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OVERVIEW 

INTRODUCTION 

Following on a first round of Health Profession Opportunity Grants (HPOG) Program awards in 
2010 (“HPOG 1.0”), the Office of Family Assistance of the Administration for Children and 
Families (ACF), within the U.S. Department of Health and Human Services, awarded a second 
round of 32 five-year grants (“HPOG 2.0”) in 2015. HPOG programs provide education, training, 
and support services (including financial and other assistance) to Temporary Assistance for 
Needy Families (TANF) recipients and other low-income adults for occupations in the healthcare 
field that pay well and are expected to either experience labor shortages or be in high demand.  

ACF’s Office of Planning, Research, and Evaluation funded an evaluation to assess the success 
of the HPOG 2.0 Program. This evaluation has two major components: a National Evaluation of 
the 27 non-Tribal grantees and a separate evaluation of the five Tribal grantees. 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 at multiple 
follow-up points; and a Cost-Benefit Analysis. Klerman, Judkins, and Locke (2019) describe the 
overall design of the Impact Evaluation.  

This Analysis Plan describes the methodology for answering the Impact Evaluation’s key 
research questions at the second follow-up point for HPOG participants. It serves as a guide for 
the statistical and programming staff conducting the analyses. The document also improves the 
transparency and replicability of study findings by committing the research team to make 
consequential decisions prior to inspecting estimates of program effects. This Analysis Plan has 
a primary focus on the operationalization of outcome measures and provides key details of the 
methods to be used in this work. It also provides additional details on questions that were left 
open in the overall design plan. 

PRIMARY RESEARCH QUESTIONS 

• What is the impact of HPOG 2.0 on receipt of training (in general and for healthcare 
professions) and support services, on employment and earnings (in general and in 
healthcare professions), and on broader measures of well-being? 

• How does the impact of HPOG 2.0 vary with study members’ baseline characteristics (e.g., 
age, education, TANF receipt)? 

• How does the impact of HPOG 2.0 vary by program and program features? 

PURPOSE 

The purpose of this report is to describe a plan for answering the Impact Evaluation’s key 
research questions using three-year outcomes. The Analysis Plan operationalizes key outcome 
measures, briefly describes key sources of data for the study, and provides details of the 
methods that will be used. By specifying these details in advance, this document serves as a 
public commitment to the planned analysis. 
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 HIGHLIGHTS 

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

• The Analysis Plan describes the outcomes that will be examined for program impact; how 
these outcomes will be measured; how impacts on multiple outcomes will be prioritized in 
the summary of program effectiveness; and how COVID-19 disruptions to the economy and 
data collection will be addressed.  

• It also provides a draft outline for the Intermediate-Term Impact Report (ITIR).  

METHODS 

Through September 2021, eligible applicants are being assigned randomly either to a treatment 
group that is offered HPOG 2.0 training and services or to a control group that does not have 
access to HPOG during the study period, but does have access to other training and services in 
the community. Data sources for the Impact Evaluation include baseline data collected about 
participants at study enrollment; follow-up participant surveys initiated about 15, 36, and 66 
months after random assignment; and national administrative data on participants’ employment 
and earnings and their educational enrollment and degree receipt. 
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1. INTRODUCTION  

This Analysis Plan for the Health Profession Opportunity Grants (HPOG) 2.0 National 
Evaluation Intermediate-Term Impact Report (ITIR) is a technical supplement to the Impact 
Evaluation Design Plan (IEDP) for the HPOG 2.0 National Evaluation (Klerman, Judkins, and 
Locke 2019). This Analysis Plan for the ITIR focuses on new types of analysis that did not 
appear in the Short-Term Impact Report (STIR). It also updates the draft outline and report 
schedule for the ITIR from those versions published in the IEDP and in the STIR Analysis Plan 
(Judkins, Klerman, and Locke 2020).  

This document summarizes rather than repeats material already presented in the earlier 
documents. In particular, for the most part, ITIR methods will follow those implemented for the 
STIR and documented in its analysis plan and technical appendices (Judkins et al. 2020 and 
Judkins et al. forthcoming). Readers looking for additional detail on STIR methods that will be 
used again for the ITIR should consult the STIR appendices, in particular its Appendix C.  

The balance of this opening chapter is structured as follows. Section 1.1 provides context on the 
HPOG 2.0 Program, including a summary of findings reported in the STIR. Section 1.2 provides 
an overview of the design of the HPOG 2.0 Impact Evaluation. Section 1.3 describes the plan 
for the other chapters of this document. 

1.1 THE HPOG 2.0 PROGRAM 

Detailed information about the program may be found in Chapter 1 of the IEDP (Klerman, 
Judkins, and Locke 2019). This section contains a much briefer review of the program. 
Following on a now concluded first cohort of HPOG awards funded in 2010 (“HPOG 1.0”), the 
Office of Family Assistance of the Administration for Children and Families (ACF), within the 
U.S. Department of Health and Human Services, awarded a second round of 32 five-year grants 
(“HPOG 2.0”) in 2015. The second round of grant awards has since been extended until 
September 29, 2021.  

The authorizing legislation of the HPOG Program outlines dual policy goals1 (see Exhibit 1-1):  

1.1. Increasing earnings of Temporary Assistance to Needy Families (TANF) recipients 
and other low-income adults.  

1.2. Providing a skilled workforce to meet the needs of the healthcare sector. 

 
1  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). 
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Exhibit 1-1: HPOG 2.0 Simplified Logic Model 

 

As depicted in Exhibit 1-1, the HPOG 2.0 logic model posits that local HPOG programs will 
advance these goals by:  

• Providing participants with training and support services for healthcare professions. 

• Leading to receipt of both internal healthcare credentials (e.g., certificates from the training 
institution) and external healthcare credentials (e.g., a license to practice from a state 
healthcare professions licensing board).  

• Leading, in turn, to more employment in healthcare occupations, better labor market 
outcomes, less use of means-tested public benefits, and improvements in broader 
measures of well-being. 

Each HPOG 2.0 grantee designed and implemented one or more local programs to provide 
eligible participants with education, occupational training, and support and employment services 
to help them train for and find such jobs. Compared to its design of HPOG 1.0, ACF increased 
the emphasis in HPOG 2.0 on articulated career pathways, serving those with low basic skills, 
and employer engagement. 

The National Evaluation of the 2nd Generation of Health Profession Opportunity Grants consists 
of impact and implementation evaluations and a cost-benefit analysis of the 27 non-Tribal 
grantees.2 The grantees in this National HPOG 2.0 Impact Evaluation include institutions of 
higher education (10 grantees), workforce system agencies (7 grantees), community-based 
organizations (6 grantees), and state agencies (4 grantees). About half (14) had been funded 
under HPOG 1.0, and the other half (13) had not.  

For the most part, the grantees’ local HPOG 2.0 programs do not provide HPOG-specific 
training or create new training courses with the HPOG funds. Instead, the HPOG programs 
provide navigation services for enrollment in existing education and job training courses, 
financial aid counseling, support services, and assistance with paying the costs of training. The 
support services include case management, personal and logistical supports, academic support, 
and employment assistance. Programs may provide training and support services themselves, 
may have partners who provide them, or may link to other providers in the community. 

Operations During the COVID-19 Pandemic. There was a brief pause in study enrollment in 
April of 2020 when widespread lockdowns and social distancing requirements due to the COID-
19 pandemic disrupted grantee operations, including study enrollment. Enrollment resumed in 

 
2 The implementation and outcomes of the five Tribal HPOG grantees’ programs are being evaluated 

separately. 
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May with some changes in protocols. Specifically, the Abt Institutional Review Board gave 
approval to the collection of verbal rather than written informed consent when written consent 
was not feasible.  

All 38 HPOG 2.0 non-Tribal programs reported the COVID-19 pandemic affected their 
implementation. The most striking effect was how sharply new enrollments fell from March 
through June 2020, compared to the same period in 2019. The decline appears to have been 
caused by both program-level factors (e.g., programs discontinuing enrollment for a period of 
time while they adapted their intake procedures to remote delivery) and participant-level factors 
(e.g., fear of entering the healthcare field during a global pandemic and uncertainty around 
online learning).  

In response, programs changed how they offered healthcare training and support services to 
participants. Several programs accommodated a shift to online learning or hybrid learning, 
which required new support services such as facilitating access to technology and digital literacy 
supports for participants. Staff also had to overcome participants’ unease in a digital learning 
environment, which they did by providing them with access to additional resources or guidance 
on how to navigate online courses and videoconferencing software. Anecdotal reports indicate 
that some students had problems completing required clinical hours. 

1.2 OVERVIEW OF THIS IMPACT EVALUATION 

ACF’s Office of Planning, Research, and Evaluation (OPRE) supports a multipronged research 
and evaluation strategy to assess the effectiveness of the HPOG Program.3 To conduct such an 
assessment for HPOG 2.0, ACF contracted with Abt Associates. OPRE awarded a contract in 
2015 to Abt Associates and its partners to conduct the National and Tribal Evaluations of the 
HPOG 2.0 Program. The National Evaluation includes an Impact Evaluation, a Descriptive 
Evaluation, and a Cost-Benefit Study.4  

The Impact Evaluation’s major research questions are: 

• What is the impact of HPOG 2.0 on receipt of training (in general and for healthcare 
professions) and support services, on employment and earnings (in general and in 
healthcare professions), and on broader measures of well-being? 

• How does the impact of HPOG 2.0 vary with study members’ baseline characteristics (e.g., 
age, education, TANF receipt)? 

• How does the impact of HPOG 2.0 vary by program and program features? 

These research questions consider impact; that is, outcomes for those who were offered access 
to HPOG 2.0 relative to otherwise similar individuals who did not have that access. The third 

 
3  For more information on OPRE’s portfolio of research and evaluation on the HPOG Program see: 

https://www.acf.hhs.gov/opre/project/health-profession-opportunity-grants-hpog-research-and-evaluation-
portfolio 

4  This Analysis Plan focuses on the Impact Evaluation. For information on the designs of the Descriptive 
Evaluation and the Cost-Benefit Study, see Werner et al (2019) and Loprest, Lerman and Klerman (2019), 
respectively. 

https://www.acf.hhs.gov/opre/project/health-profession-opportunity-grants-hpog-research-and-evaluation-portfolio
https://www.acf.hhs.gov/opre/project/health-profession-opportunity-grants-hpog-research-and-evaluation-portfolio
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question aims to support the identification of successful activities for developing and sustaining 
a health professions workforce. 

This document provides plans for the second of the Impact Evaluation’s reports: the 
Intermediate-Term Impact Report. That document will extend the follow-up period of the Short-
Term Impact Report (Klerman et al., forthcoming).  

This section provides an overview of the HPOG 2.0 Impact Evaluation’s methods, data sources, 
and variables. 

Methods. The Impact Evaluation estimates the impact of HPOG 2.0—that is, how outcomes for 
those study members offered access to HPOG 2.0 differ from outcomes for study members not 
offered access to HPOG 2.0, holding all else equal—building on the random assignment 
conducted by the grantees.5  

Given random assignment, simple comparisons of mean outcomes in the treatment group 
versus mean outcomes in the control group provide strong—formally unbiased and consistent—
estimates of impact. To generate more precise estimates, the study uses regression to adjust 
for baseline differences in study members. The included set of baseline characteristics was 
chosen by LASSO based on HPOG 1.0 data.  This set of covariates worked well for the STIR, 
so the evaluation will use the same list for the ITIR.   7

6

Finally, the study uses random slopes estimation methods to generate appropriate prospective 
standard errors; that is, estimates of the precision of HPOG-like programs if implemented at 
some new set of sites from a future grants program. These are the appropriate measures of 
precision for most policy issues. The IEDP, the STIR Analysis Plan, and the STIR’s Appendix C 
provide more motivation for and detail on each of these technical issues. 

Data Sources. The ITIR will analyze data from six sources (see Exhibit 1-2 for a visual 
representation of timing issues and Exhibit 1-3 for additional detail on sample sizes). 

1. Participant Accomplishment and Grant Evaluation System (PAGES) provides
individual-level information from the application and background questions administered
to participants at enrollment in the study, before randomization.

2. Short-term Follow-up Survey (STS) of study members provides information on a range
of outcomes for participants randomized between March 2017 and February 2018,
inclusive. The survey was fielded 15 months (five quarters) after randomization, with
mean time to completed interview of about 17.8 months (median 17 months). The
response rate was 74.3 percent.

5  Although all programs participated in random assignment, not all participants were subject to random 
assignment, and so there are small differences between “HPOG participants” and “the HPOG treatment 
group.”  

6  See Appendix Section C.8.1 of the STIR for details. 
7  Results presented in Appendix Section C.8.3 of the STIR show that optimal covariate selection based on 

HPOG 2.0 data instead of HPOG 1.0 data would have barely changed any of the impact estimates or their 
estimated standard errors. 
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3. Intermediate-term Follow-up Survey (ITS) of study members provides information on a 
range of outcomes,8 approximately 36 months after randomization, for those participants 
randomized between September 2017 and January 2018, inclusive. The sample is 
smaller for the ITS than the STS because of budget considerations.9 Interviewing started 
in September 2020 and is expected to continue through June 2021. Given the timing of 
the interview window relative to the COVID-19 pandemic, all interviews were conducted 
by phone with no in-person follow-up. This lack of in-person follow-up is expected to 
strongly reduce the response rate compared to that achieved on the STS.  

4. Critical Items Instrument (ITS-CII), a short version of the ITS offered to people who had 
broken interview appointments or otherwise expressed strong reluctance to answer the 
ITS but had not yet issued a final refusal. The ITS-CII contains only eight substantive 
items and has an administration time of about 15 minutes, much shorter than the hour for 
the full ITS.10 As of this writing, we project that about 7 percent of the survey-eligible 
sample will complete this instrument instead of the full ITS. Counting ITS-CII as 
“completed” interviews, they will boost the ITS response rate from roughly 56 percent to 
63 percent.  Section 2.1 discusses how the evaluation will use ITS-CII responses. 

5. National Student Clearinghouse (NSC), an administrative data source that provides 
information on enrollment in and degree receipt from degree-granting institutions for as 
many as 21 quarters (i.e., more than five years) after randomization, though sample sizes 
are smaller at longer follow-up periods, and, as a result, most analyses will focus on 
shorter follow-up periods of 5, 12, and 16 quarters.  

6. National Directory of New Hires (NDNH), an administrative data source that provides 
information on employment and earnings for up to 20 quarters (i.e., five years) after 
randomization, though samples are smaller at longer follow-up periods, and, as a result, 
most analyses will focus on shorter follow-up periods of 5, 12, and 16 quarters.11  

 
8  The full text of the instrument is available at 

https://www.reginfo.gov/public/do/DownloadDocument?objectID=111552201. 
9  The STS sample size was prioritized over the ITS for two main reasons. First, allocating more sample to the 

STS was consistent with the assumed key role of survey data in measuring short-term training which often 
occurs outside of colleges and is therefore not measured in administrative data. In contrast, longer training 
is assumed to be much more likely to occur at colleges and therefore measured in administrative data. 
Second, there were plans to use the larger STS services to better understand variation in the provision of 
short-term support services across programs and possibly link these to differences in outcomes over the 
longer term, as discussed below in Section 2.7.  

10  In addition to the substantive items, there are about two dozen items required for administrative purposes 
such as mailing incentives to respondents. The full text of the instrument may be viewed at 
https://www.reginfo.gov/public/do/DownloadDocument?objectID=111553901.  

11  For more information on the NDNH, see https://www.acf.hhs.gov/css/resource/a-guide-to-the-national-
directory-of-new-hires. For more information on the NSC, see https://nscresearchcenter.org/.  

https://www.reginfo.gov/public/do/DownloadDocument?objectID=111553901
https://www.acf.hhs.gov/css/resource/a-guide-to-the-national-directory-of-new-hires
https://www.acf.hhs.gov/css/resource/a-guide-to-the-national-directory-of-new-hires
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Exhibit 1-2 Analysis Cohorts, Follow-up Periods, and Sample Sizes for the ITIR 

Administrative data from the NSC and NDNH are available as of a given date. As a result, 
longer follow-up using those sources is available for those participants randomized earlier. For 
ease of presentation, we will focus analyses in the ITIR on three major follow-up periods from 
randomization to outcome: 5 quarters, 12 quarters, and 16 quarters. Exhibit 1-3 shows sample 
sizes for these three time periods, as well the number of observations that will come from the 
pre-pandemic and pandemic era periods, where the pandemic era is defined as starting in the 
first quarter of 2020.12 When time series are shown through 5 quarters, they will be based on 
everyone observed through 5 quarters. Similarly, when time series are shown through Q12 (or 
Q16) quarters, they will be based on the sample size available at 12 (or 16) quarters. By using 
different samples for the three lengths of time series, we will maximize the available sample for 
each graph, without confounding follow-up period with cohort (that is the same people are 
included at every follow-up period through the longest).  

  

 
12 The COVID-19 pandemic had rapid and dramatic effects on the economy and daily life beginning in March 

2020, which is the end of the first quarter of 2020. Section 2.8 of this analysis plan has more details. 
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Exhibit 1-3: Projected Sample Sizes for the ITIR by Follow-up Period and Source 

Analysis 
Source 

NSCa NDNH STS ITSb 

Q5 and time series through Q5 43,185 42,019 9,620 na 
Q5 pre-pandemic 30,337 29,518 9,620 na 
Q5 pandemic-era 12,848 12,501   0 na 

Q12 and time series through Q12 24,100 23,449 na 3,126 
Q12 pre-pandemic 8,150 7,930 na 0 
Q12 pandemic-era 15,950 15,519 na 3,126 

Time series through Q16 (all pandemic-era) 11,361 11,054 na Na 
Key: NSC=National Student Clearinghouse; NDNH=National Directory of New Hires; STS=Short-term Follow-up Survey; ITS=Intermediate-

term Follow-up Survey. 
aNSC pandemic-era sample sizes will be slightly smaller than shown here because NSC will not accept verbal consents from study members 

and some programs are obtaining only verbal consent during the pandemic era, as discussed in the prior section. 
bSample sizes for the ITS are provisional since interviewing will not end until the summer of 2021. 
Notes: Quarter 4 of 2019 and earlier are considered pre-pandemic, and Quarter 1 of 2020 and later are considered pandemic-era. 

Overview of Variables. Variables used in analyses for the ITIR fall into three broad categories: 
outcomes, subgroups, and covariates. The covariates are unchanged from those used in the 
STIR; its Appendix Exhibit C.8 lists them and reports on how they were selected.  

Exhibit 1-4 below lists the confirmatory and secondary outcomes for the intermediate-term 
follow-up point of the Impact Evaluation. For the most part, confirmatory and secondary 
outcomes are consistent with those used in the STIR, with simple modifications to the longer 
timeframe of the ITIR.  

Confirmatory outcomes for this report were initially named in the IEDP, but secondary outcomes 
were not precisely specified. However, the list below also reflects several more substantive 
changes made to the plan stated in the IEDP and STIR AP:  

• Consistent with the IEDP and conventions adopted for the evaluation of HPOG 1.0, in
moving from the short- to intermediate-term follow-up point, we swapped the status of two
outcomes in the educational progress domain; that is, the ITIR demotes the outcome that
counted program completion or training persistence (defined as never dropping out of a
training program) from confirmatory to secondary, and promotes program completion from
secondary to confirmatory. By 36 months, it is reasonable to expect program completion—at
least of an initial training—so we judged program completion was more appropriate as a
confirmatory outcome.

• For the STIR, we used six months of training as a leading indicator of getting ready to earn
longer-term credentials. At three years, we can look directly at those credentials, so we
demoted this outcome from secondary to exploratory.

• Consistent with the IEDP and our registrations at the Registry of Efficacy and Effectiveness
Studies (REES) and the OSF (Center for Open Science), we promoted earnings from
secondary to confirmatory.13

13 Registrations are available at https://sreereg.icpsr.umich.edu/sreereg/subEntry/2576/pdf and 
https://osf.io/uxgb8/ 

https://sreereg.icpsr.umich.edu/sreereg/subEntry/2576/pdf
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• Consistent with recent decisions for the evaluation of HPOG 1.0, we promoted healthcare
employment from secondary to confirmatory for the ITIR. We will also re-assign that
outcome from the labor market domain to a new domain for healthcare labor supply. Given
the emphasis in HPOG’s authorizing legislation on improving the healthcare labor supply, it
was an error in the IEDP to consider this and related outcomes in the labor market domain.

• Consistent with conventions adopted for the evaluation of HPOG 1.0 at both three and six
years, for the ITIR we promote trouble making ends meet from exploratory to secondary. We
will test for a decrease, because the desirable outcome is a reduction in trouble making
ends meet.

• Finally, given the centrality of welfare independence to original congressional interest in
HPOG, we promoted receipt of public benefits (e.g., TANF, Supplemental Nutrition
Assistance Program/SNAP, or Medicaid) from exploratory to secondary.14

The STIR reported one confirmatory outcome and 10 secondary outcomes. With these 
changes, the ITIR reports three confirmatory outcomes and 10 secondary outcomes. Given that 
there are now three confirmatory outcomes, all summary statements about impacts of 
HPOG 2.0 will mention the impacts on all three of those outcomes. 

14  The IEDP envisioned TANF receipt by itself as the secondary outcome to be added to the ITIR, but results 
from the evaluation of HPOG 1.0 have led us to think that this broader measure of dependence on public 
benefits is more important. 
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Exhibit 1-4: Confirmatory and Secondary Outcomes for Intermediate-Term Impact Report 

Domain Variable Description 
Outcome 

Designation Units 
Data 

Source 
Educational 
progress 

Completed any training within 36 months of randomization 
(program completion is defined as having earned any new 
credential since randomization) 

Confirmatory Percentage 
Yes 

ITS  

Completed training by earning a credential or still in training 36 
months after randomization 

Secondary Percentage 
Yes 

ITS  

Earned an exam-based professional, state, or industry certification 
or license as of 36 months after randomization 

Secondary Percentage 
Yes 

ITS 

Months of training through 36 months after randomization Secondary Months ITS 
Labor market Quarterly earnings for the 12th quarter after random assignment 

(including everyone randomized through March 2018 ) 
Confirmatory $ NDNH 

Employed at job that offers health insurance as of survey interview Secondary Percentage 
Yes 

ITS 

Healthcare 
labor supply 

Current healthcare employment as of survey interview (“Is this 
occupation in the field of healthcare?”) 

Confirmatory Percentage 
Yes 

ITS 

Career 
progress 

Career connected, meaning either employed full-time, attending 
school full-time, or a mixture of part-time work and school at the 
same time at 36 months after randomization 

Secondary Percentage 
Yes 

ITS 

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

Secondary Scale score ITS 

Well-being Trouble making ends meet Secondary Percentage 
Yes 

ITS 

Receipt of TANF, SNAP, or Medicaid by anyone in household at 
survey interview 

Secondary Percentage 
Yes 

ITS 

Key: ITS=Intermediate-term Follow-up Survey. NDNH=National Directory of New Hires. SNAP=Supplementary Nutrition Assistance Program. 
TANF=Temporary Assistance for Needy Families. 

Exhibit 1-5 lists the subgroups to be considered. These are unchanged from the STIR, although 
grantee type was a late addition to the STIR (not listed in the STIR Analysis Plan). Grantee type 
was found to be a strong moderator of training duration. For the ITIR, we will mostly restrict 
subgroup analyses to confirmatory and secondary outcomes. However, given the very large 
sample sizes available for NSC and NDNH data, we will also run subgroup analyses for some of 
the exploratory outcomes at quarter 16 where the corresponding outcome for quarter 12 was 
defined as confirmatory or secondary. All subgroup analyses are exploratory. As in the STIR, 
we will not discuss isolated subgroup findings. If patterns of statistically significant results 
emerge, we will highlight those, but otherwise the report will present the subgroup findings 
without discussion. Moreover, for variables that split the sample into three or more groups, we 
will not, as a rule, discuss pairwise differences unless the test for any differences among the 
levels is significant. 
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Exhibit 1-5: Subgroups for ITIR 

Subgroup (defined at baseline) Categories 
Gender • Male

• Female
Age • Under 25

• 25 or older but under 30
• 30 or older

Race/ethnicity • Hispanic (any race)
• White (neither Hispanic nor multi-racial)
• Black (neither Hispanic nor multi-racial)
• Another race (including multi-racial)

American Indian/Alaskan Native 
(AI/AN)a 

• American Indian/Alaskan Native (including Hispanic or multi-racial
co-identifying as AI/AN)

• All other
Presence of dependent children • Yes/No
Currently enrolled in school • Yes/No
Educational attainment • Some postsecondary schooling

• High school diploma (or equivalent)
• Less than secondary completion

Low numeracy or literacya • Below 8th grade on either numeracy or literacy skills per assessment
• At 8th grade or higher on both
• 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)

• No such challenges
English proficiencya • Limited (per self-report)

• Not limited
Public assistance • TANF receipt (with or without SNAP or WIC)

• SNAP/WIC receipt (without TANF)
• No receipt of TANF, SNAP, or WIC

Grantee typea • Community college or college consortium
• Any other type of grantee

Grantee returnee statusa • Grantee organization also had a grant under HPOG 1.0
• First HPOG grant

Key: SNAP=Supplemental Nutrition Assistance Program. TANF=Temporary Assistance for Needy Families. WIC=Special Supplemental 
Nutrition Program for Women, Infants, and Children. 

aNot tested in HPOG 1.0. 

Power. Exhibit 1-6 shows minimum detectable impacts (MDIs) for a variety of outcomes and for 
analyses of how COVID changed the impact of HPOG 2.0 (as discussed in Section 2.8). These 
are based on a threshold for statistical significance of 0.05, type II error at the impact of 0.80, 
one-sided tests for confirmatory and secondary outcomes, and two-sided tests for both 
exploratory outcomes and for differences in impacts.  
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Exhibit 1-6: Projected Minimum Detectable Impacts and Minimum Detectable Differences in Impacts for Select 
Outcomes for ITIR 

Outcome 

STIR Impact 
(at nearest 
time point) 

ITIR Minimum Detectable 
Impact or Difference in Impact 

Impact Pre-
COVID 
Impact 

COVID-
Era Impact 

Difference 
in Impacts 

Q5 earnings, NDNH $5 $111 $133 $204 $243 
Q12 earnings, NDNH $98 $153 $263 $188 $365 
Q16 earnings, NDNH na $264 na $264 Na 
Q5 cumulative FTE months at colleges, NSC 0.6** 0.14 0.16 0.25 0.30 
Q12 cumulative FTE months at colleges, NSC 0.7** 0.36 0.62 0.45 0.77 
Q16 cumulative FTE months at colleges, NSC na 0.66 na 0.66 Na 
Healthcare employment by month 36, ITS 4.0pp## 3.9pp na 3.9pp Na 
Employed with health insurance offer as of 
survey, ITS 1.2pp## 5.2pp na 5.2pp Na 

Completed any training by month 36, ITS 16.9pp## 9.6pp na 9.6pp Na 
Months of training by month 36, ITS 1.4## 1.3 na 1.3 Na 
TANF receipt by household as of survey, ITS 0.5pp 2.6pp na 2.6pp Na 

Key: FTE=full-time-equivalent. ITS=Intermediate-term Follow-up Survey. NDNH=National Directory of New Hires. NSC=National Student 
Clearinghouse. TANF=Temporary Assistance for Needy Families. Pre-COVID=Prior to quarter 1 of 2020. COVID-Era=Quarter of 2020 or 
later. 

Source: HPOG 2.0 Short-term Follow-up Survey, sample size projections from Exhibit 1-3, and calculations by Abt Associates. 
Note: STIR Impact (at nearest timepoint) is the observed impact on each outcome, measured at the closest available time point, as found in the 

STIR. Statistical significance levels for two-sided hypothesis tests are indicated with asterisks, as follows: **=1 percent, *=5 percent. 
Statistical significance levels for one-sided hypothesis tests are indicated with hashtags, as follows: ##=1 percent, #=5 percent. 
Minimum detectable impacts based on survey-measured outcomes are approximate. They are based on actual standard errors on impacts 
estimated from the STS, with an adjustment for the smaller sample size. They do not account for expected variance reductions due to the 
use of the planned calibration of the ITS to the STS (see Section 2.4). On the other side, these minimum detectable effects also do not 
account for the loss of information associated with people who responded to the CII instead of the main survey instrument, as discussed in 
Section 2.1. Since the effects of these two complexities on variances are in opposite directions, the net effect on MDIs should be modest. 

The ITS is projected to yield about 3,100 completed interviews. Though not small, this sample is 
about a third of the 9,620 completed for the STS. Consistent with a sample a third as large, the 
corresponding MDIs for the survey-based outcomes are considerably larger than those for the 
STIR. As a result, even if the true impacts are unchanged from STIR to ITIR, some impacts 
detected in the STS are unlikely to be detected by the ITS. Section 2.4 discusses adjustments 
to methods given the smaller sample.  

The effect of COVID-19 will be a focus of the ITIR. Consistent with that focus, Exhibit 1-6 above 
also provides minimum detectable differences between the pre-COVID and COVID-era impacts. 
Section 2.8 discusses these analyses in more detail. 

For context, Exhibit 1-6 also shows the impact on the outcome from the STIR (or the outcome’s 
near equivalent from the STIR). It is important to note though that MDIs are slightly misnamed. 
They are the smallest impacts that can reliably be detected (i.e., with a probability of at least .8). 
It is common to detect slightly smaller estimated impacts. Nonetheless, the exhibit makes clear 
that unless impacts have grown substantially between month 15 and month 36, it is likely that 
impacts will not be detected in the ITIR for several secondary outcomes—for which impacts 
were detected in the STIR. Examples include employment with an offer of health insurance and 
perhaps healthcare employment.  
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Looking Ahead to the Long-Term Impact Report. The current plans for the National 
Evaluation extend through 2025 with a Long-Term Impact Report. The Long-Term Impact 
Report will be based on a combination of administrative data and data collected in a Long-Term 
Follow-up Survey. The sample for this Long-Term Follow-up Survey will be the same as the 
sample for the Intermediate-Term Follow-up Survey, namely everyone randomized between 
September 2017 and January 2018. The instrument for this survey is still being developed.  

1.3 FINDINGS OF THE SHORT-TERM IMPACT REPORT 

The Short-Term Impact Report’s findings can be summarized as follows. 

There is clearly progress on the first and second steps of the HPOG logic model—
providing training and receipt of credentials. The offer of HPOG 2.0 leads to a positive and 
sizable impact on the Impact Evaluation’s pre-specified confirmatory outcome at the short-term 
follow-up point: educational progress, defined as completing training or still being in training by 
15 months after randomization. About 15 months after randomization, 63 percent of the 
treatment group met these criteria, compared to 46 percent of the control group. This impact of 
16 percentage points is an increase of more than a third relative to the control group level.  

This impact was mostly driven by a 17-point impact on the percentage of students completing 
training, but there was also a 6-point impact on still being in training at the time of the survey 
(about 17 months after randomization). We also found that the offer of HPOG 2.0 led to an extra 
1.4 months of training, a 10-point impact on the percentage of study members completing six or 
more months of training, and a 9-point impact on earning an exam-based certification or license 
from some authority other than a training provider. Complementary analyses of National Student 
Clearinghouse (NSC) data on outcomes at degree-granting institutions for early participant 
cohorts over a longer time frame also find positive but small impacts on months of training (just 
0.7 months as of Q10). However, analyses of both the Short-term Follow-up Survey data and 
the NSC data find that most training is short—well less than a year—and that that the survey-
measured impact on being in training falls sharply from Q1 to Q5 (from an impact of 18.5 
percentages points at Q1 to just 5.9 percentage points at Q5). Finally, for the early cohorts, past 
five quarters after randomization there is no detectable impact on participants being still in 
college as recorded in NSC. 

There is clear progress on the second policy goal—expanding the healthcare workforce. 
Analyses of the Short-Term Follow-up Survey data also find positive impacts on engagement in 
healthcare training (21-point impact on any training to prepare for a healthcare occupation), 
earning of credentials in healthcare (18-point impact), and employment in healthcare (4-point 
impact).  

Finally, as of the STIR, there is little progress on the first policy goal—“jobs that pay well.” 
Analyses of the Short-Term Follow-up Survey data through about 17 months after 
randomization and of the National Directory of New Hires (NDNH) data through two and a half 
years after randomization found almost no evidence that the offer of HPOG 2.0 improves labor 
market outcomes or broader measures of well-being. There were, however, impacts on two 
possible precursors of labor market progress. Specifically, the offer of HPOG 2.0 had an impact 
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on a scale of perceived progress towards career goals of 0.22 standard deviations,15 and had a 
3-point impact on career-connectedness (attending school full-time, working full-time, or doing
both at least part-time).

1.4 STRUCTURE OF BALANCE OF DOCUMENT 

Chapter 2 specifies new methods that will be used for the ITIR. These include methods to 
combine credential reports across survey follow-up rounds, estimation of incremental impacts 
since prior survey, scoring of the basic skills assessment, estimation of linkages between local 
program service profiles and local program impacts, and methodology to compare pre-
pandemic impacts with pandemic-era impacts. Chapter 3 provides the timeline for the ITIR and 
a draft outline for it.  

Finally, Appendix A contains details on the operationalization of analytic constructs from the raw 
data. Appendix B contains additional technical methodological details on scoring of the basic 
skills assessment. Appendix C contains additional technical methodological details on 
estimation of linkages between local program service profiles and local program impacts. 

15  This means that about 59 percent of the treatment group has a score above the median score for the 
control group. 
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2. NEW METHODS

As noted in Chapter 1, the methods used for the ITIR are largely the same as those used for the 
STIR. Section 1.2 provides a brief overview of those methods and refers readers to other 
documents for details.16 This chapter only discusses methods for analyses not presented in the 
STIR. This chapter describes the methods for each of these new analyses.17 Section 2.1 
explains how we will use the ITS-CII to complement the data collected in the full ITS. Section 
2.2 explains how cumulative earned credentials will be estimated given that the ITS asks only 
about new earned credentials since the last interview. Section 2.3 discusses planned 
improvements to processing of data about the duration of formal training. Section 2.4 discusses 
special adjustments to the weighting of the ITS that will minimize incongruous findings across 
the STIR and ITIR. Section 2.5 details methods for estimating incremental impacts and what 
role these incremental impacts will play in the report. Section 2.6 provides an overview of plans 
for scoring of the assessment of basic skills, with technical details relegated to Appendix B. 
Similarly, Section 2.7 provides an overview of methods to estimate the relationship of short-term 
program-level satisfaction and educational progress to intermediate-term program-level 
outcomes, with technical details relegated to Appendix C. Finally, Section 2.8 lays out how we 
will compare pre-pandemic impacts with pandemic-era impacts. 

2.1 USING THE CRITICAL ITEMS INSTRUMENT TO COMPLEMENT INFORMATION COLLECTED
IN THE FULL INTERMEDIATE-TERM FOLLOW-UP SURVEY 

As mentioned earlier, the Critical Items Instrument (ITS-CII) contains just eight substantive 
questions, enough to determine whether the study participant: 

• Had any paid work since the last contact (since either the STS or since baseline for
those who did not respond to the STS);

• Engaged in any formal training since the last contact;
• Earned any new credentials (with details on any received);
• Worked in the healthcare field as of their current or most recent job (if any);
• Was offered health insurance at that job;
• Lived in a household where someone received TANF benefits;
• Lived in a household where someone received SNAP benefits; and
• Had trouble making ends meet.

16  Estimates will be generated by regression adjusted treatment/control comparisons (for more detail see STIR 
Appendix C.8). Covariates will be those chosen by LASSO on HPOG 1.0 data—and identical covariates to 
those used in the STIR (for more detail, see STIR Appendix 8.1). Prospective, rather than retrospective 
standard errors will be used for the main estimates (for more detail, see STIR Appendix C.7). Multiple 
comparisons concerns will be addressed by specifying a small number of confirmatory outcomes (and never 
more than one per domain) and an only slightly larger number of secondary outcomes.  

17  As discussed in STIR Appendix G, analyses using ideas from principal stratification (Frangakis and Rubin, 
2002) might be insightful for estimating the separate importance of inducing more people to start training 
vs. inducing those who would otherwise start training to train for longer. As of now, those analyses will not 
be included in the Intermediate Term Impact Report.   
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The ITS-CII’s purpose was to entice “soft” refusals—that is, those who do not agree to be 
interviewed when contacted over the phone or in person, but who do not explicitly ask not to be 
contacted again—to answer. Given that goal, the dominant design consideration was to keep 
the instrument short. These eight items were chosen because they provide most of the 
information needed to measure the two survey-based confirmatory outcomes (any training 
completions and healthcare employment) and several secondary outcomes while still keeping 
administration time under 15 minutes. 

For purposes of nonresponse adjustment weighting, the evaluation team will consider 
respondents to the ITS-CII as if they had responded to the full ITS. Since these 300+ 
respondents will have much less detailed information than respondents to the full ITS, this 
approach to analysis will require imputation of most of the ITS. (Appendix A indicates which 
outcomes can be measured with just the ITS-CII items; there are not many such outcomes.) 
This section provides broad outlines of a plan for this activity. Full details of this imputation will 
be provided at a later date in a technical appendix to the ITIR. 

Our current plan is to use slightly different techniques for imputation of outcomes in the 
educational progress domain than in other domains. For outcomes in the educational progress 
domain, we will use a hotdeck technique in which a “donor” is identified who:  

• completed the ITS,
• is in the same treatment group,
• has a similar length of follow-up (months between prior contact and new contact),
• has identical or at least similar responses to the items in common between the ITS-CII

and the full ITS,
• has similar NSC data, and
• to the extent feasible, was randomized by the same local grantee.

Once such a donor is identified, the entire training history will be copied from the donor record 
into the corresponding ITS-CII respondent record, making adjustments for dates of contacts. 
Recodes in the educational progress domain will then proceed as if the ITS-CII respondents had 
completed the full ITS.18  

For outcomes in labor market, career progress, and well-being domains, we will use a similar 
approach, differing only in the substitution of NDNH data for NSC data. For administrative 
reasons, we are not allowed to merge NSC and NDNH data. It seems important to use NDNH 
earnings data when imputing labor market and well-being domains.19 Career progress could be 
reasonably based on either NDNH or NSC data; we will try both ways and see which seems 
more sensible.  

While it would theoretically be attractive to identify multiple donors for every ITS-CII respondent 
and thereby be able to reflect between-imputation variance in estimated standard errors on 

18  This procedure is based on one developed to handle large blocks of missing data for another evaluation of 
career pathways programs. See Judkins, Fein and Buron (2018, section 4.3.2) 

19  Unfortunately, this means that that these imputed values will not be publishable in any public or restricted 
use files prepared for this project. We will also develop a set of imputed values based on the donor for the 
educational progress domain for such archival purposes. 
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estimated impacts, given available sample sizes, it seems unlikely that there will be multiple 
reasonable donors for each ITS-CII respondent. Stretching to find second choice donors would 
probably lead to using donors that do not match the profile of the ITS-CII respondent as well, 
particularly given the preference to draw the donor from the same local grantee. We will explore 
multiple imputation strategies for sensitivity analyses, but we think that such strategies will likely 
overestimate the true between-imputation variance.20 

2.2 INTERWEAVING OF EARNED CREDENTIALS FROM TWO FOLLOW-UP SURVEYS 

The ITS asks about any credentials earned since the month and year of the STS (for STS 
respondents) or since random assignment (for STS non-respondents). We will interweave the 
earned credentials from the two follow-up surveys as follows: 

• For STS respondents, we will combine the credentials from the STS with the credentials
from the ITS to obtain a complete set of credentials since random assignment before we
create the credential outcome variables. At the start of the credential section of the ITS
(Section C), we list the credentials that the respondent previously reported in the STS and
record whether the respondent agreed with the list or noted that at least one of the
previously reported credentials was wrong. We then collect information about the credentials
earned since the STS. We will analyze how many respondents agreed with or disagreed
with their list of previously reported credentials and how many credentials reported in the
ITS appear to be duplicates of credentials reported in the STS, but we will not attempt to
correct for any errors or duplications.

• For STS non-respondents, the ITS asks about any credentials earned since random
assignment, so we have a complete history of credentials for these participants.

2.3 IMPROVED MEASUREMENT OF THE DURATION OF FORMAL TRAINING 

The ITIR will include improved measurement of the duration of formal training, both with the 
NSC and with the follow-up surveys. The analysis for the STIR counted months of any 
enrollment. Given that training is often short and the first and last months are often partial, this 
approach leads to a moderate overstatement of the amount of training received. For NSC data, 
we will count the number of weeks of enrollment reported in the NSC, and aggregate the weeks 
into months, resulting in a more precise estimate of the number of months of enrollment. 
Moreover, for enrollment spells reported in the ITS, we will discount the first and last months in 
a spell, counting each as a half month. These changes will result in better, but lower, levels for 
both the treatment and control groups and likely some shrinkage in impact.21  

2.4 MINIMIZING DISCONTINUITY ACROSS REPORTS 

As noted previously, the drop in sample size from the STS to the ITS has the potential to cause 
impacts on some outcomes that were significant at Q5 to lose significance at Q12 even if the 

20  For multiple imputation to provide reasonable variance estimates, each draw must have the same chance 
of being chosen.  In this case, second-place choices actually have no chance of selection and they are 
expected to differ for more reasons than random events. 

21  All impacts on enrollment duration in the STIR will be regenerated for the ITIR with the new processing 
system and included either in the main text or in appendices. 
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true impact does not itself really shrink. The most obvious way for this to happen is via the 
expected 88 percent relative increase in standard errors due to the smaller sample. However, 
significance can also be lost because of random drift in the estimated impact on the smaller ITS 
sample.22 One important outcome to which this concern applies is the survey-reported measure 
of healthcare employment. To reduce the likelihood of this unfortunate pattern, we will make a 
special adjustment to the survey weights that will both minimize drift and mitigate the increase in 
standard errors. This special adjustment will come on top of usual nonresponse adjustment. To 
capture the effect of this adjustment to the weights on estimated standard errors, we will also 
need to change the method of variance estimation. This section discusses both changes. 
Appendices to the ITIR will include sensitivity analyses with and without this special adjustment. 

Weight Calibration 

We will “calibrate” the weights so that estimated impacts on selected Q5 (i.e., short-term) 
outcomes based on the ITS sample will be nearly identical to the estimated impacts for the 
same outcomes based on the STS sample. This adjustment has two benefits. First, it should 
make it easier to tell a clear and compelling story by not needing to explain wide impact swings 
across reports. Second, it makes the Q12 impacts more accurate. Generally, introducing 
unequal weights will increase variances. However, by forcing agreement on Q5 outcomes, we 
radically reduce the true variability of impacts estimated on the subsample chosen for the ITS. 
This is because no matter which subsample of the STS sample is chosen, the impact on the Q5 
outcome from the subsample is equal to the impact on the Q5 outcome on the full sample. 
Because Q12 outcomes are likely to have substantial correlations with Q5 outcomes, this 
adjustment should also reduce variances on estimated Q12 impacts.23  

The methodology and supporting theory is described by Judkins and colleagues (2007). The 
best currently available software for this task is SUDAAN. With SUDAAN, we should be able to 
calibrate all 11 confirmatory and secondary outcomes from the STS. We will run the SUDAAN 
calibration routine separately on the treatment and control samples. Appendices will contain 
sensitivity analyses that show impacts at Q12 with and without the calibration. 

Variance Estimation 

The software (SAS/GLIMMIX) we used to estimate variances for the STIR will need to be 
replaced for the ITIR. Calibrating the smaller ITS to the larger STS will reduce variances on 
impacts on ITS outcomes in ways that cannot be captured with GLIMMIX. To capture those 

22  Random drift refers to a small shift in the estimated impact due to the experiences of both the treatment 
and control groups in the subsample being different from those in the full sample. Statistical significance is 
determined by the ratio of the point estimate to the standard error. So if either the point estimate or the 
standard error changes, the statistical significance will change. Point estimates are almost certain to be 
different on the subsample than on the full sample. We expect that those based on the full sample will be 
closer to the truth, but it can happen that estimates based on the subsample are actually closer to the truth. 

23  Due to the use of regression adjustment, estimated impacts will not be unbiased whether or not we use 
calibration. However, there is no reason to believe that calibration will increase bias. Both estimators are 
“consistent,” meaning that they will converge to the true effect with large enough sample sizes. 
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valuable variance reductions, we will need to switch to a replication-based variance estimator.24 
We will create a set of replicate samples and apply the calibration procedure to each of them.25 
We will then use SAS/SurveyReg to use these calibrated replicate weights to estimate the 
variances. The methodology for this was developed in Judkins, Nadimpalli, and Adeshiyan 
(2005). The resulting variance estimates will also be appropriate for prospective inference 
because we will drop or reweight whole programs at a time.26  

Our projections of minimal detectable impacts in Exhibit 1-6 do not take into account the 
variance reductions due to calibration. Variance reductions are nearly certain to be achieved, 
but the magnitude of the reductions is difficult to project. Thus, the projected MDIs in that exhibit 
are conservative. 

2.5 INCREMENTAL EFFECTS SINCE PRIOR REPORT 

If the analyses find impacts of HPOG 2.0 on outcomes at Q12 for which no impacts were 
detected at Q5 in the STIR, the question will naturally arise of whether these impacts are 
delayed, gradually building, or possibly the result of measurement issues. Similarly, if outcomes 
that showed HPOG 2.0 impacts at Q5 no longer show impacts at Q12, the question arises of 
whether the control group caught up or measurement issues are responsible. The team’s 
strategy to explore these situations, should they arise, will vary with the details of measurement. 

For outcomes with monthly or quarterly measurement (rather than simply as of each survey), 
our primary approach will be to graph the time series and to comment informally on the patterns. 
More formally, we will also test for differences in impacts at annual intervals, comparing, for 
example, impacts on quarterly earnings at Q12 versus Q8 and Q4.27 For cumulative outcomes 
such as ever having earned a college credential, we will compare impacts on ever earned such 
through Q12 versus through Q8 and through Q4. We might also test for linear trends within 
individual years or across all three years. For the pre-survey cohort, we could conduct similar 
analyses through Q16. 

For other outcomes (such as perception of career progress) that are only measured as of each 
survey, in addition to simply testing whether the impacts differ by round, we will create change 
scores on the longitudinal panel (people selected for and interviewed as part of both the STS 
and the ITS) and directly estimate HPOG 2.0 impacts on those change scores. This analysis will 

24  There are many replication-based variance estimators, as discussed in Wolter (2007). They all involve 
measuring how much impact estimates vary when the underlying data are lightly perturbed. Perturbation 
methods include the jackknife (Tukey 1958; Efron and Stein 1981), in which single observations or clusters 
are dropped; the bootstrap (Efron 1979), in which subsamples of units or clusters are drawn with 
replacement; and Fay’s Method (Judkins 1990), in which subsamples are reweighted. 

25  The evaluation has not made a final decision on how to draw the replicate samples. Current thinking leans 
towards the delete-a-group (DAG) jackknife (Kott 2001). This approach drops all study members from one of 
the 38 programs on each of 38 replicates. 

26 As discussed in Appendix C.7 of the STIR, the inferences in the main body of the STIR are all based on 
prospective standard errors. These are standard errors that take into account differences in program 
impacts in order to make tests of statistical significance robust to this variation. 

27  These tests will be prospective, taking into account the clustering induced by the 38 programs funded by 
HPOG 2.0. The tests will be conducted by “stacking” outcomes by quarter and then using SAS/SurveyReg 
with programs declared to be clusters. 
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help us distinguish methodological artifacts from true changes in impacts. Because change 
scores will be defined only for people who responded to both rounds of follow-up, this analysis 
will be able to verify that the change in impacts is due to change at the person level rather than 
due to either the subsampling (with its attendant risk of cohort effects, as the ITS subsample is 
restricted to people randomly assigned in just 5 of the 12 months who were eligible for the STS) 
or differential nonresponse patterns across the rounds. 

2.6 ASSESSMENT OF BASIC SKILLS 

The ITS includes a new module designed to assess respondents’ basic skills, with a focus on 
healthcare vocabulary and basic arithmetic skills. The assessment items do not require 
advanced healthcare training. Rather, the intention is to assess the impact of HPOG 2.0 on 
readiness for occupational training in healthcare.28 The assessment was developed by the 
research team specifically for HPOG 2.0 and pilot tested on a volunteer sample of 300 HPOG 
participants during late summer 2019.29 Given that the plan was for the majority of ITS 
interviews to be conducted by telephone, the assessment was specifically designed to be 
administered by phone without the aid of any visual cues.30 The assessment addresses the 
research question: Does HPOG 2.0 training improve basic skills? Treatment-control differences 
will allow the evaluation to address this question without a baseline assessment. This section 
highlights key aspects of this effort, while Appendix B contains detail on the development, pilot 
testing, and planned scoring of the assessment. 

Prior to developing the assessment, the research team searched for existing assessments that 
might be suitable. The evaluation identified one phone-based assessment of verbal aptitude 
called the Computerized Adaptive Screening Test (CAST), used for prescreening of military 
recruits.31 Sticht—an expert in adult education, particularly oral and written language skills—has 
written favorably about it (2000),32 and an evaluation validated it for assessing verbal aptitude.33 
The CAST appeared attractive for OPRE evaluation purposes because it is designed 
specifically for telephone usage and only takes 10 to 15 minutes to administer. Unfortunately, 
the Defense Manpower Data Center did not allow the study team to use this directly or to share 
the item set as a model for the assessment ultimately developed.  

Development of the new assessment started with drafting an initial set of 45 items (28 
vocabulary and 17 arithmetic) that were pretested with 300 volunteers. Analysis of the pretest 

28 Ideally, this assessment would be given about six months after randomization, at which point programs 
would have had the opportunity to remediate low basic skills. However, operational issues prevented its 
implementation prior to the ITS. 

29  The sample was recruited by grantees among HPOG participants who were not in the sample for the Short-
Term Follow-up Survey. Grantees were encouraged to focus on participants who were ready for occupational 
training but who had not yet completed it. 

30  This planning was done in 2017, long before the outbreak of the COVID-19 pandemic. As a result of the 
pandemic, an even larger proportion of interviews were conducted by phone than planned, so this design 
was fortuitous. 

31  The Defense Manpower Data Center also is the home of the Armed Services Vocational Aptitude Battery 
(ASVAB), but that assessment requires in-person or online administration and takes 50 minutes. 

32  http://files.eric.ed.gov/fulltext/ED451383.pdf. 
33  https://apps.dtic.mil/sti/pdfs/ADA328971.pdf. 

http://files.eric.ed.gov/fulltext/ED451383.pdf
https://apps.dtic.mil/sti/pdfs/ADA328971.pdf
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showed that the overall difficulty of the items was appropriate for the sorts of students attracted 
to HPOG programs and that it was possible to reduce the item set substantially with little 
precision loss. The pilot had only limited information that could be used to validate the 
instrument, but scores on the assessment were positively associated with the use of basic skills 
in everyday life, a concept measured using items borrowed from the Programme for the 
International Assessment of Adult Competencies (PIAAC).34 

After item cuts, the assessment contains 11 items each for the domains of vocabulary and 
arithmetic. The 11 items in each domain are divided into three groups by difficulty (as measured 
in a pilot): easy (3 items), average (5 items), and hard (3 items). Respondents are first asked 
the average group. Depending on how well they do with those, they are then asked either the 
easy group or hard group. Because of this flow, the test is considered to be “dynamic” (or 
“adaptive”) rather than “static.”  

Given the dynamic nature of the assessment, it is not appropriate to simply count the number of 
correct responses by a participant to estimate their skill. Instead, we will employ a three-
parameter item response theory (IRT) model to estimate each participant’s skill in each of the 
two domains.35 Even so, eight items is a small set of items to assess a person’s skills in a 
domain. There will be some random measurement error on each participant’s estimated skill 
that will accumulate across the sample of participants, leading to larger standard errors on 
estimated impacts than what could have been achieved with a much larger sample of items for 
each person. To capture this additional uncertainty, we will use Bayesian procedures to fit the 
IRT model and to impute five replicate estimates of skill in each domain for each participant. We 
will treat the five draws the same as five imputed values in variance estimation. Treatment of 
imputed data was discussed in Appendix C.6 of the STIR. 

2.7 EXPLORING CROSS-SITE IMPACT HETEROGENEITY 

As mentioned in Section 1.2, one of the research questions concerns how the impact of an offer 
of an HPOG 2.0 slot varies with local program characteristics. The planned analyses discussed 
in this section are intended to provide insights into program characteristics and activities that are 
associated with larger impacts on participant outcomes (in particular, earnings) and for health 
profession outcomes. In the IEDP, we planned to address this question using methods 
introduced to the literature by Bloom, Hill, and Riccio (2003), but we also held out the possibility 
of new methodology. Since then we have succeeded in developing and testing this new 
methodology (Judkins and Durham 2020) to the point where we feel comfortable including 

34  See section H of the PIAAC Background Questionnaire, dated December 15, 2010. 
https://www.oecd.org/skills/piaac/Background%20Questionnaire%2015DEC10.pdf 

35  For major national assessments such as the National Assessment of Educational Progress and the PIACC, it 
is common to also adjust the scores with a latent population model as in Khorramdel et al. (2020). With 
these methods, people who report data about themselves that should reflect high basic skills (such as 
having earned a degree) but who score low on the assessment would have their final score adjusted upward 
under the theory that they just had a bad assessment day. Similarly, people who report data that should 
reflect low basic skills (such as not having finished high school) but who score high on the assessment 
would have their final score adjusted downward under the assumption that they had some lucky guesses. 
Although these methods can improve precision, we already have a very large sample size and the 
methodology is complex to apply.  

https://www.oecd.org/skills/piaac/Background%20Questionnaire%2015DEC10.pdf
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analyses based on it in the ITIR. The details of this methodology are in Appendix C. This section 
contains a brief overview of that material. 

In the original application of these methods, Bloom and colleagues used data from several 
sources including surveys of local program directors and frontline caseworkers, as well as 
external data on local economic conditions. The evaluation of HPOG 2.0 does not include such 
surveys. Moreover, external data on local economic conditions might not be very relevant to 
local programs in HPOG 2.0 because the target population was defined narrowly in terms of 
skills and career goals and widely in terms of geography.36  

Our new methodology separates program features that programs could conceivably control and 
features that are definitely beyond the control of the programs. Consistent with the framework of 
Weiss, Bloom, and Brock (2014), we refer to the set of features that programs could control as 
“mediators.” The authors do not suggest a concise name for the second set, those features that 
are beyond the control of programs. We refer to them as “contextual moderators.” Our new 
methodology uses only data provided by members of the treatment group to measure program 
mediators.37 Moreover, our methodology uses only data provided by members of the control 
group to measure contextual moderators. Following Raudenbush and Sampson (1999) and Hox 
(2010), we refer to the use of average participant responses in multi-level models as “ecometric” 
analysis, not to be confused with the much broader field of econometric analysis.  

One other departure from Bloom, Hill, and Riccio (2003) is that we do not include average 
program-level contrasts in the take-up of services. Although the authors showed that treatment 
contrast variation can help explain impact variation, treatment contrast is only partially under the 
control of the local program, so it is neither a mediator nor a contextual moderator. As such, 
implications for future program designers are less clear with the Bloom et al. approach, and 
therefore we excluded such contrasts from our models. 

Due to the limited degrees of freedom for program-level regression analysis, in the IEDP we 
committed to using no more than two to four program-level variables to explore cross-site 
impact heterogeneity, including both mediators and contextual moderators.38 Given findings in 
the STIR that impacts on some outcomes vary depending upon whether the grantee is a college 
or some other type of organization, we will use grantee type as a contextual moderator. We will 

36  The Local Area Unemployment Statistics (LAUS) program at the Bureau of Labor Statistics published 
unemployment rates for states and metropolitan areas, but there is no detail on the occupation or last 
industry. A common theory in economics is that much of the variability in unemployment rates across 
metropolitan areas is in fact due to variation in unemployment by industry (see for example, Gan and Zhang 
2006). Nationally in 2019, the unemployment rate for healthcare support occupations (3.1%) is very similar 
to the national unemployment rate (3.7%), but the unemployment rate for the hospital industry (1.3%) and 
other healthcare businesses (2.4%) is much lower. https://www.bls.gov/cps/cpsaat25.htm, 
https://www.bls.gov/cps/cpsaat26.htm.  

37 All HPOG programs use random assignment, but a small number of study members are not subject to 
random assignment. As a result, there are small differences between the HPOG treatment group – those 
randomly assigned to the treatment group – and the HPOG participants – those who are eligible for HPOG. 

38  Future researchers may want to use structural equation models to directly study relationships at the person 
level between services and outcomes. These methods are much less constrained by the number of 
programs in the study. See Abt Associates (2014), Section 3.7 and Appendix A, but they require strong 
assumptions and do not rely on randomization status. 

https://www.bls.gov/cps/cpsaat25.htm
https://www.bls.gov/cps/cpsaat26.htm
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also use the mean control-group response on the outcome variable as a second contextual 
moderator for each outcome we study. That leaves room for two mediators. Based on theory, 
the analysis of level-2 mediation in HPOG 1.0,39 and intraclass correlations in HPOG 2.0,40 we 
decided to use the following two student-level scales from the STS to test for level-2 mediation 
of HPOG 2.0 impacts at three years: 

• Number of months of training in Q1 and Q2 (combined).

• Counselor effort (scale based on four items).

Our hypothesis is that programs that get their students started early in programs that last more 
than a few weeks with strong counseling support will have the largest impacts at three years. 
Given the structure and theory of HPOG, months of training and counselor effort are natural 
choices as mediators.  

Whether programs can really control these potential mediators is an open question. HPOG 2.0 
grantees that were not colleges seemed to have served largely as referral agencies for training 
rather than as training providers. College-run programs also did not create new training 
programs, instead they improved access and increased supports to existing programs. Despite 
this, if it turns out that the potential mediators really do mediate local program impacts, then that 
will be informative for the development of any potential future grant competition rules.  

We will conduct this exploration for all confirmatory and secondary outcomes that have 
nontrivial levels of cross-site impact variance as well as several exploratory outcomes in the 
healthcare supply domain with nontrivial cross-site variability in impact (as estimated from the 
cross-site variance parameter).41 In the STIR (Appendix C.7), cross-site impact variance was 
near zero for all labor market outcomes, but substantial for educational progress outcomes. If 
this pattern persists at Q12, then we will not run these analyses for labor market outcomes.  

Finally, we note that these procedures only produce unbiased estimates of mediation if there 
are no joint causes (otherwise known as “confounders”) of the mediators and the local impacts 
other than contextual moderators incorporated into the estimation. That there are no such 
mediators is a strong and untestable assumption, so any findings of mediation will be 
tentative.42 

2.8 COVID-FOCUSED ANALYSES 

In January of 2020, the first cases of COVID-19 were detected in the United States. On March 
13, 2020, President Trump declared a national emergency. Most governors issued stay-at-home 
orders that month, in addition to imposing limits on gatherings and retail commerce. These 

39  See Walton, Harvill and Peck (2019). 
40 See Appendix C for details. 
41  Appendix A contains a list of 27 exploratory outcomes in this domain. If there are more than ten of these 

with such variation, we may impose additional restriction on the selection based on reviews of comparable 
outcomes in the evaluation of HPOG 1.0. 

42  If we had enough degrees of freedom, we could test whether it matters to exclude measured contextual 
moderators, but the stronger assumption is the non-existence of unmeasured contextual moderators. 
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measures proved effective at addressing the spread—the first wave peaked in mid-April. 
However, once these restrictions loosened, the spread reaccelerated with a second wave 
peaking in late July, and a third (and much larger) wave peaking in early January of 2021. The 
unemployment rate jumped from about 3.5 percent at the beginning of 2020 to 14.7 percent in 
April 2020, before falling gradually over the following months. As of October 2020, 
unemployment was still close to twice the level at the beginning of 2020, and a substantial share 
of the decrease in unemployment is the result of people dropping out of the workforce, rather 
than more employment.43 Recent forecasts by the Congressional Budget Office indicate that 
these high levels of unemployment could extend well into 2021.44 Health and economic harms 
caused by the pandemic have been felt unequally across regions and socio-economic classes. 
Initially the northeast and Pacific northwest were most strongly impacted, but impacts shifted to 
the South in the summer of 2020, to northern Great Plains in the fall, and to the Southwest and 
Appalachia in the winter.45 At its end on March 7, 2021, the COVID tracking project showed 
starkly different impacts by race and ethnicity—the death rate per 100,000 people was 178 for 
Black and African Americans, 154 for Hispanic Americans and 124 for White Americans.46  

More directly relevant, recent research (Epstein and Sarna, forthcoming) has shown that there 
was a sharp dip in healthcare employment in April 2020, followed by a gradual recovery through 
September that still left employment in this sector 4 percent below the January 2020 level. Job 
losses have been mild at hospitals but continue to increase at nursing homes and residential 
care facilities, two of the chief industries targeted by HPOG programs. As of September 2020, 
sectoral employment in these industries was down 8 and 6 percent, respectively, for the year. 

These changes have likely shifted both the level of outcomes and the impact of HPOG 2.0 on 
those outcomes. The main purpose of this impact evaluation is to estimate the effect of the offer 
of HPOG 2.0 on education and labor market outcomes. The context in which that effect is being 
measured has changed, but the central questions are unchanged. To this end, we will continue 
with previous plans for main analyses, which means approaching the primary analyses without 
regard to any effects of COVID.  

However, we will introduce two sets of additional analyses focused on COVID-19. The first 
investigates how the effect of the offer of HPOG 2.0 changed with COVID-19. One explanation 
for the lack of effect of HPOG 2.0 on employment outcomes in the STIR was that demand for 
workers was so strong that unskilled workers without criminal records could easily find 
employment,47 thereby reducing or even eliminating the premium for low-tier healthcare 
credentials. If that is the case, we might find larger effects of HPOG in an environment with 
higher unemployment for such workers. This might be particularly true given that HPOG targets 
healthcare, for which employment declined less than in other sectors open to low-skill workers 

43  https://www.bls.gov/news.release/empsit.nr0.htm.  
44  https://www.cbo.gov/publication/56368#:~:text=The%20unemployment%20rate%20is%20projected 

,2019%2C%20before%20the%20pandemic%20began. 
45  https://www.nbcnews.com/news/us-news/it-was-hell-how-covid-19-surges-played-out-season-n1260446 
46  https://covidtracking.com/data 
47  HPOG programs may exclude adults with criminal records (in part, because they are often ineligible to work 

in many health care professions). 

https://www.bls.gov/news.release/empsit.nr0.htm
https://www.cbo.gov/publication/56368#:%7E:text=The%20unemployment%20rate%20is%20projected,2019%2C%20before%20the%20pandemic%20began
https://www.cbo.gov/publication/56368#:%7E:text=The%20unemployment%20rate%20is%20projected,2019%2C%20before%20the%20pandemic%20began
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such as leisure and hospitality, which experienced a 20 percent drop between October 2019 
and October 2020.  

At the same time, HPOG participants could have encountered additional challenges if they 
struggled to secure adequate child care or left healthcare positions out of concern for their 
health.48 Furthermore, some sectors of the healthcare industry such as dental practices mostly 
shut down in spring 2020,49 so the benefits of a healthcare credential could vary substantially 
depending on the target occupation.  

To test these hypotheses, the evaluation will exploit the long recruitment period to estimate 
differences in the impact of HPOG for participants who reach a particular follow-up point either 
prior to the outbreak of COVID or after the outbreak. We will do this at two follow-up points: 
5 and 12 quarters after randomization, using both NSC50 and NDNH data. (The ITS started 
months after the outbreak, so it cannot be used for this purpose.) Though there could be other 
differences between participants randomized early and those randomized later (such as 
program maturity), it seems plausible to believe that any differences in impacts been those 
groups will be due to the pandemic.51 Outcomes will include NDNH reports of employment and 
earnings and NSC reports of any enrollment and any credential. The calculations reflected in 
Exhibit 1-6 suggest that the evaluation will have good power to detect a differential impact on 
Q5 earnings of $215 and on Q12 earnings of $365. We would be somewhat surprised to 
discover differential impacts this large, but we will check for them.  

The second set of analyses uses a module on COVID-related experiences, new to the ITS. The 
module collects information on disruptions to work and training, experiences treating or 
supporting Coronavirus patients, and new or changed barriers to work and education. Exhibit 2-
1 below lists exploratory outcomes based on this module. The evaluation will estimate HPOG 
2.0 impacts (i.e., treatment/control comparisons) for some of these COVID-specific outcomes. 
For other COVID-specific outcomes, the analysis will be merely descriptive, conditional on any 
healthcare training or conditional on any healthcare employment. 

48  At baseline, just 8 percent of participants reported that life challenges such as child care and transportation 
very often interfered with their school, work, job search, or family responsibilities, but these levels could 
have risen under pandemic conditions. 

49  As of February 2021, a survey of dentists found patient volumes still 20 percent below pre-pandemic levels, 
but staffing levels nearly restored to pre-pandemic levels. https://www.ada.org/en/publications/ada-
news/2021-archive/march/hpi-poll-dentists-see-increased-prevalence-of-stress-related-oral-health-
conditions  

50  The lack of coverage by the NSC of training at places other than colleges means that this analysis will not be 
sensitive to all potential COVID-induced changes in HPOG 2.0 impacts. As of the 15-month interview, 
however, 80 percent of currently-enrolled students in the treatment group were enrolled at colleges, and the 
comparable figure in the control group was 81 percent. While a small proportion of colleges do not report 
student enrollment and outcomes to the NSC and there is evidence that some adult-training programs 
affiliated with colleges may have reporting problems (details in Appendix Section C.4 of the STIR), we still 
expect that the NSC should be a fairly sensitive instrument to detect differential impacts at Q5 and even 
more so at Q12. 

51  For the comparison at Q12, we will be able to examine the differential impact between the two groups at 
Q5, when both were measured pre-pandemic. If the differential impact at Q12 is much larger than at Q5, 
that will be strong evidence that the pandemic is responsible for the difference in impacts.  

https://www.ada.org/en/publications/ada-news/2021-archive/march/hpi-poll-dentists-see-increased-prevalence-of-stress-related-oral-health-conditions
https://www.ada.org/en/publications/ada-news/2021-archive/march/hpi-poll-dentists-see-increased-prevalence-of-stress-related-oral-health-conditions
https://www.ada.org/en/publications/ada-news/2021-archive/march/hpi-poll-dentists-see-increased-prevalence-of-stress-related-oral-health-conditions
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Exhibit 2-1: Additional Exploratory Outcomes for the ITIR Based on the COVID-19 Supplement to the Intermediate-Term 
Follow-up Survey 

Outcome Definition Analysis Focus 
Decreased desire to work in healthcare  Response of “somewhat weaker” 

or “much weaker” to probe about 
change in desire 

Unconditional impact 

Decreased desire to receive healthcare 
training 

Response of “somewhat weaker” 
or “much weaker” to probe about 
change in desire 

Unconditional impact 

Allowed to work with less training due 
to COVID 

Any of the following three 
experiences: 

1. Classes changed to allow
early finish

2. In-person requirements
such as labs waived

3. Allowed to work before
completing training or
taking a certification
exam

Descriptive among those with healthcare 
training 

Job affected by COVID Any of the following seven 
experiences: 

1. Cut in hours
2. Extra hours
3. Shift changes
4. Department changes
5. Duty changes
6. Furlough
7. Permanent layoff

Descriptive among those with any 
employment 

Provided direct care to COVID patients E.g., as nurse, patient care 
assistance, home health aide, x-
ray technician, or dental 
hygienist 

Unconditional impact 

Setting for direct care to COVID 
patients 

Which of the following? 
1. Hospital
2. Office/ambulatory clinic
3. Long-term care facility
4. Home health care
5. Other

Descriptive among people providing such care 

Provided supportive care to COVID 
patients 

E.g., as medical support staff,
case manager, or administrative
staff

Unconditional impact 

Setting for supportive care to COVID 
patients 

Which of the following? 
1. Hospital
2. Office/ambulatory clinic
3. Long-term care facility
4. Home health care
5. Other

Descriptive among people providing such care 

Pandemic had negative impact on 
ability to pay expenses 

Response of “very negative 
effect” or “somewhat negative 
effect” to probe 

Unconditional impact 

Pandemic had negative impact on 
ability to attend classes 

Response of “very negative 
effect” or “somewhat negative 
effect” to probe 

Unconditional impact 
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Outcome Definition Analysis Focus 
Pandemic had negative impact on 
ability to work 

Response of “very negative 
effect” or “somewhat negative 
effect” to probe 

Unconditional impact 

Pandemic had negative impact on 
ability to access public transportation as 
needed 

Response of “very negative 
effect” or “somewhat negative 
effect” to probe 

Unconditional impact 

Pandemic had negative impact on 
healthcare access 

Response of “very negative 
effect” or “somewhat negative 
effect” to probe 

Unconditional impact 

Pandemic had negative impact on 
mental health 

Response of “very negative 
effect” or “somewhat negative 
effect” to probe 

Unconditional impact 

Own health limited ability to work Response of “very negative 
effect” or “somewhat negative 
effect” to probe 

Descriptive among people for whom the 
pandemic negatively affected their ability to 
work 

Child care limited ability to work Response of “very negative 
effect” or “somewhat negative 
effect” to probe 

Descriptive among people for whom the 
pandemic negatively affected their ability to 
work 

Trouble making ends meet on the eve 
of the pandemic 

Generally not enough money left 
at end of the month to make 
ends meet.” 

Unconditional impact 
Comparison of unconditional impact on trouble 
making ends meet at time of survey (F10) 

Somewhat or very concerned about 
own or family health 

Response of “very concerned” or 
“somewhat concerned” to probe 

Unconditional impact 

Somewhat or very concerned about 
finances 

Response of “very concerned” or 
“somewhat concerned” to probe 

Unconditional impact 
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3. TIMELINE AND OUTLINE FOR INTERMEDIATE-TERM IMPACT
REPORT

Section 3.1 discusses the timeline for producing the ITIR. Section 3.2 provides a working outline 
for the report. 

3.1 TIMELINE FOR ITIR 

As of the writing of this analysis plan, the goal is to publish the Intermediate-Term Impact Report 
in 2023, preferably by the summer. Survey data collection is projected to run through June 
2021. Twelve quarters of NDNH data for people randomized in February 2018 (the last monthly 
cohort that will be included in the 12-quarter follow-up cohort) will be available in October 
2021.52 NSC data for about the same period would be available earlier, in April 2021, but we will 
delay asking for the NSC data until August 2021. Doing so will provide longer follow-up—
through spring 2021. Impact tables should be available to the report authors in November 2021. 
Given recent experience producing other HPOG 2.0 publications, this should allow publication 
of the report by early to mid-2023. 

3.2 OUTLINE FOR ITIR 

We defer the exact structure of the ITIR until we see the results, so that the report can be 
organized to align with the key findings. With that caveat, our tentative plan for the STIR has the 
following chapter structure and, for the most part, similar section structure.  

1. Introduction
1.1. The HPOG Program

1.1.1. The Authorizing Legislation 
1.1.2. Program Model and Theory of Action 
1.1.3. Local HPOG Programs 
1.1.4. The Study Members 
1.1.5. Training Received 

1.2. Overview of the HPOG 2.0 Impact Evaluation 
1.2.1. Research Questions 
1.2.2. Design 
1.2.3. Analysis 
1.2.4. Outcomes 
1.2.5. Sources of Variation in Impacts 
1.2.6. Data Sources 

1.3. Findings from the Broader Training Literature, from HPOG 1.0, and from 
HPOG 2.0 STIR 

1.4. Organization of This Report 
1.5. Future of HPOG 2.0 Evaluation Effort (Surveys, Reporting, and C-B Analysis) 

52 The 12-quarter follow-up sample will include the early cohort (randomized 2/2016 through 2/2017) and 
middle cohort (randomized 3/2017 through 2/2018), as depicted in Figure 1-2. 
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2. Impacts on Starting Training, Basic Skills, Support Service Receipt, and Participant
Costs

2.1. Training Starts  
2.2. Use of Computer Skills, Self-Directed Learning, and Basic Skills Assessment 
2.3. Student Experiences 

2.3.1. Support Services 
2.3.2. Costs to Participants (estimates of full program costs will not be prepared 

until the Long-term Impact Report) 
2.4. Long-term Impacts on Starting Training from NSC 
2.5. Discussion 

3. Impacts on Educational Progress
3.1. Training Duration and Credits 
3.2. Credential Attainment 
3.3. Longer-term Impacts on Training Progress from NSC 
3.4. Discussion 

4. Impacts on Labor Market Outcomes, Well-Being, and Public Assistance Receipt
4.1. Impact on Labor Market Outcomes 
4.2. Impact on Healthcare Labor Market Outcomes 
4.3. Impact on Precursors of Career Success 
4.4. Impact on Well-Being and Public Assistance Receipt 
4.5. Longer-term Impacts on Earnings and Employment from NDNH 
4.6. Discussion 

5. Variation in Impacts
5.1. Variation in Impacts across Subgroups of Study Participants 
5.2. Impacts Program by Program 
5.3. Patterns in Cross-Program Variation in Impacts 

6. Experiences in the Time of COVID-19
6.1. Self-reported Experiences (Survey data) 
6.2. Impacts on Training and Employment Intentions and Goals (Survey data) 
6.3. Changes in Education Impacts from the pre-COVID Period to the COVID Era 

(NSC data only) 
6.4. Changes in Labor Market Impacts from the pre-COVID Period to the COVID Era 

(NDNH data only) 

7. Discussion
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APPENDIX A: OPERATIONALIZATION DETAILS ON ANALYTIC 
CONSTRUCTS 

This appendix provides detailed operationalization of the outcomes. Exhibit A-1 provides 
operationalization for confirmatory and secondary outcomes. Exhibit A-2 provides 
operationalization for exploratory outcomes. As noted in Section 1.2, most Intermediate-Term 
Impact Report (ITIR) outcomes are identical to the Short-Term Impact Report (STIR) outcomes, 
except for a change in period:  

• Survey outcomes that were as of 15 months for the STIR will be as of 36 months for the
ITIR.

• Survey outcomes that were as of the Short-term Follow-up Survey (STS) for the STIR will be
as of the Intermediate-term Follow-up Survey (ITS) for the ITIR.

• Administrative data outcomes will be presented in three nested blocks in the ITIR: through
Q5 for those observed through at least Q5, through Q12 for those observed through at least
Q12, and through Q16 for those observed through at least Q16. Confirmatory and
secondary outcomes are defined for the block of cohorts observed through at least Q12.
These impacts will be reported in the report body. As we did in the STIR, some ITIR
appendix exhibits will also report equivalent results through the longest available follow-up
period, for everyone observed in that quarter. The decision of which other analyses to
include in the body is deferred until after examining the pattern of results.

For details on the definitions of baseline covariates and subgroups, see Appendix C.1 of the 
STIR (Judkins et al., forthcoming). 

The second to last column of Exhibits A-1 and A-2 (“Available in Critical Items Instrument”) 
indicates the extent to which a variable is measured in the ITS-CII. Constructs that are 
measured exactly in the CII are marked “Yes.” Others that are not measured exactly in the CII 
but can be well-approximated through combining information in the CII and administrative data 
are marked “Approximation.” These include outcomes such as “employment at survey,” for 
which a version of the outcome itself is measured in the administrative data, and outcomes such 
as “employed in a job that offers health insurance,” where the approximation uses both the 
administrative data and information in the CII. Outcomes that are measured in the administrative 
data for all sample members are marked “NA” for ”Not Applicable” because survey response is 
irrelevant for these outcomes. Finally, constructs which are not well proxied by any CII question, 
nor measured in administrative data, are marked “No.” 
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Exhibit A-1: Operationalization of Confirmatory and Secondary Outcomes for Intermediate-Term Impact Report 

Domain Variable Description Operationalization/Details Outcome 
Designation 

Available in 
Critical Items 

Instrument 
Data Source(s) 

Educational 
progressa 

Completed any 
training within 36 
months of 
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
certification, or license since randomization

Confirmatory Yes STS: C2, C2f, C3a, C3b, C3c, C3h, 
C4, C4e 
ITS: C2, C2f, C3a, C3b, C3c, C3h, 
C4, C4e 

Educational 
progressa

Completed training by 
earning a credential or 
still in training 36 
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
certification or license

• Still in training with no program withdrawals
since randomization

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

Educational 
progressa

Months of training 
through 36 months 
after randomization 

For each school spell in Section A, get duration of 
spell. Impute start dates and end dates 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 36-month mark 

Secondary Approximation STS: detailed spell history from 
Section A 
ITS: detailed spell history from 
Section A  

Educational 
progressa

Earned an exam-
based professional, 
state, or industry 
certificate or license 
as of 36 months after 
randomization 

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

certification or license

Secondary Yes STS: C4, C4e 
ITS: C4, C4e 

Labor market Quarterly earnings for 
the 12th quarter after 
random assignment 

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

Confirmatory NA NDNH 
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Domain Variable Description Operationalization/Details Outcome 
Designation 

Available in 
Critical Items 

Instrument 
Data Source(s) 

Healthcare 
labor supply 

Healthcare 
employment as of 
survey interview 

Binary flag. Survey question asks whether the 
respondent’s occupation is in the field of healthcare. 
Tends to pick up both jobs in the healthcare 
industry (regardless of occupation) and healthcare 
jobs in other industries. 

Confirmatory Approximation ITS: 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 Approximation ITS: D10a, detailed spell history 
from Section A 

Career 
progress 

Career connected Binary flag. Either employed full-time at 36 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 No ITS: detailed spell history from 
Section A 

Career 
progress 

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

Scale score based on three items about 
(1) progress towards long-range educational goals,
(2) progress towards long-range employment goals,
and (3) whether the individual sees themselves on a
career path

Secondary No ITS: C8a-C8c 

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” 

Secondary Yes ITS: F10 

Well-being Receipt of TANF, 
SNAP, or Medicaid by 
anyone in household 
at time of survey 

Binary flag Secondary Yes ITS: F1a. F1b, F1e 

Key: FTE=full-time-equivalent. ITS=Intermediate-term Follow-up Survey. NDNH=National Directory of New Hires. SSN=Social Security number. STS=Short-term Follow-up Survey. TANF=Temporary 
Assistance for Needy Families. 

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 measured only 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 and Intermediate-term Follow-up Surveys for HPOG 2.0, we can instead measure consistently at 36 
months after randomization.  
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Exhibit A-2: Operationalization of Exploratory Outcomes for Intermediate-Term Impact Report 

Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Educational 
progress 

Earned any new credential and 
continued/resumed training as of 
36 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 certification, 

or license since randomization
Plus: 
• Started a new course of study after earning credential

No STS: C2, C2f, C3a, C3b, C3c, C3h, C4, 
C4e, detailed spell history from Section A 
ITS: 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 36 months after 
randomization 

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

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

completing vocational training since randomization 

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

Educational 
progress 

Earned any new credential from a 
college as of 36 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)

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

Educational 
progress 

Earned any new credential from a 
Title IV postsecondary school 
other than a college as of 36 
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 but the degree takes less than two years to complete; 
IPEDS status obtained by matching the respondent-reported 
IHE name to the federal IPEDS database) 

Yes STS: A8, C2, C2f, C3a, C3b, C3c, C3h 
ITS: A8, C2, C2f, C3a, C3b, C3c, C3h 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Educational 
progress 

Earned any new credential from 
another institution of higher 
education (not compliant with 
Title IV) as of 36 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) 

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

Educational 
progress 

Earned any new credential from 
an authority other than an 
institution of higher education as 
of 36 months after randomization 

Binary indicator of at least one of: 
• Received a certificate, diploma or degree on the job
• Received a diploma or certificate for completing 

vocational training from an employer, employment 
agency, union, software or equipment manufacturer, or 
other training provider

• Received a diploma or certificate for completing 
vocational training at a high school

Completed a professional, state, or industry certification, 
license, or credential. 

Yes STS: C2, C2d, C2f, C3a, C3b, C3c, C3h, 
C3f, C4, C4e  
ITS: C2, C2d, C2f, C3a, C3b, C3c, C3h, 
C3f, C4, C4e  

Educational 
progress 

Earned new credential requiring a 
year or more of study from an 
IHE (college or other) as of 36 
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 
For either one, 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 

Yes STS: C2, C2b, C2f, C3a, C3b, C3c, C3h 
ITS: C2, C2b, C2f, C3a, C3b, C3c, C3h 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Educational 
progress 

Earned new credential requiring 
less than a year of study from an 
IHE (college or other) as of 36 
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 
For either one, where the required study period is typically 
less than a year. Typical length of study reported by 
respondent for academic diplomas and imputed for vocational 
diplomas and certificates 

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

Educational 
progress 

Earned degree as of 36 months 
after randomization 

Binary indicator of degree receipt Yes STS: C2b 
ITS: C2b 

Educational 
progress 

Earned degree or exam-based 
certification or license as of 36 
months after randomization 

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

Yes STS: C2b, C4 
ITS: C2b, C4 

Educational 
progress 

Earned a credential based on on-
the-job experience as of 36 
months after randomization 

Binary indicator of receipt of a credential that is neither a 
degree nor an exam-based certification or license. 

No ITS: C2d, C3g 

Educational 
progress 

Earned any new credential from 
any IHE (college or other) as of 
36 months after randomization 
and received job search or 
placement assistance while 
attending that IHE 

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

IHE

No STS: C2, C2f, C3a, C3b, C3c, C3h, B13e 
ITS: C2, C2f, C3a, C3b, C3c, C3h, B13e 

Educational 
progress 

Earned any new credential from 
any IHE (college or other) as of 
36 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 IHE-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 Course taught by instructors from local employer or 

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

No STS: C2, C2f, C3a, C3b, C3c, C3h, B16a-
f 
ITS: C2, C2f, C3a, C3b, C3c, C3h, B16a-f 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Educational 
progress 

Cumulatively any training through 
each of Q1 through Q12 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 

No STS: detailed spell history from Section A 
ITS: detailed spell history from Section A 

Educational 
progress 

Still enrolled in training as of 
survey 

Impute missing start and end dates for spells. Create binary 
flag if open training spell reported 

Approximation ITS: detailed spell history from Section A 

Educational 
progress 

At least 6 months of training as of 
36 months after randomization  

Binary indicator. Sum relevant months through 36 months 
after randomization and flag if greater than or equal to 6 
months. Months where the respondent indicated they were 
not taking courses (other than planned school breaks) were 
not counted. Imputed missing start and end dates for spells 

Approximation STS: detailed spell history from Section A 
ITS: detailed spell history from Section A 

Educational 
progress 

Cumulative months of training 
through each of Q1 through Q12 
after random assignment 

Impute missing start and end dates for spells. Note dates of 
longest break. Align dates with relevant quarters. Sum 
relevant months for each quarter 

Approximation STS: detailed spell history from Section A 
ITS: detailed spell history from Section A 

Educational 
progress 

Cumulative hours of training 
through each of Q1 through Q12 
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 hours per week to get hours of study for 
each month from each school. Sum across months and 
schools for each quarter 

No STS: detailed spell history from Section A 
ITS: detailed spell history from Section A 

Educational 
progress 

Had at least k months of full-time-
equivalent training as of 36 
months after randomization 
(repeat for k=1 to k=36) 

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 hours per week to get hours of study for 
each month from each school.  
• If at least 12 hours, mark week as 1 FTE week
• If at least 9 but less than 12 hours, mark week as 0.75 

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

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

FTE week
• If less than 3 hours, mark week as 0 FTE week
Sum FTE weeks, then translate into months. Then create flag 
for each level

Approximation STS: detailed spell history from Section A 
ITS: detailed spell history from Section A 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Educational 
progress 

Any college enrollment in each of 
Q1 through Q16 after random 
assignment 

Binary flag for each quarter NA NSC 

Educational 
progress 

Cumulatively any college 
enrollment through each of Q1 
through Q16 after random 
assignment 

Binary flag for each quarter NA NSC 

Educational 
progress 

Months of FTE college enrollment 
through each of Q1 through Q16 
after random assignment 

Count for each quarter. NA NSC 

Educational 
progress 

Cumulatively any college 
credential through each of Q1 
through Q16 after random 
assignment 

Binary flag for each quarter NA NSC 

Educational 
progress 

Cumulatively any college 
credential followed by 4 additional 
months of study through each of 
Q1 through Q16 after random 
assignment 

Binary flag for each quarter NA NSC 

Educational 
progress 

Cumulatively any college degree 
through each of Q1 through Q16 
after random assignment 

Binary flag for each quarter NA NSC 

Educational 
progress 

Cumulatively any degree or other 
college credential following 8+ 
FTE months of enrollment 
through each of Q1 through Q16 
after random assignment 

Binary flag for each quarter. (These variables have been 
shown on PACE data to closely track survey-reported receipt 
of a college credential requiring at least a year of study. See 
Fein et al 2021.) 

NA NSC 

Educational 
progress 

Cumulatively any degree or other 
college credential following 8+ 
FTE months of enrollment 
followed by 4 additional months 
of study through each of Q1 
through Q16 after random 
assignment 

Binary flag for each quarter. (These variables have been 
shown on PACE data to closely track survey-reported receipt 
of a college credential requiring at least a year of study. See 
Fein et al 2021.) 

NA NSC 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Educational 
progress 

Earned a new credential (as of 36 
months after randomization) 
associated with an occupation 
where the entry hourly wage is 
typically below $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 

Yes STS: Most of Section C 
ITS: Most of Section C 

Educational 
progress 

Earned a new credential (as of 36 
months after randomization) 
associated with an occupation 
where the entry hourly wage is 
typically in the range of $12 to 
$14.99/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 

Yes STS: Most of Section C 
ITS: Most of Section C 

Educational 
progress 

Earned a new credential (as of 36 
months after randomization) 
associated with an occupation 
where the entry hourly wage is 
typically at or above $15/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 

Yes STS: Most of Section C 
ITS: Most of Section C 

Educational 
progress 

Earned a new credential (as of 36 
months after randomization) for 
which the target occupation is 
unknown (%) 

Binary flag based on respondent report of credential receipt Yes STS: Most of Section C 
ITS: 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 

No STS: B3 
ITS: B3 

Educational 
progress 

Cumulative credits earned as of 
survey interview 

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

No STS: B3a, B3b, B3c. 
ITS: B3a, B3b, B3c. 

Educational 
supports 

Hours of counseling (one-on-one 
or group) as of 36 months after 
randomization (Conditional on 
any training) 

Bracketed amounts used to impute exact amounts where 
necessary. Summed across spells for those with more than 
one spell. If spell spanned 36th month, amount prorated 

No STS: B14, B14a, detailed spell history 
from Section A 
ITS: B14, B14a, detailed spell history from 
Section A 

Educational 
supports 

Cumulatively any receipt of one-
on-one counseling through each 
of Q1 through Q12 after random 
assignment (Conditional on any 
training) 

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 one hour of one-on-one 
counseling during the spell 

No STS: B14, detailed spell history from 
Section A 
ITS: B14, detailed spell history from 
Section A 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Educational 
supports 

Any tutoring as of 36 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 36-month mark 
and flag those with any tutoring during the spell 

No STS: B13a, detailed spell history from 
Section A 
ITS: B13a, detailed spell history from 
Section A 

Educational 
supports 

Any academic advising as of 36 
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 36-month mark 
and flag those with any academic advising during the spell 

No STS: B13b, detailed spell history from 
Section A 
ITS: B13b, detailed spell history from 
Section A 

Educational 
supports 

Any financial aid advising as of 36 
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 36-month mark 
and flag those with any financial aid advising during the spell 

No STS: B13c, detailed spell history from 
Section A 
ITS: B13c, detailed spell history from 
Section A 

Educational 
supports 

Any career counseling as of 36 
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 36-month mark 
and flag those with any career counseling during the spell 

No STS: B13d, detailed spell history from 
Section A 
ITS: B13d, detailed spell history from 
Section A 

Educational 
supports 

Any job search or placement 
assistance as of 36 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 36-month mark 
and flag those with any job search or placement assistance 
during the spell 

No STS: B13e, detailed spell history from 
Section A 
ITS: B13e, detailed spell history from 
Section A 

Educational 
supports 

Any caseworker help as of 36 
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 36-month mark 
and flag those with any caseworker help during the spell 

No STS: B13f, detailed spell history from 
Section A 
ITS: B13f, detailed spell history from 
Section A 

Educational 
supports 

Hours of one-on-one services as 
of 36 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 36-
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 

No STS: B14, detailed spell history from 
Section A 
ITS: B14, detailed spell history from 
Section A 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Educational 
supports 

Hours of group services as of 36 
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 36-
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 

No STS: B15, B15a, detailed spell history 
from Section A 
ITS: B15, B15a, detailed spell history from 
Section A 

Educational costs School expenses paid from own 
earnings, spouse or partner 
earnings, or savings as of 36 
months after randomization 
(Conditional on any training) 

Imputed if necessary. Summed across spells for those with 
more than one spell. If spell spanned 36th month, amount 
prorated 

No STS: B7, detailed spell history from 
Section A 
ITS: B7, detailed spell history from Section 
A 

Educational costs School expenses paid from own 
earnings, spouse or partner 
earnings, savings, family 
transfers, loans in own name, and 
loans in parents’ names as of 36 
months after randomization 
(Conditional on any training) 

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 36th month, amount prorated 

No STS: B7, B8, B9, B9a, B10, B10a, detailed 
spell history from Section A 
ITS: B7, B8, B9, B9a, B10, B10a, detailed 
spell history from Section A 

Educational costs School expenses paid from own 
earnings, spouse or partner 
earnings, or savings plus imputed 
child care expenses paid by any 
source as of 36 months after 
randomization (Conditional on 
any training) 

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 ages 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 
36th month, amount prorated 

No STS: A7a, A7b, A12, B7, detailed spell 
history from Section A 
ITS: A7a, A7b, A12, B7, detailed spell 
history from Section A 

Educational costs School expenses paid from own 
earnings, spouse or 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 36 months 
after randomization (Conditional 
on any training) 

Child care 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 36th month, amount prorated 

No STS: A7a, A7b, A12, B7, B8, B9, B9a, 
B10, B10a, detailed spell history from 
Section A 
ITS: A7a, A7b, A12, B7, B8, B9, B9a, B10, 
B10a, detailed spell history from Section A 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Educational costs Received any assistance with 
child care expenses related to 
training as of 36 months after 
randomization (Conditional on 
any training) 

Binary flag. All relevant spells checked for respondents with 
more than one spell. If spell spanned 36th month, flag set 

No STS: B11f, detailed spell history from 
Section A 
ITS: B11f, detailed spell history from 
Section A 

Educational costs Borrowed any money in own 
name to attend school as of 36 
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 36-month mark 
and flag those during which the respondent borrowed money 
in own name 

No STS: B6e, detailed spell history from 
Section A 
ITS: B6e, detailed spell history from 
Section A 

Educational costs Borrowed any money in own 
name or parents’ names to attend 
school as of 36 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 36-month mark 
and flag those during which the respondent or his/her 
parent(s) borrowed money to finance the education spell 

No STS: B6e, B6f, detailed spell history from 
Section A 
ITS: B6e, B6f, detailed spell history from 
Section A 

Labor market Quarterly earnings in each of 
quarters Q1 through Q12 after 
random assignment 

Continuous variable. One for each named quarter NA NDNH 

Labor market Cumulative earnings through 
each of Q2 through Q12 after 
random assignment 

Continuous variable. One for each named quarter NA NDNH 

Labor market Change in earnings from Q1 to 
Q2, Q2 to Q3, Q3 to Q4, Q4 to 
Q5, Q5 to Q6, Q6 to Q7, Q7 to 
Q8, Q8 to Q9, Q9 to Q10, Q10 to 
Q11, and Q11 to Q12  

Ensemble of continuous variables NA NDNH 

Labor market Any employment in each quarter 
from Q1 through Q12 after 
random assignment 

Binary flag for each quarter indicating earnings greater than 
$0 

NA NDNH 

Labor market Cumulatively any employment 
through each of Q1 through Q12 
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 

NA NDNH 

Labor market Number of quarters Q1 through 
Q12 with some employment 

Count ranging from 0 to 12 of quarters with quarterly earnings 
greater than $0 

NA 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 

NA NDNH 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

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 

NA 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 

Approximation ITS: A11, D7, D7a, D7b, D7c, detailed 
spell history from Section A 

Labor market Any employment in each of Q1 
through Q12 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 

Approximation STS: detailed spell history from Section A 
ITS: 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 

Approximation ITS: 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 

No ITS: A11, 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 

No ITS: 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 

No ITS: 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 

No ITS: D10d, detailed spell history from 
Section A 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

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 three 
variables at each job. If the scale score at any of the jobs is 
less than 2, then flag respondent as so employed 

No ITS: 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 

No ITS: 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 

No ITS: D12, detailed spell history from 
Section A 

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 D13 in {1, 2} at any of the jobs, then flag 
respondent as so employed 

No ITS: D13, 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 school at any of the 
jobs, then flag respondent as so employed 

No ITS: D15_1, 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 education 
or 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 

No ITS: A11, D7, D8a, D8c, D9, D10, D11, 
D12, D15_1, D16, detailed spell history 
from Section A 

Healthcare labor 
supply 

Purpose of training was to 
prepare for a healthcare career 

Binary flag No STS: C1a 
ITS: C1a 

Healthcare labor 
supply 

Earned any credential related to 
healthcare 

Binary flag No STS: C2e, C3g, C4c 
ITS: C2e, C3g, C4c 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Healthcare labor 
supply 

Earned any credential related to 
healthcare and working in 
healthcare 

Binary flag.  No STS: C2e, C3g, C4c 
ITS: C2e, C3g, C4c, D6 

Healthcare labor 
supply 

Earned any credential related to 
healthcare that typically requires 
at least a year of study 

Binary flag. Will require classification of level of effort for 
vocational seat-time credentials and for exam-based 
certifications and licenses reported in STS. Direct questions 
available in the ITS. 

No STS: C2b, C3e, C4b, C2e, C3g, C4c 
ITS: C2b, C3i, C4h, C2e, C3g, C4c 

Healthcare labor 
supply 

Earned any credential related to 
healthcare that typically requires 
at least a year of study and 
currently employed in healthcare 

Binary flag. Will require classification of level of effort for 
vocational seat-time credentials and for exam-based 
certifications and licenses reported in STS. Direct questions 
available in the ITS. 

No STS: C2b, C3e, C4b, C2e, C3g, C4c 
ITS: C2b, C3i, C4h, C2e, C3g, C4c, D6 

Healthcare labor 
supply 

Earned any credential related to 
healthcare after 8+ FTE months 
of college enrollment 

Binary flag. Will use NSC to measure FTE months of 
enrollment and survey to determine whether credential is 
related to healthcare 

No NSC  
STS: C2e, C3g, C4c 
ITS: C2e, C3g, C4c 

Healthcare labor 
supply 

Earned any credential related to 
healthcare after 8+ FTE months 
of college enrollment and 
currently employed in healthcare 

Binary flag. Will use NSC to measure FTE months of 
enrollment and survey to determine whether credential is 
related to healthcare 

No NSC  
STS: C2e, C3g, C4c 
ITS: C2e, C3g, C4c, D6 

Healthcare labor 
supply 

Earned an RN  Binary flag. Will require coding of credential names submitted 
by colleges to the NSC 

No NSC 

Healthcare labor 
supply 

Earned an RN and certified as 
RN 

Binary flag. Will require coding of credential names submitted 
by colleges to the NSC and coding of certification names 
reported in the survey 

No NSC 
STS: 
ITS: C4b 

Healthcare labor 
supply 

Earned an RN, certified as RN, 
and working as RN 

Binary flag. Will require coding of credential names submitted 
by colleges to the NSC and coding of certification names 
reported in the survey. Whether working as RN will be based 
on Census coding of occupation. 

No NSC 
STS: 
ITS: C4b, D1-D5 

Healthcare labor 
supply 

Earned an LPN/LVN or RN  Binary flag. Will require coding of credential names submitted 
by colleges to the NSC 

No NSC 

Healthcare labor 
supply 

Earned an LPN/LVN or RN and 
certified as such 

Binary flag. Will require coding of credential names submitted 
by colleges to the NSC and coding of certification names 
reported in the survey 

No NSC 
STS: 
ITS: C4b 

Healthcare labor 
supply 

Earned an LPN/LVN or RN, 
certified as such, and working as 
such 

Binary flag. Will require coding of credential names submitted 
by colleges to the NSC and coding of certification names 
reported in the survey. Whether working as LPN/LVN will be 
based on Census coding of occupation. 

No NSC 
STS: 
ITS: C4b, D1-D5 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Healthcare labor 
supply 

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 

No ITS: A11, D6, detailed spell history from 
Section A 

Healthcare labor 
supply 

Currently employed at an in-
patient hospital setting 

Binary flag No ITS: D6a 

Healthcare labor 
supply 

Currently employed at an out-
patient hospital setting 

Binary flag No ITS: D6a 

Healthcare labor 
supply 

Currently employed at an out-
patient clinic or private practice 

Binary flag No ITS: D6a 

Healthcare labor 
supply 

Currently employed at a long-
term care facility 

Binary flag No ITS: D6a 

Healthcare labor 
supply 

Currently employed at another 
type of healthcare setting 

Binary flag No ITS: D6a 

Healthcare labor 
supply 

Currently employed in healthcare 
and earning at least $15/hour 

Binary flag No ITS: D6, D7 

Healthcare labor 
supply 

Current weekly earnings from 
healthcare work 

Continuous variable.  Zero for those not currently employed in 
healthcare 

No ITS: D6, D7 

Healthcare labor 
supply 

Currently employed in healthcare 
with a work schedule received at 
least a week in advance 

Binary No ITS: D6, D8b 

Healthcare labor 
supply 

Currently employed in healthcare 
with work/life balance 

Binary. Strongly or somewhat agrees that balance is possible No ITS: D6, D9a 

Healthcare labor 
supply 

Currently employed in healthcare 
with offer of health insurance 

Binary No ITS: D6, D10a 

Healthcare labor 
supply 

Currently employed in healthcare 
with paid sick days 

Binary No ITS: D6, D10d 

Healthcare labor 
supply 

Currently employed in healthcare 
with all five standard fringe 
benefits 

Binary. Health insurance, paid vacation, paid holidays, paid 
sick days, and retirement/pension benefits 

No ITS: D6, D10 

Healthcare labor 
supply 

Currently employed in healthcare 
with paid sick days 

Binary No ITS: D6, D10d 

Healthcare labor 
supply 

Currently employed in healthcare 
and very or somewhat satisfied 
with job 

Binary No ITS: D6, D11 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

Healthcare labor 
supply 

Currently employed in healthcare 
with opportunities for career 
advancement 

Binary No ITS: D6, D12 

Healthcare labor 
supply 

Currently employed in healthcare 
job closely related to training 

Binary No ITS: D6, D13 

Healthcare labor 
supply 

Currently employed in healthcare 
with any employer supports for 
continuing education 

Binary. Tuition, flexible schedule, or paid time off. No ITS: D6, D15, D16 

Healthcare labor 
supply 

Currently employed in healthcare 
with strong employer supports for 
continuing education 

Binary. Tuition, flexible schedule, and paid time off. No ITS: D6, D15, D16 

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

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

No ITS: G1 

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 five 
prompts 

No ITS: 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 

Approximation ITS: 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 

No ITS: F3, F3a 

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

Binary flag No ITS: F12 

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

Binary flag No ITS: F13, F14 

Well-being In excellent health (self-
assessed) 

Binary flag No ITS: F17 

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

Binary flag Yes ITS: F1b 

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

Binary flag Yes ITS: F1b 
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Domain Variable Description Operationalization/Details 
Available in 

Critical Items 
Instrument 

Data Source(s) 

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

Binary flag Yes ITS: 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 

No ITS: F1a, F1b, F1c, F1e, F1f, F1g, F1h, 
F1i 

Well-being EITC claimant Binary flag for claiming EITC on federal taxes No ITS: F4 
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 

No ITS: 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 

No ITS: F8, F9, 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 

No ITS: F15, F16 

Well-being Household income below poverty 
threshold 

Use USDA poverty threshold considering household 
composition and income 

No ITS: F15, F16, F3, F3a 

Well-being Household income below 130 
percent of poverty threshold 

Use USDA poverty threshold considering household 
composition and income 

No ITS: F15, F16, F3, F3a 

Well-being Household income below 185 
percent of poverty threshold 

Use USDA poverty threshold considering household 
composition and income 

No ITS: F15, F16, F3, F3a 

Well-being Living with spouse Binary flag No ITS: E1a 
Well-being Living with spouse or partner Binary flag No ITS: 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 

No ITS: E1a, E1b, E1c, E4, E5 

Well-being Ever lived with spouse/partner 
since randomization 

Binary flag No ITS: E1a. E1b, E2b 

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

Binary flag No ITS: E6, E7 

Well-being Living with parents Binary flag No ITS: E1e 
Well-being Living with adult offspring Binary flag No ITS: E1f 



Appendix A 

Abt Associates Analysis Plan for the HPOG 2.0 National Evaluation Intermediate-Term Impact Report  ▌pg. 47 

Key: FRPL=free or reduced-price lunch. IHE=institute of higher education. IPEDS=Integrated Postsecondary Education Data System. ITS=Intermediate-term Follow-up Survey. LIHEAP=Low Income 
Home Energy Assistance Program. NDNH=National Directory of New Hires. NSC=National Student Clearinghouse. PACE=Pathways for Advancing Careers and Education. Q=quarter. 
SNAP=Supplemental Nutrition Assistance Program. STS=Short-term Follow-up 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: TECHNICAL DETAILS ON ASSESSMENT OF BASIC 
SKILLS 

As discussed in Section 2.6, the Intermediate-Term Follow-up Survey (ITS) includes a new 
module designed to assess respondents’ basic skills with a focus on healthcare vocabulary and 
basic arithmetic skills. The assessment items do not require advanced healthcare training. 
Rather, the intention is to assess readiness for occupational training in healthcare. The 
assessment was developed to be administered in no more than 10 minutes either over the 
phone or in person. It therefore does not rely on visual cues. The assessment was developed 
specifically for HPOG 2.0 and pilot-tested on a volunteer sample of 300 HPOG participants 
during the late summer of 2019.53 Section 2.5.1 gives more information about the development 
and pilot testing of the assessment. Section 2.5.2 describes how we will analyze the data.  

B.1: DEVELOPMENT OF THE ASSESSMENT

The overall plan for designing the assessment involved the development of a large set of 
potential items (the item pool), administering the full set to 300 volunteers as a pilot, and then 
trimming items based on analysis of the pilot. The item pool consisted of a set of 45 questions—
17 assessing arithmetic skills and 28 assessing vocabulary richness. The timing budget for the 
entire ITS allowed 10 minutes for the assessment. Based on observed administration times in 
the pilot, we decided the budgeted time could accommodate 8 arithmetic items and 8 
vocabulary items in the trimmed assessment that would be incorporated into the ITS.  

Further, theory and simulations indicated that precision would be better with an adaptive test in 
which the final item set is selected dynamically from a set of 11 items for each domain, rather 
than with a fixed set of 8 items in each domain for all study members.54 This approach requires 
that the larger item set be ranked by difficulty based on the pilot. During the main assessment, 
the procedure involves first administering a small set of medium-difficult items, and then, based 
on responses to those items, progressing with either an easier or a harder set of items.  

Wherever possible, the research team drew the initial set of 45 items from the primary sources 
shown in Exhibit B-1. As mentioned above, we selected many related to health, but we avoided 
items that tested knowledge of healthcare beyond what would be learned in a middle school 
health class. 

53  Grantees recruited the sample among HPOG participants who were not in the sample for the Short-Term 
Follow-up Survey. Grantees were encouraged to focus on participants who were ready for occupational 
training but who had not yet completed it. 

54  For a primer on this type of assessment, see Wainer et al (2000), 



Appendix B 

Abt Associates Analysis Plan for the HPOG 2.0 National Evaluation Intermediate-Term Impact Report  ▌pg. 49 

Exhibit B-1:  Source Documents for the HPOG 2.0 Skills Assessment Pilot Instrument 
Source 

Abbreviation Source Name/Description Background on Source 
HL Questions found in the public domain about health literacy James B.D., Boyle P.A., Bennett J.S., Bennett 

D.A. The Impact of Health and Financial
Literacy on Decision Making in Community-
Based Older Adults. Gerontology 2012;
58:531–539. https://doi.org/10.1159/000339094

FL Questions found in the public domain about financial 
literacy 

James B.D., Boyle P.A., Bennett J.S., Bennett 
D.A. The Impact of Health and Financial
Literacy on Decision Making in Community-
Based Older Adults. Gerontology 2012;
58:531–539. https://doi.org/10.1159/000339094
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC
3491105/

HLSI Health literacy skills instrument, Dr. Lauren McCormack, 
RTI International (adapted) 

Freely available for public use with proper 
citation to their publication 

NEW Items developed by the Abt team for this instrument. 
Informed by items and scales from: 
• Health and Psychosocial Instruments (HAPI) and

Health Literacy Toolshed databases;
• an intensive literature search; and
• two leading textbooks:

o S.A. Badasch and D.S. Chesebro. 1997.
Introduction to Health Occupations: Today’s Health
Care Worker (4th ed.). Upper Saddle River, NJ:
Brady/Prentice Hall.

o J.B. Hosley, S.A. Jones. and E.A. Molle-Matthews.
1997. Lippincott’s Textbook for Medical Assistants.
Philadelphia: Lippincott.

https://www.ebsco.com/products/research-
databases/health-and-psychosocial-
instruments-hapi 

https://healthliteracy.bu.edu 

As shown in Exhibits B-2 and B-3, the overall difficulty level of the assessment appears to have 
been reasonable for HPOG participants. However, the assessment is clearly more sensitive to 
variation in low skill than variation in high skill.55 

55  Consider four people, Isabella, Bob, Albert, and Rebecca, with skills at the 10th, 25th, 75th, and 90th 
percentiles, respectively. The probability that Bob will get a higher score than Isabella is higher than the 
probability that Rebecca will get a higher score than Albert. This is because there is a better mix of 
difficulties at the lower range than at the upper range. As a result, there is an excellent chance that Albert 
and Rebecca will have tied scores.  

https://doi.org/10.1159/000339094
https://doi.org/10.1159/000339094
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3491105/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3491105/
https://www.ebsco.com/products/research-databases/health-and-psychosocial-instruments-hapi
https://www.ebsco.com/products/research-databases/health-and-psychosocial-instruments-hapi
https://www.ebsco.com/products/research-databases/health-and-psychosocial-instruments-hapi
https://healthliteracy.bu.edu/
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Exhibit B-2: Distribution of Raw Scores on the Pilot Math Assessment 

Source: Pilot test conducted by Abt Associates. Sample size=300. 
Notes: The full assessment consisted of 17 math items; however, the wording of one of the items turned out to be very ambiguous. The scores 
displayed in this graph reflect participant performance on the 16 remaining math questions. All participants answered at least one math 
question correctly, 9 answered all 16 correctly. 
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Exhibit B-3: Distribution of Raw Scores on the Pilot Vocabulary Assessment 

Source: Pilot test conducted by Abt Associates. Sample size=300. 
Notes: All participants answered at least one vocabulary question correctly, two answered all 28 correctly. 

As is standard with assessments, we are not publishing the items in the assessment. Doing so 
would risk its future integrity. We would not want future program designers to teach to the test.  

Question trimming inherently involves a loss of data; therefore, one would expect to lose 
precision moving from the full test to the subtest. However, Exhibit B-4 shows that this precision 
loss is minimal and that the point estimates do not shift significantly. Moreover, losses are 
smaller with the dynamic approach than with the static approach. The difference is particularly 
striking for the math assessment, where dropping from the full 17 items to a static set of 8 items 
results in an average increase of 0.11 in the standard error on each person’s estimated skill, but 
dropping from the full 17 items to a dynamic set of 8 items results in an average increase of just 
0.06 in the standard error on each person’s estimated skill. Thus, using the dynamic 
assessment achieves major precision gains relative to using the static version. 



Appendix B 

Abt Associates Analysis Plan for the HPOG 2.0 National Evaluation Intermediate-Term Impact Report  ▌pg. 52 

Exhibit B-4: Comparisons between Full Assessment and Brief Assessment 

Domain and Item 
Selection Method for 

Brief Version 

Average Difference in 
Point Estimates 

(Brief – Full) 

Average Absolute Difference 
in Point Estimates 

(Brief – Full) 

Average Increase in 
Standard Deviation (of 
Student Skill Estimate) 

(Brief – Full) / Full 
Math – Static 0.01 0.27 0.11 
Math – Dynamic 0.01 0.25 0.06 
Vocabulary – Static –0.05 0.32 0.20 
Vocabulary – Dynamic –0.04 0.31 0.18 

Source: Pilot test conducted by Abt Associates. Sample size=300. 
Notes: The full assessment consisted of 17 math items and 28 vocabulary items. The static brief assessment consisted of a fixed set of 8 math 

items and 8 vocabulary items. The dynamic brief assessment consisted of a variable set of 8 items, each from a larger pool of 11 math 
items and 11 vocabulary items. 

Demonstrating validity is more difficult. The pilot instrument was very short but did contain self-
reports on frequency of computer skills in everyday life, educational attainment, and recent 
occupational training, including the earning of certifications and licenses. We theorized that a 
valid measure of skills could be well explained by the combination of these variables. 
Accordingly, we regressed each assessment score on those variables (five in total) and 
extracted the R-squared coefficients. We did this separately for scores based on the full 
assessment and on the dynamic brief assessment. The results are shown in Exhibit B-5. 
Although the coefficients are rather small, they are positive. Moreover, there is no drop-off in the 
math assessment when we move from the full version to the dynamic subtest and only a modest 
drop-off for the vocabulary assessment.  

Exhibit B-5: Relationship of Assessment Scores to Other Measures of Basic Skills 

Subject 

R-Squared for Regression of Assessed Skills on Everyday Usage of
Computers, Educational Attainment, and Recent Occupational Training 

Full Test Dynamic Subtest 
Math 0.108 0.108 

Vocabulary 0.111 0.097 
Source: Pilot test conducted by Abt Associates. Sample size=300. 
Notes: The full assessment consisted of 17 math items and 28 vocabulary items. The dynamic brief assessment consisted of a variable set of 8 

items each from a larger pool of 11 math items and 11 vocabulary items. 

B.2: ASSESSMENT ANALYSIS PROCEDURES

Given the dynamic nature of the assessment, it is not appropriate to simply count the number of 
correct responses by a participant to estimate their skill. Instead, we will employ a three-
parameter item response theory (IRT) model to estimate each participant’s skill in each of the 
two domains.56 We will use Bayesian procedures to fit this model. That will allow us to prepare 

56  For major national assessments such as the National Assessment of Educational Progress and the 
Programme for the International Assessment of Adult Competencies, it is common to also adjust the scores 
with a latent population model, as in Khorramdel et al. (2020). With these methods, people who report 
other data that should reflect high basic skills (such as having earned a degree) but scored low on the 
assessment would have their final score adjusted upward, under the assumption that they just had a bad 
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five estimates of skill in each domain for each participant. We will treat these five draws the 
same as five imputed values in variance estimation, as discussed in Appendix C.6 of the STIR. 

IRT models assume students have a single underlying skill level that influences their 
performance on each item of the assessment. The model also assumes that student 
performance is not deterministic, but rather probabilistic. The student’s underlying skill level, 
coupled with various parameters for a given question, determines the probability the student will 
correctly answer the question. The one-parameter IRT model assumes the only influential 
question parameter is its difficulty. The more difficult a question, the less likely it is that a 
student will answer it correctly. The two-parameter IRT model also considers how relevant a 
question is to the underlying skill level. For example, suppose we decided to include a 
question about the history of baseball along with the arithmetic items. Regardless of the 
difficulty of the baseball question, we would not expect it to be relevant to a student’s arithmetic 
skill. Consequently, we would not want a student’s performance on that question to heavily 
skew our estimate for their arithmetic skill level. The two-parameter IRT model accounts for this 
possibility, although we would not expect such an extreme example in our pilot module.  

In addition to accounting for question difficulty and relevance, the three-parameter model 
accounts for how easy it is to guess the correct answer. The guessing parameter is useful 
for multiple-choice questions, where a student knows that the correct answer must be one of the 
n presented possibilities. For such a question, we would expect even the lowest-skilled students 
to be able to correctly answer the question 1/n of the time, by virtue of the ability to guess at 
random.  

To summarize, in our chosen model the only factors that influence a student’s propensity to 
answer a given question correctly are: 

1. The student’s underlying skill level. 

2. The difficulty of the question. 

3. The relevance of the question to the student skill being measured. 

4. How easy it is to guess the correct answer to the question. 

Specifically, we have the following expression for the likelihood that student i answers item k 
correctly: 

 

 

where 

assessment day. Similarly, people who report other data that should reflect low basic skills (such as not 
having finished high school) but scored high on the assessment would have their final score adjusted 
downward, under the assumption that they had some lucky guesses. Although these methods can improve 
precision, we already have a very large sample size and the methodology is complex to apply.  
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and  

• 𝜃𝜃𝑖𝑖 is Student i’s underlying skill level 

• 𝑏𝑏𝑘𝑘 is the difficulty parameter for Question k 

• 𝑎𝑎𝑘𝑘 is the relevance parameter for Question k 

• 𝑐𝑐𝑘𝑘 is the guessing parameter for Question k. 

Given a realized assessment (i.e., a set of students’ responses to a set of items), our goal is to 
estimate the true underlying parameters. Maximum likelihood estimators (MLEs) have 
traditionally been used for IRT parameter estimation; however, they are problematic if there are 
students who answered every question correctly/incorrectly, as well as if there are questions 
that were always answered correctly/incorrectly. Because we wish to account for these 
possibilities, we decided to employ a Bayesian estimator for the parameters. We used a Markov 
Chain Monte Carlo (MCMC) technique, specifically through the SAS MCMC procedure. 

Given that we will use a Bayesian approach, we must select prior distributions for each of our 
parameters. We will use the same priors that we used to analyze the pilot. As suggested in 
Stone and Zhu (2015), we used a standard normal distribution for each student’s skill level. We 
also decided to assign this prior distribution to the difficulty parameter for each question as well, 
as we assumed question difficulty and student skill would be similarly distributed. Traditionally, 
relevance parameters tend to lie between 0.5 and 4 (Stone and Zhu 2015). We did not have any 
strong assumptions regarding the relevance parameters; however, from analyzing the 
questions, we would not expect to see any questions that are highly relevant/irrelevant. 
Therefore, we selected a uniform prior distribution over the interval [0.5, 4]. For the guessing 
parameter, we decided to fix our prior distribution at 1/n, where n is the number of choices for 
the question, as suggested by Han (2012).57  

The scores can be shifted and scaled without changing inferences about them. We will follow 
the scheme used by Pearson in scoring of the Peabody Picture Vocabulary Test, centering the 
scores at 100 and scaling them to have a standard deviation of 15.58 

Despite the use of dynamic IRT scoring, the item sets are still small, limited by the 10-minute 
block reserved in the time budget for the assessment. As a result, the IRT scores for persons 
will have some variance that will add variance to estimated impacts. To capture this extra 
variance, we will draw five scores from the posterior skills distribution for each person and treat 
the five scores the same as if they were imputations of a missing value for purposes of variance 
estimation, as in Appendix C.7 of the STIR. We will also look at conditional treatment-control 
differences in imputed basic skills among group members with any training, and specifically 
among those with any basic skills training. 

 
57  Several arithmetic questions were open ended. We assigned these questions a guessing parameter of zero. 
58  As documented here: https://www.nlsinfo.org/site/childya/nlsdocs/guide/assessments/PPVT.htm.  

https://www.nlsinfo.org/site/childya/nlsdocs/guide/assessments/PPVT.htm
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APPENDIX C: TECHNICAL DETAILS ON EXPLORATION OF CROSS-
SITE IMPACT HETEROGENEITY 

This appendix supplies technical details for Section 2.7, regarding the analysis to answer 
research question #9 from the Impact Evaluation Design Plan (IEDP; Klerman, Judkins, and 
Locke 2019) concerning how the impact of an offer of an HPOG 2.0 slot varies with local 
program characteristics. It applies new methodology developed and tested since the IDEP was 
developed (see Judkins and Durham 2020). 

Section C.1 establishes notation for the traditional multi-level modeling approach. Section C.2 
lays out the approach of Judkins and Durham briefly; more details, proofs, and results of a 
simulation study are in their manuscript. Section C.3 reviews research on how to pick the most 
promising mediators for this analysis.  

C.1: NOTATION FOR TRADITIONAL APPROACH 

In the IEDP, we planned to address this question using methods introduced to the literature by 
Bloom, Hill, and Riccio (2003). In the original application of these methods, they used data from 
several sources including surveys of local program directors and frontline caseworkers as well 
as external data on local economic conditions. If those data were available for HPOG 2.0, the 
approach would involve fitting a model of the form 

 

 

 

 

 

 

 

 

 

 

where: 

• yji is the outcome of interest (e.g., earnings) for individual i in program j;  

• α is the overall intercept; 

• Xji is a row vector of baseline variables (e.g., gender, age, education);  

• β  is a column vector of “nuisance” parameters describing other influences on outcome 
levels (not impacts);  

• Tji is the (randomly assigned, binary) treatment dummy variable;  

• 2
1 38 1,..., ~ (0, )u u N τ , are independent and identical draws from a latent random variable 

reflecting unexplained variation in control arm outcomes across the 38 HPOG 2.0 programs;  

• 𝜀𝜀ji is a regression residual;  

• 1 38,...,δ δ  are the local impacts of being offered an HPOG 2.0 slot across the 38 HPOG 2.0 
programs; 

• γ  is the overall impact of being offered an HPOG 2.0 slot; 
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•  is a set of contextual moderators, characteristics of local conditions beyond the control of 
program designers and directors;  

• θ  quantifies the moderation of Q variables on local impacts;  

• jZ  is a set of mediators, program-level variables that might be at least partially under the 
control of HPOG 2.0 program directors and that might mediate local impacts; 

• λ  quantifies the mediation of the Z variables on local impacts;  

• 2
1 38 2,..., ~ (0, )Nν ν τ  are independent and identical draws from a latent random variable 

reflecting unexplained variation in local impacts; and 

• the various errors ( , ,uε ν ) are all independent of one another. 

jQ

C.2: OVERVIEW OF NEW METHODOLOGY 

The material here is from a working manuscript by Judkins and Durham (2020). The goal is to 
determine whether a program-level feature mediates the local impacts of HPOG 2.0 programs; 
that is, whether between-program variation in the feature is associated with between-program 
local impacts, after controlling on potentially confounding program-level factors.  

There are five steps in this methodology. Let y be the person-level outcome of interest and let z 
be the person-level report on the program-level feature of interest.  

1. Compute best linear unbiased predictions (BLUPs) of the mean counterfactual 
outcome level at each program: 𝛼𝛼 + �̄�𝑋𝑗𝑗.𝛽𝛽 + 𝑢𝑢𝑗𝑗 . One could estimate these 
counterfactuals by simply averaging the outcome across the control sample. However, 
when local sample sizes are small or when 2

2τ is not large relative to ( )var /ji jnε , it is 

well known that such simple averages (and their differences between treatment and 
control groups) will tend to be overdispersed. Overdispersed estimates will have undue 
influence when these counterfactuals are used in Step 4 below to remove confounding. 

So BLUPs are preferred.59 Let ˆ
jQ  be the resulting program-level variable. For example, 

if the outcome is Q12 earnings, then ˆ
jQ  is a shrunken estimate of mean local Q12 

earnings in the absence of HPOG 2.0. It is used in Step 4 to remove confounding due to 
correlations between local economic conditions and the program-level feature of interest. 

2. Form a direct estimate of the impact of the local program using only those local 

data, with no borrowing of strength across programs. Let ˆ
jδ  be that local impact.  

3. Average the values of z reported by members of the treatment group to program 
level. Let �̄�𝑧𝑗𝑗. be that program-level variable. This is our best measurement of the 

 
59  See for example, Rao and Molina (2015). Simulation research has shown that this is more effective at 

removing confounding than is just using the average response of the local control sample.  
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program-level feature. Measurement error depends on the local sample size and local 
consistency of student reports. Note that the methodology allows the sample size for this 
mediator to be different than that for the outcome. Indeed, this application will use 
mediators from the Short-Term Follow-up Survey (STS) (n=9,620) and outcomes from 
the Intermediate-Term Follow-up Survey (ITS) (n~2,700). In designing the STS, we 
purposely made it much larger than the ITS, specifically so that �̄�𝑧𝑗𝑗. would have small 
variance.  

4. Regress ˆ
jδ  on ˆ

jQ  and �̄�𝑧𝑗𝑗. . The coefficient for �̄�𝑧𝑗𝑗 . from this regression is an estimate of 
how much the program-level feature mediates the local impact, but it is an attenuated 
estimate due to variance of  �̄�𝑧𝑗𝑗. from jZ .  

5. Re-inflate the regression coefficient for  �̄�𝑧𝑗𝑗 . in this model to remove that attenuation 
due to measurement error.  

We have studied several methods to “disattenuate” (or “re-inflate”) this regression coefficient. In 
a simulation study, the following inflation factor seems likely to work best for HPOG 2.0: 

,  

where: 

• n , is the average local sample treatment size for which the student observation of the 
program-level feature is collected across all programs; and  

• ˆZρ  is the intraclass correlation of the student-measurement of the program-level feature of 
interest.  

For HPOG 2.0, the responding treatment sample size at 15 months was 6,646, and there are 38 
programs, so 175n ≈ . So, for a value of ˆ .05Zρ = , the disattenuation factor will be on the order 

of 1.22; and for a value of ˆ .10Zρ = , the disattenuation factor will be on the order of 1.10.  

C.3: PROGRAM MEDIATORS OF INTEREST 

Due to the limited degrees of freedom for program-level regression analysis, in the IEDP 
(Klerman, Judkins, and Locke 2019) we committed to having no more than two to four program-
level variables, including both moderators and mediators. Under the assumption that the single 

moderator ˆ
jQ  will be adequate to remove confounding, that allows us to pick three mediators to 

study. Given the wide range of variables in the Participant Accomplishment and Grant 
Evaluation System and STS, this will be a hard choice to make. In the IEDP, we mentioned five 
possible domains of variables that could be considered to choose these mediators. We 
mentioned grantee type, average length of study required for selected course of study, average 
intensity of support services, student satisfaction with first course, and the rate of follow-up 
training.  
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To try to guide this difficult decision, we went back to HPOG 1.0 and applied the methodology, 
experimenting with a variety of both mediators and outcomes. Exhibit C-1 summarizes the 
results. For the most part, we found no significant relationships. The only significant relationship 
we found was between the number of FTE months of training accumulated by the fifth month 
after randomization and the program-level impact on sense of career progress at three years. 
Programs that succeed in getting students quickly enrolled and also help them persist have 
larger impacts on career progress.  

Intraclass correlation is another consideration in choosing potential mediators. Given a certain 
mediation coefficient, the power of the ecometric analysis to detect that mediation is better for 
mediators with higher intraclass correlation. Exhibit C-2 shows intraclass correlation for a variety 
of variables from the Short-Term Follow-up Survey. The teacher and course assessment 
variables pertain to the first class the HPOG participant took after randomization. 

Exhibit C-1: Ecometric Analysis of HPOG 1.0 
Mediator  

(student variable at 15 months 
aggregated to program level) Outcome 

Mediation 
Coefficient 

Standard 
Error 

Student assessment of training 
quality 

• Help accessing direct 
occupational experiences 
(Q229G) 

• Overall satisfaction (Q30) 
• Emphasis on community 

inclusion (Q31) 

Educational progress at 15 months .26 .33 
Earned any healthcare credential as 
of 36 months 

.13 .72 

Goal progress at 3-year interview 1.11 1.02 

Educational progress at 15 
months 

Q12 earnings from 3-year survey $1,964 $1,962 
Earned a college degree or certificate 
requiring at least a year of study by 
month 36 

.39 .25 

Completed training by month 36 .06 .38 
FTE months of training through 
month 6 

Q12 earnings from 3-year survey $104 $251 
Goal progress at 3-year interview .046* .020 
Earned a college degree or certificate 
requiring at least a year of study 

.046* .019 

Completed training by month 36 .048 .081 
Earned a college degree by month 36 .018 .020 
Earned a professional license by 
month 36 

.015 .021 

FTE months of training through 
month 15 

Q12 earnings from 3-year survey $26 $115 
Earned a college degree by month 36 .015 .009 

Number of types of counseling 
services received  

Goal progress at 3-year interview .16 .15 
Earned a college degree or certificate 
requiring at least a year of study by 
month 36 

.01 .06 

Difficulty of arranging financing for 
education (among those with 
some training) 

Goal progress at 3-year survey .33 .69 
Earned a college degree or certificate 
requiring at least a year of study by 
month 36 

–.45 .24 

Source: Abt analyses of HPOG 1.0 15-month and three-year follow-up surveys, excluding three programs that were also part of the PACE project. 
Notes: Analyses based on approximately 6,000 respondents in 39 programs.  
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Exhibit C-2: Intraclass Correlation for Potential Mediators from the HPOG 2.0 Short-Term Follow-up Survey 
Mediator  

(student variable at 15 months) 
Based on 

Questionnaire Items 
Cronbach 

Alpha 
Intraclass 

Correlation 
Teacher engagement B19 .89 .02 
Teacher rapport B20 .83 .03 
Teacher clarity B21 .89 .02 
Teacher quality B19, B20, B21 .93 .03 
Teacher made course challenging B22 .80 .06 
Class relevancea B23  .49 .05 
Counselor effort  B24 .73 .11 
Hours of one-on-one counseling B14  .05 
Hours of group counseling B15  .05 
Total hours counseling B14, B15  .06 
Any training in Q1 Section A  .12 
Student or parent borrowed money to pay for 
training 

B6  .08 

Any employer supports for training D15, D16  .04 
Any credential or still in training Sections A and C  .02 
Any credential C2, C3, C4  .05 
Any exam-based credential C4  .05 
At least 6 months of training Section A  .19 
Any credential followed by additional training Sections A and C  .04 
Months of training through month 3  Section A  .10 
Months of training through month 6 Section A  .11 
Months of training through Q15 Section A  .22 

aThis scale had two items that were phrased negatively and one that was phrased positively. Many people seem not to have noticed because 
all two-way correlations are small and positive. 
Source: Abt analyses of HPOG 1.0 15-month follow-up survey. 

Due to the limited degrees of freedom for program-level regression analysis, in the IEDP we 
committed to using no more than two to four program-level variables to explore cross-site 
impact heterogeneity, including both mediators and contextual moderators. We will use grantee 
type (college or other) and the mean control-group response on the outcome variable as two 
contextual moderators for each outcome we study. That leaves room for two mediators.  

Based on the analysis of level-2 mediation in HPOG 1.0, our first choice for a mediator is 
number of months of training through month 6. (We would use FTE months of training though 
month 6 as in HPOG 1.0 if it were not that there was an instrument error in the STS that causes 
substantial errors in the measurement of FTE months of training.) Because none of the other 
potential mediators examined on HPOG 1.0 showed promise, we needed a different rationale 
for selecting other mediators. Based on the logic model for HPOG and the substantial intraclass 
correlation of 0.11, we picked counselor effort as the second mediator.  

In summary, the mediators we will test are these: 

• Number of months of training through month 6 

• Counselor effort (scale based on four items): 
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o My counselors or academic advisors helped me to pick the right classes for my 
course of study 

o My counselors or advisors helped to arrange financial aid 

o My tutors helped me to do better on quizzes and exams 

o My counselors or other school staff helped me deal with personal issues and/or 
emergency situations that made it hard to attend classes 

Our hypothesis is that programs with strong counseling support and that get their students 
started early in programs that last more than a few weeks will have the largest impacts at three 
years. Given the structure and theory of HPOG, months of training and counselor effort are 
natural choices.  

Whether programs can really control these potential mediators is an open question. HPOG 2.0 
grantees that were not colleges seemed to have served largely as referral agencies for training, 
rather than as training providers. Despite this, if it turns out that the potential mediators really do 
mediate local program impacts, then that will be informative for the development of any potential 
future grant competition rules.  
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