked 
about the duration of the longest one.) Sum over 
spells for respondents with more than one spell. 
Prorate any spells that span 15-month mark 

Secondary STS: detailed spell 
history from Section 
A 

Educational 
progressa 

Earned any new 
credential from any 
grantor as of 15 
months after 
randomization 

Binary indicator of at least one of: 
• Received a diploma or degree for completing 

regular college classes since randomization 
• Received a diploma or certificate from a school 

for completing vocational training since 
randomization  

• Completed a professional, state, or industry 
certificate, license, or credential since 
randomization 

Secondary STS: C2, C2f, C3a, 
C3b, C3c, C3h, C4, 
C4e 

Educational 
progressa 

Earned an exam-based 
professional, state, or 
industry certificate or 
license as of 15 
months after 
randomization 

Binary indicator of: 
• Completed a professional, state, or industry 

certificate, license, or credential since 
randomization 

Secondary STS: C4, C4e 

Educational 
progressa 

At least 6 FTE months 
of training as of 15 
months after 
randomization  

Calculate hours of training per above, and flag hours 
greater than or equal to 360 

Secondary STS: detailed spell 
history from 
Section A 

Labor market Quarterly earnings for 
the 5th quarter after 
random assignment 

Continuous variable. Zero if no earnings. Missing if 
SSN does not appear correct for named person 

Secondary NDNH 

Labor market Any employment 
during the 5th quarter 
after random 
assignment 

Binary flag. Missing if SSN does not appear correct 
for named person 

Secondary NDNH 
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Domain Variable Description Operationalization/Details 
Outcome 
Designation Data Source(s) 

Labor market Healthcare 
employment as of 
survey interview 

Binary flag. Survey question tends to pick up both 
jobs in the healthcare industry and healthcare jobs in 
other industries. Many of the reported jobs in the 
healthcare industry are not healthcare jobs by 
occupation 
Survey has detailed questions about job title, 
industry of employer, and typical daily duties. These 
are sent to the U.S. Census Bureau. Using protocols 
developed for the American Community Survey, 
clerks at the Census Bureau determine a standard 
occupational code for each job. U.S. government 
agencies have a system for classifying these by 
whether or not they are healthcare jobs. At core, for 
a job to be considered a “healthcare” job, it must 
involve participation in the diagnosis or treatment of 
healthcare problems. Merely feeding or cleaning 
adults in a healthcare setting does not qualify a job 
as a healthcare job per this system. Specifically, 
2010 Standard Occupational Classification codes in 
the following “minor groups” are considered 
healthcare: 29-1, 29-2, 29-9, 31-1, 31-2, and 31-9 

Secondary STS: D6, detailed 
spell history from 
Section A 

Labor market Employed at job that 
provides health 
insurance as of survey 
interview 

Binary flag. Use history to determine whether job is 
current or former 

Secondary STS: D10a, detailed 
spell history from 
Section A 

Career progress Career connected Binary flag. Either employed full-time at 15 months 
after randomization, attending school full-time, or a 
mixture of part-time work and school at the same 
time. Full time work means 35+ hours per week.  
Full-time study means spending at least 12 hours per 
week in classes, under the assumption that two 
hours of homework are required for each hour in 
class. The third criterion can be met with 20+ hours 
of work per week and at least 6 hours per week in 
class. Impute weekly hours in class where missing. 

Secondary STS: detailed spell 
history from Section 
A 

Key: FTE=full-time-equivalent. NDNH=National Directory of New Hires. SSN=Social Security number. STS=short-term survey. 
a People who dropped out for a period and then returned to school but have not yet earned a credential are not counted as having made 

educational progress. This is the same rule used for the short-term confirmatory outcome for HPOG 1.0. Note though that for HPOG 1.0, 
the parallel outcome was only measured at survey follow-up, a milepost with considerable variability from person to person. Because of the 
detailed employment and training history collected in the short-term survey for HPOG 2.0, we can instead measure consistently at 15 
months post randomization.  
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Exhibit A-3: Operationalization of Exploratory Outcomes for Short-Term Impact Report 
Domain Variable Description Operationalization/Details Data Source(s) 
Educational 
progress 

Earned any new credential and 
continued/resumed training as of 
15 months after randomization 

Binary indicator of at least one of: 
• Received a diploma or degree for completing regular 

college classes since randomization 
• Received a diploma or certificate from a school for 

completing vocational training since randomization  
• Completed a professional, state, or industry certificate, 

license, or credential since randomization 
Plus: 
Started a new course of study after earning credential 
(which may or may not have been completed) 

STS: C2, C2f, C3a, 
C3b, C3c, C3h, C4, 
C4e, detailed spell 
history from 
Section A 
 

Educational 
progress 

Earned any new credential from 
an IHE as of 15 months after 
randomization 

Binary indicator of at least one of: 
• Received a diploma or degree for completing regular 

college classes since randomization 
• Received a diploma or certificate from a school for 

completing vocational training since randomization  

STS: C2, C2f, C3a, 
C3b, C3c, C3h 
 

Educational 
progress 

Earned any new credential from 
a college as of 15 months after 
randomization 

Binary indicator of at least one of: 
• Received a diploma or degree for completing regular 

college classes since randomization 
• Received a diploma or certificate from a school for 

completing vocational training since randomization  
where the school is a degree-granting school according to 
IPEDS. IPEDS status obtained by matching the respondent-
reported IHE name to the federal IPEDS database 

STS: A8, C2, C2f, 
C3a, C3b, C3c, 
C3h 
 

Educational 
progress 

Earned any new credential from 
an IHE other than a college as of 
15 months after randomization 

Binary indicator of at least one of: 
• Received a diploma or degree for completing regular 

college classes since randomization 
• Received a diploma or certificate from a school for 

completing vocational training since randomization  
where the school is not a degree-granting school according 
to IPEDS. IPEDS status obtained by matching the 
respondent-reported IHE name to the federal IPEDS 
database 

STS: A8, C2, C2f, 
C3a, C3b, C3c, 
C3h 
 

Educational 
progress 

Earned new credential requiring 
a year or more of study from an 
IHE (college or other) as of 15 
months after randomization 

Binary indicator of at least one of: 
• Received a diploma or degree for completing regular 

college classes since randomization 
• Received a diploma or certificate from a school for 

completing vocational training since randomization  
where the required study period is typically a year or longer. 
Typical length of study reported by respondent for academic 
diplomas and imputed for vocational diplomas and 
certificates 

STS: C2, C2b, C2f, 
C3a, C3b, C3c, 
C3h 
 

Educational 
progress 

Earned degree as of 15 months 
after randomization 

Binary indicator of degree receipt STS: C2b 

Educational 
progress 

Earned degree or exam-based 
certification or license as of 15 
months after randomization 

Binary indicator of at least one of: 
• Received a degree 
• Received a certification or license 

STS: C2b, C4 
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Domain Variable Description Operationalization/Details Data Source(s) 
Educational 
progress 

Earned any new credential from 
any institute of higher education 
(college or other) as of 15 
months after randomization and 
received job search or placement 
assistance while attending that 
school 

Binary indicator of both of: 
• Any new school-issued credential, and 
• Job search or placement assistance while attending 

that school 

STS: C2, C2f, C3a, 
C3b, C3c, C3h, 
B13e 

Educational 
progress 

Earned any new credential from 
any institute of higher education 
(college or other) as of 15 
months after randomization and 
was offered opportunities for 
direct experiences with 
occupations related to studies or 
career goals 

Binary indicator of both of: 
• Any new school-issued credential, and 
• Any of: 

o Work study job 
o Clinical experience or practicum 
o Arranged visits from or to learn about individual 

employers 
o Class taught by instructors from local employer or 

class offered on-site at local employer 
o An apprenticeship, or 
o Other work experience 

 

STS: C2, C2f, C3a, 
C3b, C3c, C3h, 
B16a-f 

Educational 
progress 

Cumulatively any training 
through each of Q1 through Q5 
after random assignment 

Impute missing start and end dates for spells. Note dates of 
longest break. Align dates with relevant quarters. Create 
binary flag for each quarter 

STS: detailed spell 
history from 
Section A 

Educational 
progress 

Still enrolled as of survey Impute missing start and end dates for spells. Create binary 
flag if open training spell reported. 

STS: detailed spell 
history from 
Section A 

Educational 
progress 

Cumulative months of training 
through each of Q1 through Q5 
after random assignment 

Impute missing start and end dates for spells. Also weekly 
hours in class. Note dates of longest break. Align dates with 
relevant quarters. Some relevant months for each quarter 

STS: detailed spell 
history from 
Section A 

Educational 
progress 

Cumulative hours of training 
through each of Q1 through Q5 
after random assignment 

Impute missing start and end dates for spells. Impute 
missing typical weekly hours of classes. Note dates of 
longest break. Assume constant hours per week over 
balance of spell. Multiply weeks by weeks per hour to get 
hours of study for each month from each school. Sum 
across months and schools for each quarter 

STS: detailed spell 
history from 
Section A 

Educational 
progress 

Had at least k months of full-
time-equivalent training as for 
months after randomization 
(repeat for k=1 to k=15) 

Impute missing start and end dates for spells. Impute 
missing typical weekly hours of classes. Note dates of 
longest break. Assume constant hours per week over 
balance of spell. Multiply weeks by weeks per hour to get 
hours of study for each month from each school. Sum 
across schools within each month: 
• If at least 12 hours, mark month as 1 FTE month 
• If at least 9 but less than 12 hours, mark month as 0.75 

FTE month 
• If at least 6 but less than 9 hours, mark month as 0.5 

FTE month 
• If at least 3 but less than 6 hours, mark month as 0.25 

FTE month 
• If less than 3 hours, mark month as 0 FTE month 
Sum FTE months across months. Then create flag for each 
level 

STS: detailed spell 
history from 
Section A 
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Domain Variable Description Operationalization/Details Data Source(s) 
Educational 
progress 

Cumulatively any college 
enrollment through each of Q1 
through Q5 after random 
assignment 

Binary flag for each quarter NSC 

Educational 
progress 

Purpose of training was to 
prepare for a healthcare career 

Binary flag STS: C1a 

Educational 
progress 

Earned a new credential (as of 
15 months after randomization) 
associated with an occupation 
where the entry hourly wage is 
typically below $10/hour 

Binary flag based on coding of target occupation by the 
Census Bureau, O-Net report of entry wages for the 
occupation, and respondent report of credential receipt 

STS: Most of 
Section C 

Educational 
progress 

Earned a new credential (as of 
15 months after randomization) 
associated with an occupation 
where the entry hourly wage is 
typically in the range of $10 to 
$12/hour 

Binary flag based on coding of target occupation by the 
Census Bureau, O-Net report of entry wages for the 
occupation, and respondent report of credential receipt 

STS: Most of 
Section C 

Educational 
progress 

Earned a new credential (as of 
15 months after randomization) 
associated with an occupation 
where the entry hourly wage is 
typically above $12/hour 

Binary flag based on coding of target occupation by the 
Census Bureau, O-Net report of entry wages for the 
occupation, and respondent report of credential receipt 

STS: Most of 
Section C 

Educational 
progress 

Earned any credits as of survey 
interview 

Binary flag. Impute spell-specific status, then flag if true for 
any spell 

STS: B3 

Educational 
progress 

Cumulative credits earned as of 
survey interview 

Count variable. Impute number of credits by spell, where 
necessary, then sum across spells 

STS: B3a, B3b, 
B3c. 

Educational 
progress 

Earned degree as of 15 months 
after randomization 

Binary flag STS: C2b, C2f 

Educational 
progress 

Earned degree or exam-based 
certification or license as of 15 
months after randomization 

Binary flag STS: C2b, C2f, C4, 
C4e 

Educational 
supports 

Hour of counseling (one-on-one 
or group) as of 15 months after 
randomization 

Only bracketed amounts reported in survey. Exact amount 
imputed using regression software for interval-censored 
data with the assumption that the underlying distribution is 
log normal for those with any such hours. Summed across 
spells for those with more than one spell. If spell spanned 
15th month, amount prorated 

STS: B14, detailed 
spell history from 
Section A 

Educational 
supports 

Cumulatively any receipt of one-
on-one counseling through each 
of Q1 through Q5 after random 
assignment 

Set of binary flags. Using previously reported start and end 
dates of spells, identify which spells are relevant to each 
quarter and flag those with at least 1-5 hours of one-on-one 
counseling during the spell. 

STS: B14, detailed 
spell history from 
Section A 

Educational 
supports 

Any tutoring as of 15 months 
after randomization 
(Conditional on any training) 

Binary flag. Using previously reported start and end dates of 
spells, identify which spells are relevant to the 15-month 
mark and flag those with any tutoring during the spell 

STS: B13a, 
detailed spell 
history from 
Section A 

Educational 
supports 

Any academic advising as of 15 
months after randomization 
(Conditional on any training) 

Binary flag. Using previously reported start and end dates of 
spells, identify which spells are relevant to the 15-month 
mark and flag those with any academic advising during the 
spell 

STS: B13b, 
detailed spell 
history from 
Section A 
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Domain Variable Description Operationalization/Details Data Source(s) 
Educational 
supports 

Any financial aid advising as of 
15 months after randomization 
(Conditional on any training) 

Binary flag. Using previously reported start and end dates of 
spells, identify which spells are relevant to the 15-month 
mark and flag those with any financial aid advising during 
the spell 

STS: B13c, 
detailed spell 
history from 
Section A 

Educational 
supports 

Any career counseling as of 15 
months after randomization 
(Conditional on any training) 

Binary flag. Using previously reported start and end dates of 
spells, identify which spells are relevant to the 15-month 
mark and flag those with at any career counseling during 
the spell 

STS: B13d, 
detailed spell 
history from 
Section A 

Educational 
supports 

Any job search or placement 
assistance as of 15 months after 
randomization 
(Conditional on any training) 

Binary flag. Using previously reported start and end dates of 
spells, identify which spells are relevant to the 15-month 
mark and flag those with at any job search etc. during the 
spell 

STS: B13e, 
detailed spell 
history from 
Section A 

Educational 
supports 

Any caseworker help as of 15 
months after randomization 
(Conditional on any training) 

Binary flag. Using previously reported start and end dates of 
spells, identify which spells are relevant to the 15-month 
mark and flag those with any caseworker help during the 
spell 

STS: B13f, detailed 
spell history from 
Section A 

Educational 
supports 

Hours of one-on-one services as 
of 15 months after randomization 
(Conditional on any training) 

Continuous variable. Using previously reported start and 
end dates of spells, identify which spells are relevant to the 
15-month mark, flag those with at least 1-5 hours of one-on-
one counseling during the spell, impute amounts where 
necessary, and then sum across relevant spells. Prorate 
any straddling spells. Use interval-based regression and log 
normal assumption to impute continuous hours from 
reported bracketed hours 

STS: B14, detailed 
spell history from 
Section A 

Educational 
supports 

Hours of group services as of 15 
months after randomization 
(Conditional on any training) 

Continuous variable. Using previously reported start and 
end dates of spells, identify which spells are relevant to the 
15-month mark, flag those with any group counseling during 
the spell, impute amounts where necessary, and then sum 
across relevant spells. Prorate any straddling spells. Use 
bracketed amount to impute continuous hours for those who 
responded to B15a instead of B15 

STS: B15, B15a, 
detailed spell 
history from 
Section A 

Educational 
costs 

School expenses paid from own 
earnings, spouse/partner 
earnings, or savings as of 15 
months after randomization 

Imputed if necessary. Summed across spells for those with 
more than one spell. If spell spanned 15th month, amount 
prorated 

STS: B7, detailed 
spell history from 
Section A 

Educational 
costs 

School expenses paid from own 
earnings, spouse/partner 
earnings, savings, family 
transfers, loans in own name, 
and loans in parents’ names as 
of 15 months after randomization 

Data from four questions summed after each is imputed. 
Categorical amounts used to impute exact amounts where 
available. Summed across spells for those with more than 
one spell. If spell spanned 15th month, amount prorated 

STS: B7, B8, B9, 
B9a, B10, B10a, 
detailed spell 
history from 
Section A 

Educational 
costs 

School expenses paid from own 
earnings, spouse/partner 
earnings, or savings plus 
imputed child care expenses 
paid by any source as of 15 
months after randomization 

Child care expenses imputed based on number of children 
under age 14, required hours of child care, and national 
average costs of child care. Different national average costs 
assumed for children under age 5 than those age 6 to 13. 
Imputed amount then added to previously calculated school 
expenses paid from ready personal sources. Summed 
across spells for those with more than one spell. If spell 
spanned 15th month, amount prorated 

STS: A7a, A7b, 
A12, B7, detailed 
spell history from 
Section A 



 

Abt Associates Analysis Plan for the HPOG 2.0 National Evaluation Short-Term Impact Report ▌pg. 55 

Domain Variable Description Operationalization/Details Data Source(s) 
Educational 
costs 

School expenses paid from own 
earnings, spouse/partner 
earnings, savings, family 
transfers, loans in own name, or 
loans in parents’ names plus 
imputed child care expenses 
paid by any source as of 15 
months after randomization 

Childcare expenses imputed as above and then added to 
previously calculated school expenses paid from ready 
personal sources, family transfers, or loans. Summed 
across spells for those respondents with more than one 
spell. If spell spanned 15th month, amount prorated 

STS: A7a, A7b, 
A12, B7, B8, B9, 
B9a, B10, B10a, 
detailed spell 
history from 
Section A 

Educational 
costs 

Received any assistance with 
child care expenses related to 
training as of 15 months after 
randomization 

Binary flag. All relevant spells checked for respondents with 
more than one spell. If spell spanned 15th month, flag set 

STS: B11f, detailed 
spell history from 
Section A 

Educational 
costs 

Borrowed any money in own 
name to attend school as of 15 
months after randomization 
(Conditional on any training) 

Binary flag. Using previously reported start and end dates of 
spells, identify which spells are relevant to the 15-month 
mark and flag those during which the respondent took out 
money in own name 

STS: B6e, detailed 
spell history from 
Section A 

Educational 
costs 

Borrowed any money in own 
name or parents’ names to 
attend school as of 15 months 
after randomization 
(Conditional on any training) 

Binary flag. Using previously reported start and end dates of 
spells, identify which spells are relevant to the 15-month 
mark and flag those during which the respondent or his/her 
parent(s) took out money to finance the education spell 

STS: B6e, B6f, 
detailed spell 
history from 
Section A 

Labor market Quarterly earnings in Q1, Q2, 
Q3, and Q4 after random 
assignment 

Continuous variable. One for each named quarter NDNH 

Labor market Cumulative earnings through 
each of Q2 through Q5 after 
random assignment 

Continuous variable. One for each named quarter NDNH 

Labor market Change in earnings from Q1 to 
Q2, Q2 to Q3, Q3 to Q4, and Q4 
to Q5  

Four continuous variables NDNH 

Labor market Any employment in each of Q1, 
Q2, Q3, and Q4 after random 
assignment 

Binary flag for each quarter indicating earnings greater than 
$0 

NDNH 

Labor market Cumulatively any employment 
through each of Q2 through Q5 
after random assignment 

One binary flag for each quarter indicating earnings greater 
than $0 in the current quarter or any of the prior quarters, 
reaching back to Q1 

NDNH 

Labor market Number of quarters Q1 through 
Q5 with some employment 

Count ranging from 0 to 5 of quarters with quarterly 
earnings greater than $0 

NDNH 

Labor market Job retention (quarter to quarter, 
starting with Q6) 

Starting with Q6, using scrambled Federal Employer 
Identification Number, identify workers who worked for the 
same employer in the prior quarter 

NDNH 

Labor market Job retention (year to year, 
starting with Q9) 

Starting with Q9, using scrambled Federal Employer 
Identification Number, identify workers who worked for the 
same employer in the same quarter of the prior calendar 
year 

NDNH 

Labor market Earnings at time of the survey Continuous variable. Using previously reported start and 
end dates of spells, identify which job spells were current as 
of survey date. Convert pay rates in units other than dollars 
per hour to dollars per hour. Impute typical hours and 
current wage rate where necessary. Multiply together and 
extrapolate to quarterly level using number of weeks at job 
over prior 13 weeks. Sum across current spells 

STS: A11, D7, 
D7a, D7b, D7c, 
detailed spell 
history from 
Section A 
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Domain Variable Description Operationalization/Details Data Source(s) 
Labor market Healthcare earnings at time of 

the survey 
Continuous variable. Using previously reported start and 
end dates of spells, identify which job spells were current as 
of survey date. Convert pay rates in units other than dollars 
per hour to dollars per hour. Impute typical hours and 
current wage rate where necessary. Multiply together and 
extrapolate to quarterly level using number of weeks at job 
over prior 13 weeks. Set to zero if job is not in healthcare. 
Sum across current spells 

STS: A11, D6, D7, 
D7a, D7b, D7c, 
detailed spell 
history from 
Section A 

Labor market Any employment in each of Q1 
through Q5 after random 
assignment 

Set of binary flags. Using previously reported start and end 
dates of spells, identify which job spells are relevant to each 
quarter. 

STS: detailed spell 
history from 
Section A 

Labor market Employed at time of the survey Binary flag. Using previously reported start and end dates of 
spells, identify whether any job spells are current as of 
interview date 

STS: detailed spell 
history from 
Section A 

Labor market Hours worked per week at time 
of the survey 

Continuous variable. Using previously reported start and 
end dates of spells, identify whether any job spells are 
current as of interview date. Impute hours per week where 
necessary. Sum across current job spells 

STS: A11, detailed 
spell history from 
Section A 

Labor market Hours worked per week in 
healthcare setting at time of the 
survey 

Continuous variable. Using previously reported start and 
end dates of spells, identify whether any job spells are 
current as of interview date. Impute hours per week where 
necessary. Sum across current healthcare job spells. 

STS: A11, D6, 
detailed spell 
history from 
Section A 

Labor market Employed with regular schedule 
at time of the survey (includes 
straight evening and night shifts 
but excludes rotating shifts, split 
shifts, irregular schedules, and 
self-scheduling) 

Binary flag. Using previously reported start and end dates of 
spells, identify whether any job spells are current as of 
interview date. If all current jobs have D8=1 or D8a in {1, 2}, 
then flag respondent as employed with a regular schedule 

STS: D8, D8a, 
detailed spell 
history from 
Section A 

Labor market Currently working in a job with a 
full set of standard benefits 
(health insurance, paid vacation, 
paid holidays, paid sick days, 
retirement) 

Binary flag. Using previously reported start and end dates of 
spells, identify whether any job spells are current as of 
interview date. If any current job has the indicated benefits, 
then flag respondent as employed with full set of benefits 

STS: D10a, D10b, 
D10c, D10d, D10e, 
detailed spell 
history from 
Section A 

Labor market Currently working in a job with 
paid sick days 

Binary flag. Using previously reported start and end dates of 
spells, identify whether any job spells are current as of 
interview date. If any current job has sick days, then flag 
respondent as employed with sick days 

STS: D10d, 
detailed spell 
history from 
Section A 

Labor market Currently working in a job with 
family-friendly policies (scale 
based on three items about (1) 
work/life balance, (2) some 
choice in work hours, and (3) 
flexibility to handle family 
emergencies) 

Binary flag. Using previously reported start and end dates of 
spells, identify whether any job spells are current as of 
interview date. Get first principal component of the 3 
variables at each job. If the scale score at any of the jobs is 
less than 2, then flag respondent as so employed 

STS: D9a, D9b, 
D9c, detailed spell 
history from 
Section A 

Labor market Currently working in a very 
satisfying job 

Binary flag. Using previously reported start and end dates of 
spells, identify whether any job spells are current as of 
interview date. If D11=1 at any of the current jobs, then flag 
respondent as so employed 

STS: D11, detailed 
spell history from 
Section A 

Labor market Currently working in a job with 
opportunities for career 
advancement (Agree or strongly 
agree) 

Binary flag. Using previously reported start and end dates of 
spells, identify whether any job spells are current as of 
interview date. If D12 in {1, 2} at any of the jobs, then flag 
respondent as so employed 

STS: D12, detailed 
spell history from 
Section A 
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Domain Variable Description Operationalization/Details Data Source(s) 
Labor market Currently working in a job closely 

related to training 
Binary flag. Using previously reported start and end dates of 
spells, identify whether any job spells are current as of 
interview date. If D12 in {1, 2} at any of the jobs, then flag 
respondent as so employed 

STS: D12, detailed 
spell history from 
Section A 

Labor market Currently working in a job with 
generous support of further 
formal education or training for 
employees 

Binary flag. Using previously reported start and end dates of 
spells, identify whether any job spells are current as of 
interview date. If tuition was at least partially offset or if the 
employer offered paid time off to attend classes at any of 
the jobs, then flag respondent as so employed 

STS: D15a, D16c, 
detailed spell 
history from 
Section A 

Labor market Currently working in a highly 
desirable job in terms of salary, 
benefits, schedule, family-
friendly policies, personal 
satisfaction, opportunities for 
advancement, and support for 
further training  

We will run a cluster analysis at the job level on the 
indicated variables. We anticipate that one cluster will 
emerge with higher than average salaries, benefits, and 
other desirable features. We will consider the jobs in this 
cluster to be highly desirable. Using previously reported 
start and end dates of spells, identify whether any job spells 
are current as of interview date. If any of the current jobs 
are in the highly desirable cluster, then flag respondent as 
so employed 

STS: A11, D7, 
D8a, D8c, D9, D10, 
D11, D12, D15, 
D16, detailed spell 
history from 
Section A 

Skills Scale score for frequency of use 
of computer skills in everyday life 

Average responses to 5 prompts. Multiply by 100 to create 
scale from 100 to 500. Leave missing for anyone who fails 
to answer any of the five prompts 

STS: G1 

Skills Scale score for frequency of use 
of reading skills in everyday life 

Average responses to 5 prompts. Multiply by 100 to create 
scale from 100 to 500. Leave missing for anyone who fails 
to answer any of the 5 prompts 

STS: G2 

Skills Scale score for frequency of use 
of math skills in everyday life 

Average responses to 3 prompts. Multiply by 100 to create 
scale from 100 to 300. Leave missing for anyone who fails 
to answer any of the 3 prompts 

STS: G3 

Skills Scale score for variety of types 
of self-directed learning 

Count number of types of self-directed learning reported. 
Leave missing for anyone who fails to answer any of the 5 
prompts 

STS: G4 

Well-being  Personal income during month 
prior to survey 

Impute where missing in two phases. First impute 
continuous amount for respondents who reported a 
bracketed amount. Then impute continuous amount for 
those who failed to provide any income information 

STS: F2, F2a 

Well-being Household income during month 
prior to survey 

Impute where missing in two phases. First impute 
continuous amount for respondents who reported a 
bracketed amount. Then impute continuous amount for 
those who failed to provide any income information 

STS: F3, F3a 

Well-being Ability to cover $400 emergency 
expense from ready personal 
funds 

Binary flag STS: F12 

Well-being Covered by health insurance at 
time of the survey 

Binary flag STS: F13, F14 

Well-being In excellent health (self-
assessed) 

Binary flag STS: F17 

Well-being Receipt of TANF by anyone in 
household at time of the survey 

Binary flag STS: F1a 

Well-being Receipt of SNAP by anyone in 
the household at time of the 
survey 

Binary flag STS: F1b 
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Domain Variable Description Operationalization/Details Data Source(s) 
Well-being Receipt of TANF or SNAP by 

anyone in household at time of 
the survey 

Binary flag STS: F1a, F1b 

Well-being Receipt of any means-tested 
benefit by anyone in household 
at time of the survey 

Binary flag for receipt of TANF, SNAP, WIC, Medicaid, 
subsidized child care, Section 8 or public housing, LIHEAP, 
or FRPL 

STS: F1a, F1b, 
F1c, F1e, F1f, F1g, 
F1h, F1i 

Well-being Food security at time of the 
survey 

Binary flag. Food secure if always enough to eat even if not 
always the kinds of food desired 

STS: F9 

Well-being Any signs of financial distress Binary flag. Responded yes to any of seven prompts about 
rent payments, utility payments, postponed medical/dental 
care, or prescription drugs. Or yes to questions about 
making ends meet or not having enough to eat 

STS F8, F9, F10 

Well-being Trouble making ends meet Binary flag. In response to prompt about generally over the 
prior 12 months: “Not enough to make ends meet.” 

STS F10 

Well-being Housing security at time of the 
survey 

Binary flag. Housing secure unless living in a group shelter 
or some other housing arrangement or spent any days living 
with a friend or relative because respondent could not find 
or afford own place. 

STS: F15, F16 

Well-being Household income below poverty 
threshold 

Use USDA poverty threshold considering household 
composition and income 

STS: F15, F16, F3, 
F3a 

Well-being Household income below 180 
percent of poverty threshold 

Use USDA poverty threshold considering household 
composition and income 

STS: F15, F16, F3, 
F3a 

Well-being Living with spouse Binary flag STS: E1a 
Well-being Living with spouse or partner Binary flag STS: E1a, E1b 
Well-being Living with spouse/partner and 

children 
Binary flag. Count as no if there are children present but 
none of them lives with the respondent more than half the 
time. Also count as no unless the respondent or 
spouse/partner is the primary caregiver for at least one child 
in the house 

STS: E1a, E1b, 
E1c, E4, E5 

Well-being Ever lived with spouse/partner 
since randomization 

Binary flag STS: E1a. E1b, 
E2b 

Well-being Any children born/fathered since 
randomization, or currently 
expecting 

Binary flag STS: E6, E7 

Well-being Living with parents  Binary flag STS: E1e 
Well-being Living with adult offspring Binary flag STS: E1f 

Key: FRPL=free or reduced-price lunch. IHE=institute of higher education. IPEDS=Integrated Postsecondary Education Data System. 
LIHEAP=Low Income Home Energy Assistance Program. NDNH=National Directory of New Hires. NSC=National Student Clearinghouse. 
Q=quarter. SNAP=Supplemental Nutrition Assistance Program. STS=short-term survey. TANF=Temporary Assistance for Needy Families. 
USDA=U.S. Department of Agriculture. WIC=Special Supplemental Nutrition Program for Women, Infants, and Children.  
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APPENDIX B: OVERVIEW OF SHORT-TERM SURVEY INSTRUMENT 
CONTENTS 

The short-term follow-up survey instrument collects data about education spells, jobs, 
credentials, aspirations, skills, and material well-being. The full instrument is posted at 
https://www.federalregister.gov/documents/2018/02/05/2018-02238/submission-for-omb-review-
comment-request. In this appendix, we summarize the contents by domain. 

Exhibit B-1 shows the collected information about each education spell. Exhibit B-2 does the 
same for credentials. Exhibit B-3 does the same for each job spell. Exhibit B-4 shows additional 
information that is available about only the most recent job. Exhibit B-5 covers all other collected 
data.  

https://www.federalregister.gov/documents/2018/02/05/2018-02238/submission-for-omb-review-comment-request
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Exhibit B-1: Available Information about Each Education Spell 

Variable / Item 
Number Variable / Item Label 

Ranges and 
Possible 
Values  Value Label 

A9/A23 Starting date of spell   
A10/A24 Ending date of spell 
A11 Hours in classes in typical week 1–90   
A12 Hours of child care required in typical week to allow school 

attendance 
0–99  

B1 Any breaks of a month or more from school during the spell 
other than official school breaks 

1/2 Yes/No 

B1a Number of such breaks 1–5 Open-ended 
BD1B_MONTH Month that longest such school break started   
B1B_YEAR Year that longest such school break started 
B1C_MONTH Month that longest such school break ended   
B1C_YEAR Year that longest such school break ended 
B2 Took any basic educational class 1/2 Yes/No 
B2a Completed such classes 1 

2 
3 

Yes 
Dropped out 
Still enrolled 

B2b Allowed to enroll in regular college classes 1/2 Yes/No 
B3 Earned any regular college credits 1/2 Yes/No 
B3a If so, how many  0–120  Open-ended 
B3b  Confirmation of B3a response 1/2 Yes/No 
B3c If B3b=No: Estimate of credits earned 1 

2 
3 
4 
5 

1–4 credits 
5–8 credits 
9–12 credits 
13–16 credits 
More than 16 credits 

B4 Program status at end of spell 1 
2 

Completed the program 
Stopped without completing the 
program 

B5 Total program cost (best guess, excluding books, uniforms, 
travel, tools, tests, and assessments) 

$0–49,999 Open-ended 

B6. Funding sources 
B6a Own earnings 1/2 Yes/No 
B6b Earnings of spouse/partner 1/2 Yes/No 
B6c Savings 1/2 Yes/No 
B6d Parent or family member 1/2 Yes/No 
B6e Loans in own name 1/2 Yes/No 
B6f Loans in parents’ or family member names 1/2 Yes/No 
B6g Pell grant 1/2 Yes/No 
B6h Non-government grant/scholarship 1/2 Yes/No 
B6i Employer 1/2 Yes/No 
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Variable / Item 
Number Variable / Item Label 

Ranges and 
Possible 
Values  Value Label 

B6j School (including free services) 1/2 Yes/No 
B6k Other 1/2 Yes/No 
B7 Amount paid from earnings (self/partner) and savings $0–9,9999 Open-ended 
B8 Amount paid by family $0–9,999 Open-ended 
B9 Amount of loans in own name $0–49,999 Open-ended 
B9a If B9=Don’t Know: Estimate of amount borrowed 1 

2 
3 
4 
5 

Under $1,000 
$1,000–4,999 
$5,000–14,999 
$15,000–24,999 
$25,000 or more 

B10 Amount of loans in parents’ names $0–49,999 Open-ended 
B10a If B10=Don’t Know: Estimate of amount borrowed 1 

2 
3 
4 
5 

Under $1,000 
$1,000–4,999 
$5,000–14,999 
$15,000–24,999 
$25,000 or more 

B11. Expenses incurred to attend school 
B11a Child care costs – self paid 1/2 Yes/No 
B11b Transportation – self paid 1/2 Yes/No 
B11c School supplies or fees – self paid 1/2 Yes/No 
B11d Clothes/tools – self paid 1/2 Yes/No 
B11e Other important needs – self paid 1/2 Yes/No 
B11f Child care costs – other paid 1/2 Yes/No 
B11g Transportation – other paid 1/2 Yes/No 
B11h  School supplies or fees – other paid 1/2 Yes/No 
B11i Clothes/tools – other paid 1/2 Yes/No 
B11j Other important needs – other paid 1/2 Yes/No 
B12 Difficult financing 1 

2 
3 

Very difficult 
Somewhat difficult 
Not difficult 

B13. Services received 
B13a Tutoring 1/2 Yes/No 
B13b Academic advising 1/2 Yes/No 
B13c Financial aid advising 1/2 Yes/No 
B13d Career counseling 1/2 Yes/No 
B13e Job search or placement assistance 1/2 Yes/No 
B13f Casework 1/2 Yes/No 
B14 Hours one-on-one 0–98,99 99=99 hours or more 
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Variable / Item 
Number Variable / Item Label 

Ranges and 
Possible 
Values  Value Label 

B14a If B14=Don’t Know: Estimate of hours one-on-one 1 
2 
3 
4 
5 

Less than one hour 
1–5 hours 
6–10 hours 
11–20 hours 
21 hours or more 

B15 Hours group 0–80  
B15a If B15=Don’t Know: Estimate of hours one-on-one 1 

2 
3 
4 
5 

Less than one hour 
1–5 hours 
6–10 hours 
11–20 hours 
21 hours or more 

B16. Opportunities for direct occupational experiences 
B16a Work study job 1/2  Yes/No 
B16b Clinical experience or practicum 1/2  Yes/No 
B16c Visits from or to specific employers 1/2  Yes/No 
B16d Class taught by instructors from local employer or class 

offered on site of local employer 
1/2  Yes/No 

B16e Apprenticeship 1/2  Yes/No 
B16f Other 1/2  Yes/No 
B17 Attended classes or counseling sessions on business dress 

and other skills 
1/2  Yes/No 

B18 Sense of community 1 
2 
3 

A great deal 
Some 
None 

B18a Participation in organized peer support/study  1/2  Yes/No 
B19, B20, B21, B22. Student evaluation of instructor of first class taken at this school during this spell 
B19a Promoted active student participation 1–5 Degree of endorsement 

1=Strongly disagree 
2=Disagree 
3=Neither agree nor disagree 
4=Agree 
5=Strongly agree 

B19b Instructor engagement 1–5 Degree of endorsement 
B19c Encouragement of student questions 1–5 Degree of endorsement 
B20a Treated students with respect 1–5 Degree of endorsement 
B20b Easily accessible to students outside of class 1–5 Degree of endorsement 
B20c Responded to individual request for help 1–5 Degree of endorsement 
B21a Clear exposition of course material 1–5 Degree of endorsement 
B21b Course well organized 1–5 Degree of endorsement 
B21c Course materials well prepared 1–5 Degree of endorsement 
B22a Assigned a lot of homework 1–5 Degree of endorsement 
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Variable / Item 
Number Variable / Item Label 

Ranges and 
Possible 
Values  Value Label 

B22b Homework was difficult 1–5 Degree of endorsement 
B22c Quizzes were hard 1–5 Degree of endorsement 
B22d Examinations were hard 1–5 Degree of endorsement 
B23. Quality of advising 
B23a Helpful on course selection 1–5 Degree of endorsement 
B23b Helped arrange financial aid 1–5 Degree of endorsement 
B23c Tutoring improved performance on quizzes and tests 1–5 Degree of endorsement 
B23d Helped deal with emergency situations 1–5 Degree of endorsement 
B24. Quality of first class 
B24a Boring 1–4 Degree of agreement 

1=Strongly agree 
2=Somewhat agree 
3=Somewhat disagree 
4=Strongly disagree 

B24b Extra help in basic skills where needed 1–4 Degree of agreement 
B24c Relevant to career interests 1–4 Degree of agreement 
B24d Not relevant to much of anything else in student’s life 1–4 Degree of agreement 
CONTROL Control of school (per IPEDS) 0 

1 
2 
3 

Not Title IV postsecondary 
Public 
Private, not-for-profit 
Private, for-profit 

LEVEL Level of school (per IPEDS) 0 
1 
2 
3 

Not Title IV postsecondary 
Four or more years 
At least 2 but less than 4 years 
Less than 2 years 

Key: IPEDS=Integrated Postsecondary Education Data System 
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Exhibit B-2: Available Information about Each Earned Credential 

Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

CREDTYPE Type of credential [based on whether 
reported in C2c, C3e, or C4b) 

1 Academic degree (Received for completing any 
regular college classes) 

2 
 

IHE-issued VocEd certificate (other credential 
received from a school) 

3 Industry/government certification/license (Also 
referred to as exam-based. Generally not 
issued by schools.) 

C2e, C3g, C4c Is credential for healthcare work 
(industry or occupation) 

1/2 Yes/No 

C2b What kind of diploma or degree have 
you received for completing regular 
college classes 

1 A diploma or certificate requiring less than a full 
year's worth of credits 

2 A diploma or certificate requiring a full year or 
more's worth of credits (but less than an 
Associate degree) 

3 Associate degree 
4 Bachelor's degree or higher 
–1 Not an academic degree 

VocEdCertLevel Typical study period for vocational 
certificates [based upon inspection of 
reported name of certificate in C3e] 

1 
2 
–1 

Less than a year 
A year or longer 
Not a vocational certificate 

IssuerType Type of issuer [based on matching of 
school name in C2d or C3f or type of 
authority in C4f ] 

1 
2 
3 
4 
5 
6 

Public or private non-profit college 
For-profit college 
Other IHE 
Government 
Professional or trade association 
Other 

C2f, C3h, C4e Month credential received  
C2f, C3h, C4e Year credential received   

Key: IHE=institute of higher education. VocEd=Vocational Education. 
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Exhibit B-3: Available Information about Each Job Spell 

Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

STARTDATE 
(A9/A23) 

Start date of job   

ENDDATE(A10/A24) End date of job (if applicable) 

A11 Hours per week 1–90  

A12 Hours of child care required to hold job 0–99  
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Exhibit B-4: Additional Information about Only the Most Recent Job Spell 

Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

D1, D2, D2a, D3, 
D4, D5, D6 

Occupation classification  SOC code based on coding by the 
Census Bureau 

D1, D2, D2a, D3, 
D4, D5, D6 

Industry classification SIC code based on coding by the 
Census Bureau 

D1 Employer type 1 
2 
3 
4 
5 
6 
 
7 
8 

Private for-profit company 
Private not-for-profit 
Local government  
State government 
Federal government 
Self-employed-not incorporated 
business 
Self-employed-incorporated business 
Without pay in family business or farm 

D2a Industrial sector 1 
2 
3 
4 
5 

Manufacturing 
Wholesale trade 
Retail trade 
Health care 
Other 

D6 Occupation in field of healthcare 1/2 Yes/No 
D7, D7a, D7b, 
D7c 

Hourly wage ≥$2.50 
AND 
<$75.00 

D8, D8a Type of work schedule 0 
1 
2 
3 
4 
 
5 
 
6 
7 

Regular day schedule 
Straight evening shifts 
Straight night shifts 
Rotating shifts 
A split shift – one consisting of two 
distinct periods each 
An irregular schedule arranged by 
employer 
Self-schedule 
Other 

D8b Advance notice of schedule 1 
2 
3 
4 
5 
6 

1 day 
2 or 3 days  
1 week 
2–4 weeks 
More than a month 
Never changes 

D8c Required to work some nights or weekends 1/2 Yes/No 
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Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

Agreement with following characteristic of job: 
(Do you strongly agree, somewhat agree, somewhat disagree, or strongly disagree?) 
D9_A I [am/was] able to balance work and family 

responsibilities 
1–4  Degree of agreement: 

1=Strongly agree 
2=Somewhat agree 
3=Somewhat disagree 
4=Strongly disagree 

D9_B I [have/had] some choice in setting my regular work 
hours to meet my needs 

1–4  Degree of agreement 

D9_C If I [have/had] a family emergency like a sick child, my 
employer [will allow/allowed] me to take the time off or 
change my schedule 

1–4  Degree of agreement 

Available job benefits include: 
D10_A Health insurance 1/2 Yes/No 
D10_B Paid vacation 1/2 Yes/No 
D10_C Paid holidays 1/2 Yes/No 
D10_D Paid sick days 1/2 Yes/No 
D10_E Paid time off/personal time off 1/2 Yes/No 
D10_F Retirement or pension benefits 1/2 Yes/No 
D11 Satisfaction with job 1–5  Degree of satisfaction: 

1=Very satisfied 
2=Somewhat satisfied 
3=Neither satisfied nor dissatisfied 
4=Dissatisfied 
5=Very dissatisfied 

D12 Many opportunities for career advancement at this job 1–4  Degree of agreement: 
1=Strongly agree 
2=Somewhat agree 
3=Somewhat disagree 
4=Strongly disagree 

D13 Alignment of job with training 1 
2 
3 

Closely related 
Somewhat related 
Not related 

D14 Training was good preparation for healthcare work 1–4  

–1 

Degree of agreement: 
1=Strongly agree 
2=Somewhat agree 
3=Somewhat disagree 
4=Strongly disagree 

Never worked in healthcare 
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Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

Employer supports for education/training 
D15a Tuition 1/2  Yes/No 
D15b Costs of books, supplies 1/2  Yes/No 
D15c Costs of uniforms, equipment 1/2  Yes/No 
D15d Any other costs 1/2  Yes/No 
D16a Flexible work schedule to accommodate class 

schedule  
1/2  Yes/No 

D16b On-site courses 1/2  Yes/No 
D16c Paid time off to attend class 1/2  Yes/No 
D16d Any other support 1/2  Yes/No 

Key: SIC=Standard Industrial Classification. SOC=Standard Occupational Classification. 
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Exhibit B-5: Person-Level Information 

Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

C1 Person had target occupation in mind for class 
taking 

1/2 Yes/No 

C1a Purpose of training is to work in a healthcare 
occupation 

1/2 Yes/No 

C1c Already work in target occupation 1/2 Yes/No 
C1, C1a, C1b, 
C1c, C1d, C1e 

Target occupation of training  
–1 

SOC Code 
No target occupation 

C5 Completed an internship or similar work 
experience program 

1/2 Yes/No 

Nature of work experience program 
C6a Included instruction/training by coworker or 

supervisor 
1/2 Yes/No 

C6b Included classes at IHE 1/2 Yes/No 
C6c Included other classes from a company, 

association, union, or private instructor 
1/2 Yes/No 

C7 Participated in other formal work-based trainings 1/2 Yes/No 
Goal progress 
C8a Making progress towards long-range educational 

goals 
1–4  Degree of agreement: 

1=Strongly agree 
2=Somewhat agree 
3=Somewhat disagree 
4=Strongly disagree 

C8b Making progress towards long-range 
employment goals 

1–4  Degree of agreement: 
1=Strongly agree 
2=Somewhat agree 
3=Somewhat disagree 
4=Strongly disagree 

C8c See myself on a career path 1–4  Degree of agreement: 
1=Strongly agree 
2=Somewhat agree 
3=Somewhat disagree 
4=Strongly disagree 

C9 Suggestions from schools about other classes or 
training to move up to the next level in your 
career 

1/2 Yes/No 

C10 Likelihood of taking additional schooling/training 1–3  1=Very likely 
2=Somewhat likely 
3=Not very likely 

E1A Lives with spouse 1/2 Yes/No 
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Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

E1B Lives with unmarried romantic partner 1/2 Yes/No 
E1C Lives with own children or romantic partner’s 

children 
1/2 Yes/No 

E1D Lives with other child relatives 1/2 Yes/No 
E1E Lives with parents or those of spouse/romantic 

partner 
1/2 Yes/No 

E1F Lives with adult children of own or 
spouse/romantic partner 

1/2 Yes/No 

E1G Any other children in household 1/2 Yes/No 
E1H Any other adults in household 1/2 Yes/No 
Marriage/partnership 
E2 Length of union/partnership 1 

2 
3 
4 

<2 years 
2 or 3 years 
4 or 5 years 
More than 5 years 

E2a Typical frequency of discussion about daily life 
events 

1 
2 
3 
4 
5 

Daily 
A few times per week 
A few times per month 
1 or 2 times in last 3 months 
Hardly ever or never 

E2b Any period of marriage or cohabitation since 
randomization 

1/2 Yes/No 

E3 Number of other adults in the household 0–15  
E4 Number of child household members 0–15  
E5 Number of child household members for which 

respondent/spouse/partner is primary caregiver 
0–15   

E6 Pending parenthood  1/2 Yes/No 
E7 New offspring since randomization 1/2 Yes/No 
E8 Number of new offspring since randomization 0–9  
E9 Number of new offspring that live with 

respondent at least half the time 
0–9  

Household receipt of: 
F1_1 TANF  1/2 Yes/No 
F1_2 SNAP  1/2 Yes/No 
F1_3 WIC 1/2 Yes/No 
F1_4 UI or Worker’s Compensation 1/2 Yes/No 
F1_5 Medicaid  1/2 Yes/No 
F1_6 Subsidized Child Care 1/2 Yes/No 
F1_7 Section 8 or Public Housing 1/2 Yes/No 
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Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

F1_8 Low Income Home Energy Assistance Program 
or LIHEAP 

1/2 Yes/No 

F1_9 Free or reduced-price lunch program 1/2 Yes/No 
F1_10 Child support (including official and unofficial 

sources) 
1/2 Yes/No 

F1_11 Family and friends who did not live with you at 
least half of the time last month 

1/2 Yes/No 

F1_12 Income from other source 1/2 Yes/No 
F2 Total personal income last month $0–9,999 Open-ended 
F2A Bracket on income if don’t know amount 1 

2 
3 
4 
5 
6 
7 

None ($0) 
$500 or less 
$501–$1,000 
$1,001–$1,500 
$1,501–$2,000 
$2,001–$2,500 
$2,501 or more 

F3 Household income last month $0–9,999  Open ended 
F3A Bracketed household income if don’t know 

amount 
1 
2 
3 
4 
5 
6 
7 

None ($0) 
$500 or less 
$501–$1,000 
$1,001–$1,500 
$1,501–$2,000 
$2,001–$2,500 
$2,501 or more 

F4 Earned Income Tax Credit claimant 1/2 Yes/No 
F5 Types of student loans 1 

2 
3 

Only federal 
Only private 
Both 

F6 Commenced repayment of student loans 1/2 Yes/No 
F7 Bracketed credit card debt 1 

2 
3 
4 
5 
6 
7 
8 

$0.00  
$1–$2,500 
$2,501–$5,000 
$5,001–$7,500 
$7,501–$10,000 
$10,001–$25,000 
$25,001–$50,000 
Over $50,000 

In past 12 months: 
F8_1 Delayed/partial rent/mortgage payments 1/2 Yes/No 
F8_2 Delayed/partial utility payments 1/2 Yes/No 
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Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

F8_3 Utility cut-off 1/2 Yes/No 
F8_4 Telephone disconnection 1/2 Yes/No 
F8_5 Forewent medical care 1/2 Yes/No 
F8_6 Forewent dental care 1/2 Yes/No 
F8_7 Forewent prescription drugs 1/2 Yes/No 
F9 Getting enough food can be a problem for some 

people. Which of these statements best 
describes the food eaten in your household in 
the past six months? Would you say there is… 

1 
2 
 
3 
4 

Enough of the kinds of food you want 
Enough but not always the kinds of food you 
want 
Sometimes not enough to eat 
Often not enough to eat 

F10 Generally, at the end of the month do you end 
up with: more than enough money left over, 
some money left over, just enough to make ends 
meet, or not enough to make ends meet? 

1 
2 
3 
4 

More than enough money left over 
Some money left over 
Just enough to make ends meet 
Not enough to make ends meet 

F12 Largest emergency expense that could be paid 
now using cash or money in checking/savings 
account 

1 
2 
3 
4 
5 

<$100 
$100–$199 
$200–$299 
$300–$399 
$400 or higher 

F13/F14 F13:Takes health insurance from employer 
F14:Has health insurance 

1/2 Yes/No 

F15 Thinking about the place where you are currently 
living, do you: 

1 
2 
3 
 
4 
 
5 
6 

Rent your home or apartment 
Own your own home 
Live with family or friends and pay part of 
the rent or mort 
Live with family or friends and do not pay 
rent 
Live in a group shelter  
Live in some other housing arrangement 
(SPECIFY: ) 

F16/F16a F16: Any times living with friend or family 
F16a: Number of days over last six months 
stayed with friend or relative when could not 
find/afford place of own 

1/2 
0–180 days 

Yes/No 

F17 General health 1 
2 
3 
4 

Excellent 
Very good 
Fair 
Poor 

Skill usage 
G1_1-G1_5 Scale score for frequency of use of computer 

skills in everyday life 
100–500 Average response on 5-item 5-level scale 
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Variable / Item 
Number Variable / Item Label 

Ranges 
and 
Possible 
Values Value Label 

G2_1 – G2_5 Scale score for frequency of use of reading skills 
in everyday life 

100–500 Average response on 5-item 5-level scale 

G3_1 – G3_3 Scale score for frequency of use of math skills in 
everyday life 

100–300 Average response on 3-item 5-level scale 

Self-directed learning 
G4a Internet research on career options 1/2 Yes/No 
G4b Internet research on potential schools 1/2 Yes/No 
G4c Watched online video on how to solve a math 

problem 
1/2 Yes/No 

G4d Took online course to prepare for admissions 
exam 

1/2 Yes/No 

G4e Took online class to improve English 1/2 Yes/No 
G5 Volunteered at or observed work of desired type 

of local business/hospital 
1/2 Yes/No 

Key: SNAP=Supplemental Nutrition Assistance Program. TANF=Temporary Assistance for Needy Families. UI=Unemployment Insurance. 
WIC=Women, Infants and Children Program.
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