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OVERVIEW  

INTRODUCTION 

The purpose of the Health Profession Opportunity Grants (HPOG) Program is to provide 

education and training to Temporary Assistance for Needy Families (TANF) recipients and other 

low-income individuals for occupations in the healthcare field that pay well and are expected to 

either experience labor shortages or be in high demand. HPOG grantees design and implement 

local programs to provide eligible participants with education, occupational training, and support 

and employment services to help them train for and find jobs in a variety of healthcare 

professions. A National Evaluation of the 27 non-tribal grantees awarded in 2015 as part of the 

second round of HPOG (HPOG 2.0) is currently underway. The National Evaluation includes a 

Descriptive Evaluation of the implementation, outcomes, and local service delivery systems; an 

Impact Evaluation of the program’s impacts on participants; and a Cost-Benefit Study. This 

document presents detailed plans for the design of the Impact Evaluation of HPOG 2.0. 

The key research questions for the Impact Evaluation concern the impact of HPOG 2.0 on 

participants relative to what their outcomes would have been without the program. The Impact 

Evaluation will also consider how those impacts vary with individual and local-program 

characteristics. Together these results will be informative both about the impact of the HPOG 

2.0 Program as implemented, and about broader issues in the design and operation of job 

training programs. 

PRIMARY RESEARCH QUESTIONS 

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

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

 How does the impact of an offer of an HPOG 2.0 slot on participants vary with baseline 

characteristics or local program characteristics? 

PURPOSE 

The HPOG 2.0 Program is a major effort to provide training in the health professions and to 

study the impact of HPOG’s approach to occupational training. This document presents detailed 

plans for the design of the Impact Evaluation of HPOG 2.0, to understand what difference the 

Program made. The purpose of the design document is twofold—to encourage careful thinking 

and broad agreement about how the research team will analyze the data to answer the 

evaluation’s research questions, and to clearly identify – in advance – the evaluation’s key 

design decisions and plans for analysis. 

HIGHLIGHTS 

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

 Provides an overview of the HPOG 2.0 local programs; 

Abt Associates Overview ▌pg. iii 



 

    

            

        

            

   

           

         

   

 

            

             

           

        

         

     

 

            

         

        

         

 

          

        

     

         

     

            

     

            

      

            

      

    

 Describes the theory of action underlying HPOG 2.0 and the research questions the Impact 

Evaluation will address to assess whether the Program is achieving its goals; 

 Discusses the data sources that will be used in the analysis, including baseline and follow-

up surveys and existing administrative data; and 

 Describes the methods to be used to estimate the impact of HPOG 2.0 on participants in the 

short-, intermediate-, and longer-term follow-up points (approximately 15, 36, and 60 months 

after randomization, respectively). 

METHODS 

The Impact Evaluation will use an experimental design. Eligible applicants will be assigned 

randomly either to a treatment group that is offered HPOG training and services or to a control 

group that does not have access to HPOG during the study period. Data sources will include 

baseline data collected about participants at study enrollment; short- and intermediate-term 

follow-up participant surveys initiated about 15 and 36 months after random assignment; and 

national administrative data on participants’ employment and earnings and their educational 

enrollment and degree receipt. 

The Impact Evaluation will generate a Short-Term Impact Report (including the 15-month survey 

and administrative data results), an Intermediate-Term Impact Report (including the 36-month 

survey and administrative data results), and a Longer-Term Impact Report (administrative data 

only). All three documents will include program-specific impact estimates for local programs. 

GLOSSARY 

 Career pathways: a framework for occupational training that combines education, training, 

and support services that align with the skill demands of local economies and help 

individuals to enter or advance within a specific occupation or occupational cluster 

 HPOG or HPOG Program: the national Health Profession Opportunity Grants initiative, 

including all grantees and their local programs 

 HPOG grantee: the entity receiving an HPOG grant and responsible for funding and 

overseeing one or more local programs 

 HPOG (local) program: a unique set of services, training courses, and personnel; a single 

grantee may fund one or more programs 

 HPOG partners: other organizations directly involved in the operations of an HPOG program 

 HPOG program participants: enrollees in education and training programs and related 

services supported by HPOG grants 

Abt Associates Overview ▌pg. iv 



 

    

         

        

        

        

        

           

       

           

            

           

     

        

      

  

        

         

           

          

           

           

       

       

        

       

         

        

          

    

           

           

           

     

              

          

            

                                                      
 

 

           

          

        

EXECUTIVE SUMMARY  

The Health Profession Opportunity Grants (HPOG) Program is administered by the Office of 

Family Assistance (OFA) in the Administration for Children and Families (ACF) of the U.S. 

Department of Health and Human Services (HHS). The purpose of HPOG is to provide 

education and training to Temporary Assistance for Needy Families (TANF) recipients and other 

low-income individuals for occupations in the healthcare field that pay well and are expected to 

either experience labor shortages or be in high demand. HPOG grantees design and implement 

programs to provide eligible participants with education, occupational training, and support and 

employment services to help them train for and find jobs in a variety of healthcare professions. 

Following on a first, now concluded cohort of grantees funded in 2010 (HPOG 1.0), in 2015 

Congress authorized funds for a second round of HPOG grants (HPOG 2.0). OFA used those 

funds to award 32 HPOG 2.0 grants. Five grants were awarded to tribal-affiliated organizations, 

and the remaining 27 non-tribal grants were awarded to a variety of entities including 

government agencies, community-based organizations, and postsecondary educational 

institutions. 

ACF’s Office of Planning, Research, and Evaluation (OPRE) awarded a contract to Abt 

Associates and its partners the Urban Institute, MEF Associates, NORC at the University of 

Chicago, and Insight Policy Research to conduct the National and Tribal Evaluation of the 

2nd Generation of Health Profession Opportunity Grants (HPOG 2.0). The evaluation is part 

of a larger portfolio of OPRE-funded research on the HPOG Program.1 Abt and its partners are 

conducting separate, coordinating evaluations of the five tribal grants (the Tribal Evaluation) and 

the 27 non-tribal grants (the National Evaluation).2 

ABOUT THE HPOG 2.0 IMPACT EVALUATION FOR THE NATIONAL EVALUATION 

The HPOG 2.0 National Evaluation includes three related evaluation components: the 

Descriptive Evaluation, an Impact Evaluation, and a Cost-Benefit Study. The Descriptive 

Evaluation components – the Implementation, Outcome and Systems Studies – will present 

descriptive findings only and will not analyze causal relationships.3 The National Evaluation’s 

Impact Evaluation and Cost-Benefit Study will estimate HPOG 2.0 Program impacts and their 

monetized value, respectively. 

This Impact Evaluation Design Plan (IEDP) presents the design of the Impact Evaluation of the 

27 non-tribal HPOG 2.0 grants (the National Evaluation). The 27 non-tribal grantees operate 

38 distinct HPOG programs, with each local program offering a locally designed set of 

services, training courses, and personnel. 

For the HPOG 2.0 National Evaluation, the Impact Evaluation will estimate the impact of HPOG 

2.0—that is, the outcomes for study participants offered access to HPOG 2.0 programs, relative 

to what their outcomes would have been if they had not been offered HPOG 2.0 programs. The 

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

hpog. 

2 The five tribal grantees are participating in a separate HPOG 2.0 Tribal Evaluation that will assess the implementation 

and outcomes of the tribal grants. The HPOG 2.0 Tribal Evaluation will not include an impact evaluation. 

3 A separate document provides the design for the Descriptive Evaluation (Werner, et al; 2018). 
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primary focus of the evaluation is to estimate the impact of HPOG 2.0 as a whole, pooling 

outcomes across all 27 grants and their 38 distinct local programs. 

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

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

 How does the impact of an offer of an HPOG 2.0 slot on participants vary with participants’ 

baseline characteristics and HPOG 2.0 local-program design decisions? 

IMPACT EVALUATION DESIGN 

The Impact Evaluation’s estimation of impact will build on random assignment conducted by all 
27 non-tribal grantees. Through that random assignment process, applicants will be assigned 

by a lottery-like process either to receive an offer of HPOG training and services 

(treatment group) or to be excluded from all HPOG training and services (control group). 

Random assignment creates two statistically equivalent groups whose subsequent outcomes 

can differ only by the effects of their local HPOG program or by chance. Thus, comparisons of 

outcomes between the two groups are an unbiased estimate of the impact of that local HPOG 

program. 

In estimating impacts, the evaluation will draw on several data sources. The HPOG 

management information system (the Participant Accomplishment and Grant Evaluation 

System, or PAGES) records information collected at program intake, randomly assigns 

applicants to either the treatment group or the control group, permanently documents that 

random assignment result, and records service delivery through the HPOG program to 

treatment group members. Short-term and intermediate-term follow-up surveys fielded about 15 

and 36 months after randomization and administrative data on education and earnings through 

as many as 87 months after randomization will provide information on study participants’ 

outcomes. 

ABOUT THIS AND SUBSEQUENT DOCUMENTS 

This document presents a plan for the National Evaluation’s Impact Evaluation of HPOG 2.0. It 

begins with program context, research questions, and a summary of the findings of evaluations 

of similar job training programs. The document then describes the available data and the 

specific variables to be included in various parts of the analysis, followed by a discussion of 

analytic methods. The document concludes with a discussion of the timing of the analyses and 

reporting, how that timing interacts with data availability, and implied sample sizes. An appendix 

presents additional technical detail. 

A follow-on analysis plan for the HPOG 2.0 Short-Term Impact Report, to be published in 2020, 

will describe revisions to this IEDP based on the evolving implementation of the grants and will 

provide further information on technical and substantive issues. That analysis plan will also 

provide more detail on impact estimation model specification. 

Subsequent analysis plans corresponding to the HPOG 2.0 Intermediate-Term Impact Report 

and the HPOG 2.0 Longer-Term Impact Report will further refine the specification for new 

issues arising in those reports. 
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1.  OVERVIEW  OF  HPOG 2.0  PROGRAMS AND  THE EVALUATION  

The Health Profession Opportunity Grants (HPOG) Program provides education and training to 

Temporary Assistance for Needy Families (TANF) recipients and other low-income individuals 

for occupations in the healthcare field that pay well and are expected to either experience labor 

shortages or be in high demand.4 In 2010, Congress authorized funds to the U.S. Department of 

Health and Human Services (HHS) for HPOG to be administered by the Office of Family 

Assistance (OFA) in HHS’s Administration for Children and Families (ACF).5 

Following on a first, now concluded cohort of grants funded in 2010 (HPOG 1.0), Congress 

authorized funds for a second round of HPOG grants (HPOG 2.0). OFA used those funds to 

award 32 HPOG 2.0 grants. Five grants were awarded to tribal-affiliated organizations, and the 

remaining 27 non-tribal grants were awarded to a variety of entities including government 

agencies, community-based organizations, and postsecondary educational institutions. 

ACF’s Office of Planning, Research, and Evaluation (OPRE) awarded a contract to Abt 

Associates and its partners the Urban Institute, MEF Associates, NORC at the University of 

Chicago, and Insight Policy Research to 

conduct the National and Tribal 

Evaluation of the 2nd Generation of 

Health Profession Opportunity 

Grants. The evaluation is part of a 

larger portfolio of OPRE-funded 

research on the HPOG Program.6 Abt 

and its partners are conducting 

separate, coordinating evaluations of the 

five tribal grants (the Tribal Evaluation) 

and the 27 non-tribal grants (the 

National Evaluation). 

The National Evaluation comprises three 

major and related evaluation 

components: a Descriptive Evaluation, 

an Impact Evaluation, and a Cost-

Benefit Study. This document is the 

Impact Evaluation Design Plan (IEDP) 

for the National Evaluation’s Impact Evaluation. The Descriptive Evaluation Design Report 

for the National Evaluation (Werner et al., 2018) describes the Descriptive Evaluation, which 

Important Terms for This Report 

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

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

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

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

 HPOG partners: other organizations directly involved in the 
operations of an HPOG program 

 HPOG program participants: enrollees in education and training 

programs and related services supported by HPOG grants 

4 https://ami.grantsolutions.gov/files/HHS-2015-ACF-OFA-FX-0951_0.pdf 

5 HPOG was authorized by the Affordable Care Act (ACA), Public Law 111-148, 124 Stat. 119, March 23, 2010, sect. 

5507(a), “Demonstration Projects to Provide Low-Income Individuals with Opportunities for Education, Training, and 

Career Advancement to Address Health Professions Workforce Needs,” adding sect. 2008(a) to the Social Security Act, 

42 U.S.C. 1397g(a), and extended by the Bipartisan Budget Act of 2018, Pub. L. 115-123, through fiscal year 2019. 

6 OPRE’s portfolio includes an evaluation of non-tribal HPOG 1.0 grantees (consisting of an impact study and a 

descriptive implementation study, an outcome study, and a systems change analysis) and a separate descriptive 

evaluation of the implementation and outcomes of the five HPOG 1.0 tribal grants. For additional information about 

this first set of evaluations, see: https://www.acf.hhs.gov/opre/research/project/evaluation-portfolio-for-the-health-

profession-opportunity-grants-hpog and http://www.career-pathways.org/acf-sponsored-studies/hpog/. 
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includes studies of implementation and outcomes and an analysis of systems within which 

HPOG programs operate. A later document will present plans for the Cost-Benefit Study. 

This opening chapter provides an overview of HPOG 2.0 programs (Section 1.1) and the HPOG 

2.0 National Evaluation (Section 1.2). The chapter then presents research questions for the 

evaluation (Section 1.3); a high-level discussion of methods, data, and reporting (Section 1.4); 

and a brief review of impact estimates from earlier research on job training programs (Section 

1.5). The chapter closes with a description of the structure of the remainder of the document 

(Section 1.6). 

1.1 THE HPOG 2.0 PROGRAMS 

This section attempts to characterize the HPOG 2.0 local programs. It begins by quoting from 

ACF’s Funding Opportunity Announcement (FOA) on the desired characteristics of the HPOG 

programs. It then uses PAGES data to characterize the local programs as funded and to 

summarize the characteristics of early enrollees.7 

The FOA for HPOG 2.0 stated that HPOG programs should:8 

1. Target skills and competencies demanded by the healthcare industry. 

2. Support career pathways such as an articulated career ladder. 

3. Result in an employer or industry recognized credential (which can include a 

license, third-party certification, postsecondary educational certificate or 

degree, as well as a Registered Apprenticeship certificate). 

4. Combine supportive services with education and training services to help 

participants overcome barriers to employment as necessary. 

A major goal of HPOG 2.0 is to train low-income individuals through an approach consistent 

with a career pathways framework, as articulated by Fein (2012). The career pathways 

framework involves training opportunities that 

1. award clearly defined and industry-recognized credentials; 

2. build to add higher competencies in a defined career path; 

3. are flexibly delivered to accommodate nontraditional students; 

4. are integrated with work-based learning opportunities (such as internships, externships, 

clinical placements); and 

5. integrate varied supports aimed to ensure students’ program persistence, program 
completion, and subsequent workplace success. 

The HPOG 2.0 FOA emphasized the importance of career pathways by requiring that grant 

applications describe specific career pathways to be offered by the program. HPOG 2.0 

programs are encouraged to assist participants in pursuing training along a career path. In practice, 

this commitment should result in some participants who complete training for relatively entry-level 

positions moving on to additional training for higher-level jobs within a chosen career ladder, such as 

nursing. 

7 PAGES (Participant Accomplishment and Grant Evaluation System) is the HPOG management information system. 

8 See: https://ami.grantsolutions.gov/files/HHS-2015-ACF-OFA-FX-0951_0.pdf 
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Support services that assist participants in enrolling in and completing training courses are a 

central part of the career pathways framework and an important feature of HPOG 2.0 programs. 

Indeed, the HPOG 1.0 Impact Study found that the major contrast between HPOG and the 

opportunities available to the study’s control group (those not allowed to enroll in HPOG) was 

the relatively rich set of academic, personal, and financial support services available to HPOG 

participants (Peck et al., 2018; see pp. 38–39). Such supports helped the treatment group 

(those allowed to enroll in HPOG) persist in and complete training at higher rates than the 

control group. 

The importance of providing support services was communicated to HPOG 2.0 grantees 

through the FOA, which listed “supportive service activities that are likely to improve program 
outcomes”: 

Academic supports: Academic supports may include tutoring, 

supplemental group instruction, group study sessions, one-on-one time 

with the instructor, and referral to self-study resources. 

Case management: Intensive and integrated academic and career 

advising can improve outcomes. Common responsibilities of case 

managers include participant monitoring, academic and career counseling, 

and personal or financial counseling. More intensive case management is 

characterized by program staff initiating contact with participants and 

meeting frequently (e.g., weekly), sometimes through a mix of in-person 

and virtual (phone, text, email, social media) contacts. 

Child care: Adequate child care is essential to parents hoping to complete 

training or secure fulltime employment. 

Transportation assistance: Enables participants to get to and return home 

from education, training and/or employment. 

Tuition assistance and other financial support directly related to training: 

Financial support to cover the costs of participating in education and 

training programs, as well as related training expenses, is widely viewed 

as a critical support in education and training programs for low-income 

adults. Assistance may be provided for tuition, fees, books and supplies. 

In response to this funding announcement, OFA competitively awarded 32 grantees: 27 non-

tribal grantees and 5 tribal grantees. This document focuses on plans for the National 

Evaluation’s Impact Evaluation of the 27 HPOG 2.0 non-tribal grantees, comprising four state 

government entities, seven workforce system agencies, ten institutions of higher education, and 

six community based organizations. 

These non-tribal grantees operate 38 distinct HPOG local programs, with each program offering 

a locally designed set of services, training courses, and personnel. 

Exhibit 1-1 lists the grantees, programs within each grantee (indented and in italics), projected 

treatment group enrollment for the Impact Evaluation, and average wage of occupations 

corresponding to training programs selected by early trainees, as discussed at the very end of 

this section. 
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Exhibit 1-1: HPOG 2.0 Non-Tribal Grantees – Projected Treatment Group Enrollment and Average 
Wage of Target Occupations 

Grantee/Program Grantee Location Projected N 
Average Wage of 

Target Occupations 

Arizona 

Pima County Community College District Tucson, AZ 1,408 $ 11.20 

Connecticut 

Eastern Connecticut Workforce Investment Board, Inc. Franklin, CT 706 $ 10.46 

Eastern Connecticut WIB 138 

Northwest Regional WIB 188 

Workforce Alliance 380 

The Workplace Bridgeport, CT 1,475 $ 10.90 

Illinois 

Chicago State University Chicago, IL 700 $ 12.45 

Kansas 

Kansas Department of Commerce Topeka, KS 1,798 $ 13.24 

KS LWIB 1 - Kansas WorkforceONE 320 

KS LWIB 2 - Heartland Works, Inc. 390 

KS LWIB 3 - Workforce Partnership 400 

KS LWIB 4 - Workforce Alliance of South Central Kansas 350 

KS LWIB 5 - Southeast Kansas Works 338 

Louisiana 

Workforce Investment Board SDA-83, Inc. Monroe, LA 637 $ 14.74 

Michigan 

Volunteers of America Michigan Southfield, MI 1,251 $ 13.96 

Missouri 

Missouri Department of Social Services Jefferson City, MO 1,816 $ 11.29 

Full Employment Council 795 

St. Louis Agency on Training and Employment 795 

Central Region Workforce Investment Board 225 

Nebraska 

Central Community College Grand Island, NE 1,298 $ 10.96 

Central Community College 791 

Southeast Community College 166 

Northeast Community College 164 

Mid-Plains Community College 177 

New York 

Action for a Better Community, Inc. Rochester, NY 1,500 $ 10.69 

Buffalo and Erie Workforce Development Consortium Inc. Buffalo, NY 1,100 $ 11.44 

Hostos Community College Bronx, NY 936 $ 10.20 

Montefiore Medical Center Bronx, NY 2,500 $ 8.77 

Schenectady County Community College Schenectady, NY 2,150 $ 11.28 

Ohio 

Zepf Center Toledo, OH 1,100 $ 14.00 

Oklahoma 

Community Action Project of Tulsa County Inc. Tulsa, OK 609 $ 10.69 

Oregon 

Rogue Community College District Grants Pass, OR 1,104 $ 10.80 

Worksystems, Inc. Portland, OR 1,348 $ 11.04 

Pennsylvania 

Central Susquehanna Intermediate Unit Milton, PA 475 $ 11.48 

Community College of Allegheny County Pittsburgh, PA 2,300 $ 17.19 

South Carolina 

South Carolina Department of Social Services Columbia, SC 1,120 $ 14.91 
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Grantee/Program Grantee Location Projected N 
Average Wage of 

Target Occupations 

Texas 

Alamo Community College District San Antonio, TX 825 $ 11.14 

San Jacinto Community College District Pasadena, TX 1,250 $ 12.31 

Volunteers of America Texas Euless, TX 1,110 $ 12.14 

Virginia 

Goodwill Industries of the Valleys Roanoke, VA 627 $ 11.13 

Washington 

Edmonds Community College Lynnwood, WA 1,170 $ 11.82 

Workforce Development Council of Seattle - King County Seattle, WA 462 $ 10.93 

Total 32,775 $ 11.89 

Note: Italicized entries are programs within grantees. 

“Projected N” is a rough estimate of the number of people who will be randomized to treatment. Projection is 
computed as the program’s goal for trainees, less a projected number who will bypass randomization (members of 
groups exempted from randomization include continuing HPOG 1.0 participants). 

“Average Wage of Target Occupations” is computed as the weighted average of U.S. Bureau of Labor Statistics 
Occupational Employment Statistics Program starting wages (accessed at 
https://www.bls.gov/oes/current/oes_stru.htm) for each occupation offered by the local HPOG program for all 
individuals randomized from February 10, 2016, through March 3, 2017. The weights are based on the distribution of 
declared first occupational training programs for this grantee for early HPOG participants entered as of Spring 2017. 

Findings from the HPOG 1.0 evaluation (Peck, et al., 2018) and available evidence from HPOG 

2.0 suggest that for the most part, local programs do not use HPOG funds to establish new 

training programs. Rather, most programs refer HPOG participants to existing training courses, 

often at local community colleges, with HPOG funds used to provide financial assistance and a 

wide range of support services. The financial assistance includes help with tuition and other 

expenses for those training courses and help with child care and transportation. Counseling is 

given one-on-one or in groups. Counselling typically first helps participants decide what training 

to undertake, then provides support during the training, and finally assists with job search after 

the training. 

HPOG’s authorizing legislation specified that HPOG grantees should implement programs that 

serve TANF recipients and other low-income individuals.9 Grantees have some discretion in 

defining “low-income” and setting financial, academic, and behavioral eligibility standards. To 

participate in HPOG 2.0, individuals must apply and meet a number of eligibility criteria, 

including being low-income (as defined by each grantee); testing for basic academic skills and 

being willing to engage in skill development classes when needed to meet standards required 

by training courses; screening for criminal backgrounds, which may exclude participation 

altogether or limit individuals to training for occupations that hire those with a criminal record; 

prior and current drug use; and motivation and suitability for a career in healthcare. 

Grantees’ eligibility requirements are related to their decisions about which training courses to 

provide and in what quantities, industry requirements for basic academic skills and/or 

certifications (such as high school diplomas or the GED), and other academic and personal 

supports to provide to participants. Most grantees assess and screen for basic academic skills 

at application and require potential participants to demonstrate that they meet additional 

HPOG was authorized by the Affordable Care Act (ACA), Public Law 111-148, 124 Stat. 119, March 23, 2010, sect. 

5507(a), “Demonstration Projects to Provide Low-Income Individuals with Opportunities for Education, Training, and 

Career Advancement to Address Health Professions Workforce Needs,” adding sect. 2008(a) to the Social Security Act, 

42 U.S.C. 1397g(a), and extended by the Bipartisan Budget Act of 2018, Pub. L. 115-123, through fiscal year 2019. 

Abt Associates 1 Overview of HPOG 2.0 and the Evaluation ▌pg. 5 

9 

https://www.bls.gov/oes/current/oes_stru.htm


 

    

       

           

          

         

            

           

   

         

            

        

            

       

         

      

     

  
 

 

  

    

    

    

   

    

   

   

   

     

 

   

   

 

   

   

      

  

                                                      
       

       

          

         

“suitability” criteria, including possessing the motivation, interest, and personal and social skills 

believed necessary to succeed in the program and in subsequent employment in healthcare. 

Exhibit 1-2, Exhibit 1-3, and Exhibit 1-4 characterize applicants randomly assigned to the 

treatment group in approximately the first two and a half years of randomization.10 Similar 

tabulations—for all HPOG participants, not merely for those randomized—can be found in the 

HPOG 2.0: Year Two Annual Report (2016-2017) (Loprest, 2018) and subsequent annual 

reports.

Exhibit 1-2 reports education and credentials at the time of application. Applicants have a wide 

range of education at entry. About a fifth are not high school graduates, split approximately 

evenly between those with and without a GED. About a quarter are high school graduates with 

no further education. About two-fifths attended some college, but did not earn a degree. The 

balance, slightly less than a sixth, have a college degree. Nearly one-quarter of participants 

were already enrolled in school when they applied to HPOG; approximately two-thirds of that 

group were already enrolled in healthcare occupational training. 

Exhibit 1-2: Education and Credentials of Eligible HPOG 2.0 Applicants (N=32,745) 

Characteristic Number 
Percentage of Eligible 

Applicants 

Highest educational attainment 

Less than 12th grade 3,316 10% 

High school equivalency or GED 2,855 9% 

High school graduate 9,231 28% 

Some college, but less than one year 6,173 19% 

One or more years of college credit, but no degree 6,063 19% 

Associate’s degree 2,703 8% 

Bachelor’s degree 1,824 6% 

Graduate degree 322 1% 

Missing 258 NA 

In school or training 

In school or training 7,015 21% 

Missing 377 NA 

In healthcare training 

In healthcare occupational training 4,636 66% 

Missing 59 NA 

Note: Special tabulations from PAGES on eligible applicants who were subject to random assignment, through 

December 13, 2018. 

10 These tabulations only consider those randomized. As such, the tabulations exclude (i) those served by tribal grantees; 

(ii) those who were randomized—to treatment or control—under HPOG 1.0 and therefore bypass randomization for 

HPOG 2.0; and (iii) those who were exempted from randomization according to pre-established criteria and those for 

whom the site used a “wild card.” For more on those not randomized, see Loprest (2018). 
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Exhibit 1-3 reports demographic characteristics for eligible applicants over the first two years. 

Applicants are overwhelmingly female and single (more than half are never married and not 

living with a partner). Over 60 percent have at least one dependent child. More half the 

applicants are African American; approximately a fifth identify as Hispanic or Latino.11 A quarter 

are under age 25, but many are in their later 20s, and notable shares are in their 30s and 40s. 

Exhibit 1-3: Demographic Characteristics of Eligible HPOG Applicants (N=32,745) 

Characteristic Number Percentage of Eligible Applicants 

Gender 

Female 29,758 91% 

Male 2,842 9% 

Missing 145 NA 

Marital status 

Married 4,904 15% 

Living with an unmarried partner 1,566 5% 

Separated or divorced 5,929 19% 

Widowed 378 1% 

Never married 19,199 60% 

Missing 769 NA 

Number of dependent children 

None 12,338 38% 

One 8,136 25% 

Two or more 11,680 36% 

Missing 591 NA 

Race and ethnicitya 

White or Caucasian 11,346 37% 

Black or African-American 16,348 53% 

Asian 799 3% 

Native Hawaiian or Pacific Islander 533 2% 

American Indian or Alaska Native 487 2% 

Two or more races 1,079 4% 

Hispanic or Latino of any race 7,264 22% 

Missing 2,153 NA 

Age 

Below 18 213 1% 

18 to 24 8,543 26% 

25 to 29 6,894 21% 

30 to 34 5,252 16% 

35 to 39 3,953 12% 

40 to 44 2,579 8% 

45 to 49 2,001 6% 

50 to 54 1,459 4% 

55 to 59 1,031 3% 

60+ 628 2% 

Missing 192 NA 

Note: Special tabulations from PAGES on eligible applicants who were subject to random assignment, through 

December 13, 2018. 
a 

The categories shown for race and ethnicity are not mutually exclusive. 

11 These race ethnicity categories may not be the ones used in analysis. The questions in PAGES are in a “mark-all-that-

apply” format, so we have flexibility in defining categories. We will decide on the final racial groupings for subgroup 

analysis in the Analysis Plan. 
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Exhibit 1-4 reports receipt of public benefits at enrollment. About a fifth of eligible applicants 

participate in TANF, and about two-thirds participate in the Supplemental Nutrition Assistance 

Program (SNAP) and Medicaid. About a fifth receive housing assistance. 

Exhibit 1-4: Receipt of Public Benefits by Eligible HPOG Applicant Households (N=32,745) 

Program Number Percentage of Eligible Applicants 

Temporary Assistance for Needy Families (TANF) 

Yes 6,805 21% 

No 25,525 79% 

Missing 415 NA 

Supplemental Nutrition Assistance Program (SNAP) 

Yes 19,523 60% 

No 12,901 40% 

Missing 321 NA 

Medicaid 

Yes 22,087 68% 

No 10,262 32% 

Missing 396 NA 

Special Supplemental Nutrition Program for Women, Infants, and Children (WIC) 

Yes 6,987 22% 

No 25,231 78% 

Missing 527 NA 

Free and reduced-price school lunch 

Yes 13,091 41% 

No 19,093 59% 

Missing 561 NA 

Section 8 or public housing 

Yes 6,142 19% 

No 26,191 81% 

Missing 412 NA 

Note: Special tabulations from PAGES on eligible applicants who were subject to random assignment, through 
December 13, 2018. 
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Exhibit 1-5 characterizes the training started by early trainees.12 A large number of target 

occupations are represented, but the top six include more than half of all trainees. The two most 

common occupations (nursing assistant and home health aide, highlighted in pink), with one-

third of all enrollees, have entry-level wages below $10 per hour according to U.S. Bureau of 

Labor Statistics (BLS) data. Several other common occupations have entry wages between $10 

and $12 per hour: medical assistant, phlebotomist, and pharmacy technician (highlighted in 

grey). Finally, the third and fourth most common occupations (highlighted in yellow) have entry 

wages above $14 per hour (licensed practical and vocational nurse at $15.63 per hour, and 

registered nurse at $22.65).This range is consistent with career pathways principles, including 

training individuals with a range of basic skills and previous training. 

Exhibit 1-5: Most Common HPOG 2.0 Occupational Trainings among Early HPOG Trainees 
(N=5,623) 

Occupation Enrollment 
Percentage of 
Participants 

Entry-Level 
Hourly 
Wage 

Median 
Hourly 
Wage 

High 
Hourly 
Wage 

Nursing assistant 1,872 22% $9.64 $12.78 $18.22 

Home health aide 847 10% $8.65 $10.87 $14.72 

Licensed practical and vocational nurse 560 7% $15.63 $21.20 $29.05 

Registered nurse 403 5% $22.65 $32.91 $49.52 

Medical assistant 294 4% $10.99 $15.17 $21.78 

Phlebotomist 260 3% $11.22 $15.72 $22.52 

Pharmacy technician 163 2% $10.27 $14.86 $21.98 

Patient care technician 134 2% $9.42 $12.83 $19.32 

Medical office clerk/secretary/specialist 132 2% $11.16 $16.22 $23.91 

Medication technician/aide 112 1% $9.64 $12.78 $18.22 

Personal care aide 108 1% $8.32 $10.54 $14.31 

Medical records and health information 
technician 

105 1% $12.05 $18.29 $30.21 

Medical insurance coder 80 1% $12.05 $18.29 $30.21 

EKG technician 74 1% $13.77 $26.71 $43.00 

Dental assistants 55 1% $12.24 $17.76 $25.00 

Emergency medical technician 49 1% $10.21 $15.71 $27.07 

Substance abuse and behavioral disorder 
counselor 

43 1% $12.60 $19.75 $31.29 

Community health worker 36 <1% $11.36 $17.95 $30.71 

Community health service 
worker/liaison/counselor 

33 <1% $12.09 $20.73 $34.16 

Social and human service assistant 32 <1% $10.00 $15.29 $24.35 

Medical equipment repairers 24 <1% $11.35 $16.54 $24.34 

Psychiatric aide 22 <1% $9.10 $12.85 $20.30 

Radiologic technologists 21 <1% $18.59 $27.62 $39.71 

Surgical technologists 20 <1% $15.25 $21.71 $31.16 

Medical receptionists and information 
clerks 

17 <1% $9.39 $13.42 $19.41 

Radiologic technicians 15 <1% $12.98 $19.75 $34.27 

Medical and clinical laboratory technicians, 
other 

14 <1% $12.50 $18.73 $29.67 

Respiratory therapist 12 <1% $20.43 $28.21 $39.21 

Medical insurance biller 12 <1% $12.05 $18.29 $30.21 

Sterile processing technology/technician 11 <1% $11.35 $16.54 $24.34 

12 Among early enrollees, 13 percent had not enrolled in any training course through HPOG as of May 8, 2017, and are 

excluded from Exhibit 1-5. 
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Occupation Enrollment 
Percentage of 
Participants 

Entry-Level 
Hourly 
Wage 

Median 
Hourly 
Wage 

High 
Hourly 
Wage 

Dental hygienists 8 <1% $24.46 $35.05 $48.16 

Nurse practitioner 6 <1% $34.82 $48.52 $67.76 

Cardiovascular technologists 6 <1% $13.77 $26.71 $43.00 

Occupational therapy assistants 6 <1% $18.83 $28.37 $38.50 

Physical therapist assistants 6 <1% $16.65 $27.21 $38.00 

Medical and clinical laboratory 
technologists, other 

5 <1% $19.97 $29.36 $40.94 

Massage therapists 5 <1% $9.48 $19.17 $35.99 

Medical and health services managers 3 <1% $27.39 $46.41 $82.81 

Pharmacist 3 <1% $41.88 $58.77 $75.94 

Occupational therapist 3 <1% $26.06 $39.38 $57.56 

Kinesiotherapy/kinesiotherapist (29-1129) 3 <1% $16.30 $27.26 $45.93 

Paramedics 3 <1% $10.21 $15.71 $27.07 

Health/medical claims examiner (13-1031) 3 <1% $18.05 $30.62 $46.04 

Respiratory therapy technicians 1 <1% $20.43 $28.21 $39.21 

Direct support/service professional (31-
1015) 

1 <1% $9.42 $12.83 $19.32 

First-line supervisors of office and 
administrative support workers 

1 <1% $15.84 $26.12 $42.16 

Total Enrolled in Training 5,623 

Note: Special tabulations from available PAGES data on all individuals randomized through May 3, 2017; and U.S. 

Bureau of Labor Statistics, Occupational Employment Statistics Program current data from May 2016 

(https://www.bls.gov/oes/tables.htm). 

The “Total Enrolled in Training” to date (5,623) does not equal the total participants randomly assigned to the 
treatment group (8,393) as of May 3, 2017, because not all treatment group participants are enrolled in training. 

1.2 THE HPOG 2.0 EVALUATION 

Launched in 2015, the HPOG 2.0 evaluation is part of a diverse research portfolio that OPRE 

supports to assess the success of career pathways programs on participant educational 

attainment, employment, and earnings, especially for low-income individuals (Exhibit 1-6).13 

13 For additional information about the portfolio, see: http://www.career-pathways.org/acf-sponsored-studies/hpog/ and 

https://www.acf.hhs.gov/opre/research/project/career-pathways-research-portfolio. 
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Exhibit 1-6: OPRE’s HPOG Research and Evaluation Portfolio 

The HPOG Research and Evaluation Portfolio 

ACF’s Office of Planning, Research, and Evaluation (OPRE) is using a multipronged research and evaluation 
strategy to assess the implementation, outcomes, and impacts of two rounds of HPOG grants. 

HPOG First Round (HPOG 1.0) 

HPOG Implementation and Outcomes Research. For the first round of HPOG funding, awarded in 2010, a 
research team conducted implementation and outcomes research for the 27 non-tribal grants to explore how the 
programs were being implemented across grantees, what individual-level outcomes and outputs occurred, and 
how HPOG influenced service delivery systems. Data sources included surveys of grant directors and staff and 
administrative data on participant characteristics and training and service participation. The results of the research 
are summarized in: 

 A descriptive implementation and outcomes report available here: 
https://www.acf.hhs.gov/sites/default/files/opre/final_nie_di_and_outcome_study_report_clean_b508.pdf 

 A systems change analysis available here: https://www.acf.hhs.gov/opre/resource/systems-change-under-the-
health-profession-opportunity-grants-program 

 A final report on the implementation research here: https://www.acf.hhs.gov/opre/resource/final-report-
national-implementation-evaluation-of-the-first-round-health-profession-opportunity-grants-hpog-10 

HPOG 1.0 Impact Study. For 23 of the 27 first-round grants, the research team conducted an experimental 
study—the HPOG 1.0 Impact Study—to assess the impacts of the HPOG intervention. For the HPOG 1.0 Impact 
Study, beginning about 2½ years after the grants were awarded, applicants to these programs were assigned at 
random to a “treatment” group that could access the program or a “control” group that could not. 

 This HPOG 1.0 Impact Study Interim Report assesses short-term outcomes for the treatment and control 
groups based on surveys initiated about 15 months after random assignment and on administrative data on 
employment and earnings. It also draws on the implementation research results for the 23 grantees and site 
visits conducted specifically for the Impact Study. The report is available here: 
https://www.acf.hhs.gov/opre/resource/health-profession-opportunity-grants-hpog-10-impact-study-interim-
report-implementation-short-term-impacts 

PACE Evaluation. Three of the 23 HPOG grantees are also participating in another OPRE-sponsored evaluation 
of career pathways programs begun in 2007 called Pathways for Advancing Careers and Education (PACE). 

 Program-level reports on the implementation and early impacts of each of the nine PACE programs are 
available here: https://www.acf.hhs.gov/opre/research/project/pathways-for-advancing-careers-and-education 

Longer-Term Follow-Up Studies. OPRE is also funding the research team to conduct longer-term follow-up (at 
approximately three and six years after random assignment) to continue tracking outcomes for both HPOG 1.0 and 
PACE program participants under the Career Pathways Intermediate Outcomes Study and the Career Pathways 
Long-term Outcomes Study. 
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HPOG Second Round (HPOG 2.0) 

In addition to the impact evaluation described in this document, OPRE is sponsoring descriptive and cost-benefit 
evaluations of the second round of non-tribal HPOG programs, awarded in 2015. The second-round evaluation 
will also use survey and administrative data to assess short-, intermediate-, and longer-term outcomes for new 
applicants to the second-round programs. OPRE is also sponsoring implementation and outcomes studies of the 
second round of tribal HPOG programs. 

For More Information on All of These Research Activities 

https://www.acf.hhs.gov/opre/research/project/evaluation-portfolio-for-the-health-profession-opportunity-grants-
hpog 
http://www.career-pathways.org/acf-sponsored-studies/hpog/ 

Although part of the same contract (with Abt Associates), the HPOG 2.0 tribal and non-tribal 

evaluations will be largely separate but coordinated, with some overlapping research questions 

and data sources. The National Evaluation consists of a Descriptive Evaluation (comprising 

studies of program implementation and outcomes, and the systems within which HPOG 

programs operate), an Impact Evaluation (which is the subject of this document), and a Cost-

Benefit Study. Exhibit 1-7 depicts visually the major components and sub-components of the 

HPOG 2.0 National Evaluation. 

Exhibit 1-7: Components of the HPOG 2.0 National Evaluation 

Focusing on the Impact Evaluation specifically, among the characteristics that make it distinctive 

is that—like the HPOG 1.0 Impact Study and DOL’s Workforce Investment Act (WIA) Gold 

Standard Evaluation (McConnell et al., 2016), but unlike other recent research that singles out 

“promising” program models—the HPOG 2.0 Impact Evaluation examines the impact of the 

HPOG funding stream as a whole: HPOG funded a diverse group of programs, each 

implementing its own version of a sectoral and career pathways–based training. The Impact 

Evaluation will pool across 27 grantees and consider the 38 distinct local programs that they 

operate. The impact evaluation team will estimate an average impact across all of these diverse 

programs. A benefit of this blended evaluation approach is that it assesses whether the general 

HPOG model—across its many implementations—is effective in achieving its goals. This is the 
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right research question if the corresponding policy question is whether to continue to fund 

HPOG. 

In addition to reporting on this cross-site, aggregate effect of funding HPOG, the Impact 

Evaluation will estimate impacts for various subgroups (defined by characteristics at baseline) 

and for each specific program. 

1.3 RESEARCH QUESTIONS 

Exhibit 1-8 depicts a theory of action for the Impact Evaluation.14 The top row of Exhibit 1-8 

represents the experiences of those participants in the program group—that is, those offered a 

slot in HPOG 2.0, where “slot” means the package of training and support services arranged by 

the program. Conversely, the bottom row represents the experiences of those in the control 

group, who are not offered an HPOG 2.0 slot. 

Exhibit 1-8: HPOG 2.0 Impact Evaluation Theory of Action, by Research Question (RQ) Type 

From left to right in the exhibit, if an applicant is offered an HPOG 2.0 slot, she gets access to 

the training and associated support services from the HPOG 2.0 program, and potentially, from 

other sources available in the community. (Nevertheless, and not noted explicitly on the exhibit, 

not everyone offered access to HPOG will use all—or even any—of the components offered.) 

This theory of action assumes that job training and associated support services lead to 

education and occupational credentials and employment with certain working conditions (hours, 

hourly wage, shift work, benefits) and to earnings. Outcomes pertaining to public assistance 

receipt (TANF, SNAP, Medicaid, Unemployment Insurance) and broader aspects of well-being 

(food security, housing stability, marital status) also emerge. 

In contrast, the control group is denied access to the HPOG 2.0 program, but many will obtain 

training and support services from other sources in the community.15 The evaluation will 

measure for the control group the same set of outcomes that it will measure for the treatment 

14 See Weiss, Bloom, & Brock (2014) for a similar specification. See the Descriptive Evaluation Design Report (Werner et 

al., in press) for a more complete logic model for HPOG 2.0. That model more explicitly reflects HPOG 2.0’s reliance on 

career pathways concepts. 

15 As of the HPOG 1.0 15-month survey, 62 percent of the control group had enrolled in any training—only 9 percentage 

points lower than the rate in the treatment group (Peck et al., 2018). 
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group: education and occupational credentials, employment and earnings, public assistance 

receipt, and overall well-being. 

Though not everyone in the treatment group gets training and many in the control group do get 

training, the two contrasting flows in Exhibit 1-8 represent the contrast relevant to future policy 

decisions on funding HPOG-like services. Random assignment creates a treatment group and a 

control group that differ only by the offer of HPOG 2.0 and chance. Because the two groups are 

otherwise statistically equivalent, comparisons of outcomes between them provides an 

unambiguous estimate of the impact of HPOG 2.0, where by “impact” we mean outcomes for 

those offered HPOG relative to what outcomes for those same individuals would have been had 

HPOG not existed. 

The HPOG 2.0 National Evaluation considers all aspects of Exhibit 1-8: 

 Addressing implementation research questions, the implementation study in the 

Descriptive Evaluation describes the HPOG 2.0 Program as implemented. 

 Addressing service contrast research questions, the service contrast analysis in the 

Impact Evaluation estimates the impact of the offer of HPOG 2.0 on services received— 
including training and support services. 

 Addressing impact research questions, the impact analysis in the Impact Evaluation 

estimates the impact of the offer of HPOG 2.0 on outcomes of interest—including 

credentials earned, employment, earnings, and participation in public assistance programs. 

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

 What is the impact of an offer of an HPOG 2.0 slot on participants’ receipt of training and 

support services, earnings, and broader measures of well-being? 

 How does the impact of an offer of an HPOG 2.0 slot on participants vary with baseline 

characteristics or HPOG 2.0 local-program characteristics? 

Exhibit 1-9 presents the full set of RQs. 

Exhibit 1-9: Research Questions to Be Considered by the Impact Evaluation 

RQ1: Confirmatory for the study as a whole:16 What is the impact of an offer of an HPOG 2.0 slot on participant earnings? 

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

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

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

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

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

16 The concept of “confirmatory outcomes” is discussed in detail in Section 3.1.5. In brief, the study considers the 

confirmatory outcome to be the main outcome, confirming that the intervention is on the right track toward expected 

outcomes later. Analyses of the confirmatory outcome get more resources (more sensitivity analyses, more 

consideration of differential impacts by subgroup) and longer discussions in the text. 
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RQ6: What is the impact of an offer of an HPOG 2.0 slot on productive activity; that is, full-time combinations of education, 
training, and employment? 

RQ7: How does the impact of an offer of an HPOG 2.0 slot on key outcomes—educational progress, productive activity, 
and earnings—vary with baseline (i.e., pre-randomization) characteristics of individuals, including gender, education, 
race/ethnicity, age, and receipt of public assistance? 

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

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

These research questions are framed as the impact of being offered a slot. This is both because 

the offer of a slot is what the program can control and because the impact of the offer of a slot is 

what is naturally estimated from a random assignment design. 

If sufficient resources are available, we may address an additional research question: 

RQ10: What is the impact of receipt of HPOG 2.0 (the combination of training and support services)—not merely the offer of 
an HPOG 2.0 slot—on earnings? How does that impact compare with the impact of receipt of non-HPOG 2.0 training 
and support services on earnings? 

RQ1 and RQ1A are motivated by a desire for a single confirmatory outcome (see the discussion 

of multiple comparisons in Section 3.1.5). Job training programs are intended to increase 

earnings and thereby to improve family well-being. Thus, the primary research question for a job 

training program concerns earnings. Ideally, we would estimate the impact on lifetime earnings. 

Because the evaluation’s follow-up period is limited, in practice we will only be able to estimate 

the impact on earnings through the end of the follow-up period. We return to these timing issues 

in Chapter 4. 

In the short term, earnings are a poor outcome by which to judge a job training program. Time in 

training is time not working. Thus, a job training program that succeeds in enrolling more of 

those offered a slot in HPOG 2.0 for longer will have lower earnings while students are in 

training. In addition, labor market reentry after job training is often turbulent, with periods of 

unemployment and changes in employer (Klerman & Karoly, 1994). Furthermore, as 

emphasized in OFA’s FOA for HPOG 2.0, in career pathways programs such as HPOG 2.0, it is 

a goal that—perhaps after some intervening period of work—early training should be followed 

by additional training. Such additional training also implies that in a successful HPOG 2.0 

program, short-term earnings might be lower for those offered a slot than for those not offered a 

slot. 

Together these considerations suggest that for the Short-Term Impact Report (for HPOG 2.0, 

that is 15 months post-randomization), some other focal outcome is needed. RQ1A 

(“educational progress”) focuses on an outcome for which increases are expected in the short 

term if HPOG 2.0 programs are succeeding at the outset. We will also explore this outcome in 

later reports; we will not, however, consider it confirmatory. 

RQ2 considers the impact of being offered an HPOG 2.0 slot on receipt of training, in-kind 

assistance, and supportive services. RQ3 explores the impact on internal and external (to 

HPOG 2.0) educational credentials and certification. RQ4 examines the impact on broader (i.e., 

beyond earnings) employment outcomes (employment and hours, at all and in a healthcare 

occupation, as well as employee benefits and working conditions). RQ5 considers the impact on 

measures of well-being beyond earnings (e.g., household income, family structure, financial 
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security, child outcomes). If the HPOG 2.0 Program is successful, we would expect to see 

impacts at each point of this theory of action. Finding impacts up to a given point (e.g., more 

training received and more credentials earned), but not thereafter (e.g., earnings) suggests 

where the program model might benefit from additional refinement (see Epstein & Klerman, 

2012). RQ6 investigates the impact on any productive activity—school or work. This would be 

an appropriate outcome if, consistent with the career pathways framework, many HPOG 2.0 

treatment group members returned to school for more training. 

While RQs 1 through 6 consider the average impact of the offer of an HPOG 2.0 slot, RQ7 

explores how impact varies with individual participant characteristics. Finally, RQ8 examines 

impacts for individual programs. 

RQs 1 through 7 are the standard research questions for a single-site job training program. 

HPOG 2.0’s multi-site structure would potentially support consideration of two additional RQs. 

As we discuss in Chapter 3, addressing these two research questions requires stronger 

assumptions than for the standard random assignment analysis that will be used to address 

RQs 1 through 8. RQ9 considers how impacts vary with the characteristics of local HPOG 2.0 

programs. Such estimates would be of interest to those designing programs or selecting which 

programs to fund. 

RQs 1 through 9 will be considered with existing funding. If additional funding is available, the 

evaluation will consider an additional research question. RQs 1 through 9 consider the impact of 

the offer of an HPOG 2.0 slot relative to not being offered an HPOG 2.0 slot. In contrast, RQ10 

would examine the impact of receiving HPOG 2.0 on earnings—the intermediate-term 

confirmatory outcome—relative to non-HPOG 2.0 training and relative to no training. The FOA 

envisioned that HPOG 2.0 programs would be more than simply job training programs. Instead, 

grantees were to provide a broad range of supports according to career pathways principles. 

RQ 10 would consider whether, relative to non-HPOG 2.0 programs, this approach has larger 

impacts on earnings. 

1.4 OVERVIEW OF METHODS, DATA, AND REPORTING 

The Impact Evaluation will build on random assignment already being conducted by all 27 non-

tribal grantees. Nearly all grantees started random assignment between February and May 

2016; all had started by September 2016. As required by the terms of their grants, all non-tribal 

HPOG 2.0 grantees are implementing random assignment. Pursuant to that random 

assignment, with limited exceptions,17 applicants are assigned by a lottery-like process, through 

which they either receive an offer of HPOG 2.0 services (treatment group) or do not receive an 

offer of HPOG 2.0–funded training and services (control group). Furthermore, the control group 

is denied access to HPOG 2.0 services until the end of ACF’s research on HPOG grants. The 

randomization ratio is 2-to-1, meaning that of every three randomized applicants, two are 

offered a slot in HPOG 2.0 and one cannot access HPOG 2.0-funded training and services. 

17 Not all applicants for HPOG 2.0 are randomized. First, each program is allocated a small, fixed number of “wild cards” 

that allow it to specify that certain applicants bypass randomization and automatically receive the offer of an HPOG 

slot. Second, some applicants are exempted from randomization and automatically offered an HPOG slot (and are not 

counted against a program’s wild cards). The most common category of exemptions is applicants previously offered 

training under HPOG 1.0 (both treatment group members and control group members after the embargo expired in 

December 2017). Grantees are also able to request that select groups of applicants are exempted based on other 

criteria (e.g., cohorts who are part of an incumbent worker program where random assignment would be difficult to 

implement, or members of a particular population the program wishes to serve, such as individuals in a substance use 

treatment or domestic violence program). For the purposes of the impact analysis, wild cards and exemptions are 

considered outside the population of interest, but will be included in the Descriptive Evaluation. 
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Given random assignment, impact can be estimated by simple comparisons of mean outcomes 

for the treatment group versus mean outcomes for the control group. In practice, we will use 

regression methods, which almost always yield more statistically precise estimates than do 

simple comparisons of means. This additional precision increases our ability to detect non-zero 

impacts when they occur. As we discuss in more detail in the next section, the Impact 

Evaluation will also explore how these impacts vary with participant and local-program 

characteristics. Finally, though most estimates will be pooled across all non-tribal programs, we 

will provide—but not provide detailed discussion of—program-specific estimates of impact in 

appendices (see Section 3.2). 

In estimating impacts, the evaluation will draw on several data sources. The evaluation’s 

management information system (PAGES) conducts the randomization and retains information 

on randomization status and pre-randomization information on all applicants. Short-term and 

intermediate-term follow-up surveys conducted at 15 months and 36 months post-randomization 

and administrative data on education and earnings will provide information on outcomes. 

Three documents will provide results of the analysis: 

 Short-Term Impact Report—to be publicly released in 2020, will include analyses of the 

Short-Term Survey data (15 months) and all administrative data available consistent with the 

earliest possible report on the Short-Term Survey results. 

 Intermediate-Term Impact Report—to be publicly released approximately in 2021, will 

include analyses of the Intermediate-Term Survey data (36 months) and all administrative 

data available consistent with the earliest possible report on the Intermediate-Term Survey 

results. 

 Longer-Term Impact Report—to be publicly released approximately in 2024, will include 

analysis only of administrative data, as there are currently no plans for another survey after 

the Intermediate-Term Survey. The report is timed for the longest possible follow-up 

consistent with the term of the contract’s impact analysis task, which must be completed by 

Fall 2024. 

All three documents will include program-specific estimates for local programs. 

1.5 DESIGN GUIDANCE FROM THE RESULTS OF EARLIER JOB TRAINING EVALUATIONS 

This section notes some observations from the existing literature that influence our design. The 

discussion is deliberately brief.18 

Overall, our design benefitted from a review of recent evaluations of job training programs, 

primarily random assignment studies, including early impact results from 

 several evaluations with a small number of sites, which exclusively reported site-specific 

results (without pooling), including the Sectoral Employment Impact Study (Maguire et al., 

2010); Green Jobs and Health Care Professions Evaluation (Martinson et al., 2016); 

WorkAdvance Demonstration (Hendra et al., 2016); and most recently, the program-specific 

PACE reports (see https://www.acf.hhs.gov/opre/research/project/pathways-for-advancing-

careers-and-education); and 

18 For two recent reviews, see Barnow & Smith (2016); McCall, Smith, & Wunsch (2016). 
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 several evaluations with a large number of sites that primarily reported pooled results, 

including the WIA Gold Standard Evaluation (McConnell et al., 2016) and HPOG 1.0 (Peck 

et al., 2018). 

With the exception of the WIA Gold Standard Evaluation, each of these evaluations 

implemented sectoral training programs that followed (at least some) career pathways 

principles. 

Mindful of the similarities and differences between the referenced evaluations and the HPOG 

2.0 Impact Evaluation, we draw six observations based on review of the recent literature.19 

1. Far from everyone in experimental treatment groups receives training from the studied 

intervention, or even at all. Even fewer complete that training. Many in the control group 

start and sometimes complete training from elsewhere in the community (but sometimes at 

the same training provider as HPOG 2.0 treatment group members). If everyone in the 

treatment group and no one in the control group got any training, the difference in exposure 

(the service contrast; see Exhibit 1-8) would be 100 percentage points; in recent studies that 

difference is often well below 30 percentage points. 

2. Moderate impacts on training receipt (e.g., 20 percentage points) appear to be the norm for 

employment assistance programs evaluated experimentally. Impacts of this size can be 

detected with very small samples of approximately 250 students, evenly divided between 

treatment and control. 

3. Many of the components of the career pathways approach would be expected to lead to 

longer training durations, perhaps by keeping students from dropping out or by getting them 

to enroll in follow-on training. However, conditional on any training, for both career pathways 

and non-career-pathways programs, training duration is often quite similar between the 

treatment and control groups.20 

4. Training durations (conditional on any training and including follow-on training) often appear 

quite limited, much shorter than a single college semester. To some extent this is due to 

students choosing short training courses; to some extent this is due to their not completing 

longer training courses. The non-experimental community college literature appears to show 

large returns to training of several semesters and minimal returns to training of a semester 

or less.21 

5. In terms of impacts on earnings, Barnow and Smith’s (2016) characterization is apt: “More 

broadly, the U.S. literature suggests that zero is sometimes, but not always, a good 

summary of the impact of training programs.” Some studies find large impacts on earnings, 
on the order of $500 per quarter. Impacts of that magnitude could be detected with a sample 

of around 250 students (treatment plus control). However, many studies—even with 

19 Some of these points also were noted by Heckman et al. (2000). 

20 This stylized fact needs to be interpreted with care. Comparisons of durations conditional on any training are not 

experimentally valid. For example, it is possible that those who would have gotten training get longer training, but 

others who would not have gotten any training are drawn into some—but much shorter—training. In net, the conditional 

duration could be unchanged or even shorter. 

21 Community college studies consistent with this stylized fact include Bahr et al. (2015; for Michigan); Dadgar & Trimble 

(2015; for Wisconsin); Jepsen, Troske, & Coomes (2014; for Kentucky); and Belfield, Liu, & Trimble (2014; for North 

Carolina). 
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samples much larger than that—find no statistically significant impacts on earnings, or 

significant impacts much smaller than $500 per quarter. 

6. As noted in the discussion of RQ1, there is reason to expect negative earnings effects 

during and immediately following training. Consistent with this conjecture, there is some 

evidence that impacts on earnings grow with time. 

These observations inform our design decisions and give us our current sense of likely impacts 

and required sample sizes for the Impact Evaluation. The HPOG 2.0 Analysis Plan 

corresponding to each of the Short-, Intermediate-, and Long-Term Impact Reports will update 

this discussion based on the HPOG 1.0 and PACE results. 

1.6 PLAN FOR THIS DOCUMENT 

This document focuses on the HPOG 2.0 Impact Evaluation for the National Evaluation. 

Similarly detailed plans for an accompanying implementation study are provided in the 

Descriptive Evaluation Design Report (Werner et al., 2018) and for the tribal study in the Health 

Profession Opportunity Grants (HPOG) 2.0 Tribal Evaluation: Evaluation Plan (Meit et al., 

2017). There is only minimal discussion of those plans in this document. 

Given this document’s focus on the Impact Evaluation, the remainder of this report proceeds as 

follows: 

 Chapter 2 provides a high-level description of the data sources and outcomes to be 

considered by the Impact Evaluation, and describes other uses for individual data items 

(e.g., as regression covariates, as moderators for subgroup analysis estimates). 

 Chapter 3, the core of the document, provides a detailed discussion of the analysis issues 

and methods for estimating impact. 

 Chapter 4 discusses the project timeline, including the timing of data collection and 

reporting. 

 An appendix provides additional technical detail. 

This document discusses major design issues and preliminary decisions about outcomes and 

methods. Final decisions on confirmatory outcomes and analysis methods will be provided in 

the Impact Evaluation Analysis Plans corresponding to each of the three reports—short-term, 

intermediate-term, and longer-term. OPRE expects to publicly release these Analysis Plans. 

Finally, the HPOG 2.0 effort will be publicly registered with the Open Science Framework and 

other appropriate registries.22 

This Impact Evaluation Design describes plans for the entire impact analysis. Some activities 

have been funded; others have not. If not all of the needed funding is received, some of the 

analysis described here will not be conducted. 

22 https://cos.io/our-products/open-science-framework/ 
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2.  DATA  SOURCES AND  DATA  USES  

The impact analysis will estimate the influence of 

HPOG 2.0 training and support services on 

applicant earnings and other outcomes 

delineated in the research questions in Chapter 

1. To do this, the evaluation will require 

information on outcomes, covariates, 

moderators, and mediators. The first section of 

this chapter describes the sources that will 

supply this information, as preparation for a 

discussion of impact analysis methods in 

Chapter 3. 

The second section of this chapter discusses 

the outcomes of interest and how they will be 

measured. The third section describes data that 

will be used for other purposes: covariates and 

moderators (i.e., subgroups, site descriptors) and mediators (program descriptors). 

Glossary of Variable Types 

 Outcome: a variable reflecting post-randomization 
experiences targeted for change by the intervention 

 Covariate: a variable reflecting pre-randomization 
skills, traits, and/or experiences 

 Moderator: a covariate such as gender or race that 
is suspected to “modify” intervention effects on 
outcomes 

 Mediator: an early outcome (such as class taking 
immediately after randomization) that is not of prime 
interest itself but that is suspected to transmit 
intervention effects on to most distal outcomes of 
greater program interest (such as earnings three 
years after randomization) 

2.1 IMPACT EVALUATION DATA SOURCES 

Information to be obtained for the Impact Evaluation is presented in Exhibit 2-1, which lists the 

data sources, the broad data items they include, and how they will be used in the evaluation. 

Data sources collected by the evaluation (“primary” sources) appear in the first panel, and data 

sources not collected by the evaluation (“secondary” sources) in the second panel. 

Exhibit 2-1: Summary of Data Sources for the HPOG 2.0 Impact Evaluation 

Data Source Data Items Use in Impact Evaluation 

Primary (Collected by the Evaluation) Data Sources 

Grantees’ Evaluation 
Design and 
Implementation Plans 
(EDIPs) 

 Program context 

 Target group and recruitment 

 Planned intervention 

 Expected enrollment levels 

 Control group conditions 

 Program-level moderators (for 
analysis of variation in impacts) 

Qualitative field work (e.g., 
telephone interviews with 
grantee/program staff and 
partners) 

 Program context 

 Target group and recruitment 

 Organizational structure and key partnerships 

 Nature and content of training and other services 
(and changes over time) 

 Sustainability plans 

 Program-level moderators (for 
analysis of variation in impacts) 
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Data Source Data Items Use in Impact Evaluation 

Participant  Demographic characteristics  Covariates (to profile the study 
Accomplishment and  Employment history population, to conduct baseline 
Grant Evaluation System 
(PAGES) data, including 

 Education history 
equivalence tests, to construct 
survey nonresponse weights, to 

data collected at intake,  Earnings and income at intake improve precision of impact 
randomization status, and  Public benefits receipt at intake estimates, and to define 
courses of study  Barriers to employment 

 Employment goals and expectations 

subgroups) 

Short- and Intermediate-  Training and employment history  Outcomes, personal-level 
Term Follow-up Surveys  Quantitative school progress 

 Academic support services 

 Social support services 

 Child care assistance 

 Transportation assistance 

 Satisfaction with classes and support services at first 
school attended after randomization 

 Job pay progression 

 Education and career goals 

 Conditions at current/last job 

 Household composition 

 Income and material well-being 

 Child outcomes 

 21st-century and cognitive skills 

mediators (for analysis of variation 
in downstream impacts) 

Secondary (External) Data Sources 

Published tabulations of 
population, economic, and 
labor market data  (e.g., 
American Community 
Survey, County Business 
Patterns)  

  Population characteristics in the targeted service 
area  

  Local area economic and employment conditions  

  Information on the industries relevant to grantees’ 
programs  

  Contextual moderators (for  
analysis of variation in impacts)  

National Directory of New 
Hires (NDNH)  

  Earnings (reported quarterly, observed from 7–8 
quarters before random assignment and varying 
numbers of quarters after random assignment—more 
for those randomized early, fewer for those  
randomized later)  

  Any employment (positive earnings within the 
quarter)   

  Time from random assignment to first employment  

  Job tenure  

  Outcomes  

  Covariates (to profile the  
population, to conduct baseline 
equivalence tests, to construct 
survey nonresponse weights, to  
improve precision of impact 
estimates, and to define  
subgroups)  

  Inputs to survey nonresponse 
weights  

National Student 
Clearinghouse (NSC) 

 Enrollment in and graduation from degree-granting 
institutions 

 Outcomes 

 Inputs to survey nonresponse 
weights 
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2.1.1 Primary Data Sources 

There will be four sources of primary data collected by and for the evaluation. 

Grantees’ Evaluation Design and Implementation Plans (EDIPs) 

The evaluation team, in collaboration with grantee staff, developed EDIPs for each non-tribal 

HPOG 2.0 program. The EDIPs have three major purposes: (1) to document the intervention 

and control conditions anticipated at the time random assignment begins, (2) to record changes 

in the training and services provided by the grantee and by other job training programs in the 

area (i.e., the counterfactual) over the grant period, and (3) to specify plans for implementing the 

experiment in the field (e.g., determining eligibility, collecting baseline information, administering 

informed consent, conducting random assignment, maintaining the integrity of the experimental 

design). 

These EDIPs are the primary source for program description. Program description provides 

moderators for the analysis of the impact of program components (i.e., RQ9.) 

Qualitative Field Work 

The Descriptive Evaluation will collect information on program operations. Werner et al. (2018) 

describe those efforts in detail. In brief, that study will conduct two rounds of structured 

telephone interviews with program staff and key partners for all grantees in Summer 2017 and 

Fall 2019, and one round of in-person site visits for a subset of grantees conducted in mid-2018. 

The primary purpose of these efforts is to support the Descriptive Evaluation’s Implementation 

Study. These efforts will also contribute selected program characteristics that could be used as 

moderators in the analysis of the impact of program components (Section 2.3.3). 

Given our protocols and field methods, we expect missing data to be minimal. For items to be 

used in the Impact Evaluation, we will re-contact grantees until any missing information is 

collected. 

Participant Accomplishment and Grant Evaluation System (PAGES) 

PAGES is the management information system used by all HPOG 2.0 grantees for grant 

management and the evaluation. It includes individual-level information collected at intake, 

randomization status, courses of study as part of the HPOG program, and services received. 

The baseline information and randomization status are available for every participant 

randomized. Post-randomization information is available only for those assigned to the 

treatment group, and then only for activities provided through HPOG 2.0 grants. Training and 

services received by members of the treatment group outside HPOG 2.0 are not recorded.23 

Given this limitation, this post-randomization data can be used to characterize local programs in 

the moderator analysis (i.e., RQ9), but not as outcomes for treatment/control comparisons. 

Specifically, at intake, PAGES collects detailed information on the applicant’s demographic and 
socioeconomic characteristics, including education and training background. It collects some 

information about each applicant’s employment history, current barriers to employment, and 

views about work. It also collects information on current (i.e., as of application) wages and 

earnings, public benefits receipt, total household income, educational aspirations, plans for 

23 Grantees have the option to record outside services to which they refer HPOG participants, but anecdotal information 

indicates that grantees have not used this option uniformly. 
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intensity of study if accepted into the HPOG program (full- or part-time), plans for future work 

while studying, and psycho-social skills. 

PAGES information provides pre-randomization characteristics that serve as covariates in the 

construction of survey nonresponse weights, as covariates in impact estimation, and as 

moderators for subgroup analyses. PAGES information will also be used to characterize the 

study population and to test for baseline equivalence. 

Short- and Intermediate-Term Follow-Up Participant Surveys 

The evaluation will mount a major phone and field operation to locate and survey a sample of 

those participants randomized to the treatment and control groups at 15 months after random 

assignment (Short-Term Survey) and 36 months after random assignment (Intermediate-Term 

Survey). Interviews in each survey is expected to last an average of 60 minutes. 

The surveys will collect information on post-random assignment events in many areas— 
particularly the receipt of training and related supports, and earning of credentials—with a 

heavier emphasis on the former at short-term follow-up than at intermediate-term follow-up. For 

participants randomly assigned to the treatment group, the Short-Term Survey will also collect 

opinions on the HPOG 2.0 services provided. Finally, the surveys will collect information on 

attitudes about work and self; current employment status and job characteristics (e.g., hours 

worked and job quality); current earnings; household composition; receipt of public benefits; 

household income; and economic hardship. At intermediate-term follow-up there will be more 

focus on finances and other aspects of well-being than at short-term follow-up, as well as a new 

section on parenting practices and an experimental direct assessment of basic literacy and 

numeracy skills.24 The planned focus on finances and well-being is motivated by the logic that 

by 36 months any short-term economic stresses as a result of forgoing employment in favor of 

training should have passed. This survey information will be used as outcomes for the impact 

analysis and to construct moderators. 

Exhibit 2-2 summarizes the two surveys. The evaluation will attempt to survey about 13,000 

people in the Short-Term Survey and 5,300 in the Intermediate-Term Survey. To lower data 

collection costs, rather than randomly sampling from everyone randomized, the surveys will 

sample only those randomized in a narrow time period. To ensure that local programs have 

gotten over initial implementation issues and that survey results are available as soon as 

possible, the Short-Term Survey will sample all of the projected 13,000 people randomized from 

March 2017 through March 2018 (i.e., 13 monthly cohorts at approximately 1,000 cases per 

month). The Intermediate-Term Survey will sample all of the projected 5,330 people randomized 

from September 2017 through early December 2017 (i.e., a subsample of those selected for the 

Short-Term Survey). 

We will use administrative data to explore whether impacts—for outcomes measured in the 

administrative data—vary across cohorts before, during, and after the survey cohorts. We defer 

more detailed specification of those analyses to the Analysis Plans. 

24 See Appendix B for plans regarding the direct assessment of basic skills. 
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Exhibit 2-2: Parameters of Participant Follow-Up Surveys 

Short-Term Survey Intermediate-Term Survey 

Intake cohorts March 2017 through March 2018 September 2017 through early December 
2017 

Number of months 13.0 5.33 

Fielded cases 13,000 5,330 

Completed cases 10,400 4,000 

Note: Assumes 1,000 people randomized per month and an 80 percent response rate for the Short-Term Survey and 

75 percent for the Intermediate-Term Survey. 

Both the HPOG 2.0 evaluation contract and OMB guidance specify an 80 percent response 

rate, and we are working toward that response rate. Nevertheless, recent experience suggests 

that response rate will be difficult to attain. The HPOG 1.0 15-month survey attained a 76 

percent response rate. The PACE 15-month survey achieved an average response rate of 77 

percent (ranging from 71 percent to 84 percent across the nine PACE sites). The HPOG 1.0 36-

month survey achieved a response rate of 73 percent. HPOG 2.0’s response rates relative to 

these rates are unclear because the survey methods are somewhat different. First, HPOG 2.0 

will be using local interviewers rather than interviewers based in a centralized call center.25 

Further, contact information for early enrollees in HPOG 2.0 is expected to be more complete 

than the early enrollees in the HPOG 1.0 study where there was a delay in requesting OMB 

approval to ask sample members to update their contact information during the first fifteen 

months following randomization. On the other hand, because of restrictions in the HPOG 

legislation about how HPOG funds may be used, the HPOG 2.0 survey effort will use electronic 

gift cards rather than cash incentives to motivate completion of follow-up interviews. The 

literature suggests that gift cards are less effective than cash,26 but HPOG legislation requires 

that strong measures be taken to prevent the spending of incentives on alcohol, tobacco, 

firearms, or entertainment.27 

We project an 80 percent response rate for the Short-Term Survey, so these 13,000 cases 

would yield approximately 10,400 completed interviews. We project a 75 percent response rate 

for the Intermediate-Term Survey, so 5,330 cases would yield 4,000 completed interviews. 

2.1.2 Secondary Data Sources 

The evaluation will also draw on three secondary data sources. 

Published Tabulations of Population, Economic, and Labor Market Data 

Cross-site analyses will explore whether impacts vary with the broader demographic, economic, 

and labor market characteristics of a program’s location. In particular, there is some evidence 
that training impacts vary with local economic conditions (Bloom, Hill, & Riccio, 2003; Card, 

Kluve, & Weber, 2010, 2015; Herbst, 2008). Local economic conditions are usually represented 

25 The 15-month follow-up survey used in the evaluation of HPOG 1.0 was administered with a staffing strategy that first 

had interviewers at centralized call centers attempt interviews, and only turned to local interviewers when the 

centralized interviewers thought they had worked the cases as hard as made sense to do. The interviewing process 

lasted for several years. Over the course of the period, it was decided that the local interviewers were more effective. It 

is easier for them to track sample cases with stale contact information. As a result, the staffing strategy for the 72-

month follow-up survey for the HPOG 1.0 evaluation involved only local interviewers. We are using this local-only 

strategy for both rounds of follow-up in the evaluation of HPOG 2.0. 

26 See Birnholz, et al. (2006) and Wilkinson, et al. (2015). 

27 See page 39, https://ami.grantsolutions.gov/files/HHS-2015-ACF-OFA-FX-0951_0.pdf 
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in models by the state-specific unemployment rate, either as of the date of randomization or in 

the period of outcome observation. Sub-state rates of employment or unemployment rates 

specific to demographic groups or occupations might be more appropriate and can be extracted 

from U.S. Bureau of Labor Statistics databases or computed from the American Community 

Survey. 

We will review the literature on the role of various, more specific proxies for the economy and 

develop a specification of such economic covariates in the various Analysis Plans. 

National Directory of New Hires (NDNH) 

One of the key sources of information for outcomes will be data from the National Directory of 

New Hires (NDNH), maintained by the federal Office of Child Support Enforcement (OCSE). 

The NDNH includes quarterly earnings data from state Unemployment Insurance (UI) records 

supplied by employers and earnings data on federal employees obtained directly from federal 

agencies. NDNH data will provide information on HPOG 2.0 participants’ employment and 
earnings. 

NDNH data without personal identifiers are available for research purposes for federal- and 

state-sponsored projects that are likely to contribute to achieving the purposes of the TANF 

and/or child support programs. Through an agreement between OCSE and OPRE, we have 

approval to use the data for the HPOG 2.0 National and Tribal Evaluations. 

Use of NDNH data is subject to strict access controls. What can be merged to NDNH data for 

analysis (the “passthrough file”) is controlled to prevent reverse identification of individuals in the 

sample covered by the data. Analysis can only occur at specified sites, on designated 

computers, by authorized evaluation staff. Results are subject to disclosure review before they 

can be included in reports. To protect confidentiality, OCSE will remove personal identifiers from 

both the wage file and participant characteristics file and will replace them with a non-

personally-identifiable key. 

The study team will use the key (i.e., a meaningless identifier common across files) created by 

OCSE to link the wage files with the passthrough file without using any identifiable information. 

The resulting dataset will be a series of quarterly measures for each study participant, including 

whether the participant was employed during the quarter, the number of employers in the 

quarter, and earnings from each employer in the quarter. This merging allows us both to better 

estimate the effects of the programs on earnings (because of richer baseline information) and to 

better estimate the effects of the programs on self-reported outcomes (because of the ability to 

use the earnings data to improve imputation of missing survey responses). 

Relative to relying on survey data, there are a number of advantages in using administrative 

databases such as the NDNH to estimate the impacts of labor market interventions on earnings 

(see Barnow and Greenberg, 2015). For evaluations, the advantages primarily involve more 

detail on changes in earnings over time than are feasible to collect in surveys. In addition, there 

is less concern about memory errors and nonresponse. 

On the other hand, some jobs are not subject to Unemployment Insurance taxes. Earnings from 

those jobs are therefore not included in the earnings measures based on UI taxes. Barnow and 

Greenberg mention that in addition to federal workers and the self-employed (including 

independent contractors), most workers at small farms, at railroads, at selected non-profit 

organizations (particularly churches), and in casual or irregular jobs are not covered in UI tax 
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databases. Hiding of tip income and of employment of household labor (such as child care 

workers and cleaning staff) are additional important sources of undercoverage. In some states, 

independent contractors are not included. Finally, state UI data omit out-of-state earnings. 

NDNH fixes the coverage gap in state UI systems that is due to federal employment and that 

due to out of state earnings, but does not eliminate the other gaps. According to BLS, about 10 

percent of workers are self-employed.28 

The other coverage losses are harder to assess, but add perhaps another percentage point or 

two. To a great extent—but not completely—we expect omissions to occur at about the same 

rate in the evaluation’s treatment and control groups, approximately canceling out in NDNH-

based relative impact estimates.29 One case that would not cancel out is HPOG 2.0 training 

leading more individuals holding formal jobs in the treatment group than in the control group. If 

true, this would lead to an upward bias in impact estimates since earnings from self-employment 

and informal jobs are not included in the NDNH earnings measure while earnings from formal 

jobs are included. 

NDNH data are available with a lag of about six months. We discuss implications for timing in 

Chapter 4. 

Finally, we will explore estimating true changes—across quarters, half-years, and years—using 

the individual-level data for everyone observed in both periods. We defer until the corresponding 

Analysis Plan details of implementing this idea. 

National Student Clearinghouse (NSC) 

The National Student Clearinghouse (NSC) is a national database of enrollment records at U.S. 

institutions of higher education, including colleges and other postsecondary schools, designed 

to aid the administration of student loan programs. Researchers are making increasing use of 

these data to study college access and persistence at Title IV schools,30 particularly those that 

grant degrees. 

As in most administrative data systems, NSC data are subject to various coverage and content 

limitations. It seems unlikely to us that the NSC data contain much information about student 

experiences at non-Title IV schools.31 There are no national estimates of the number of non-

Title IV schools or the numbers of students enrolled at them. However, Cellini and Goldin 

(2012)—in a five-state study—found that students in non-Title IV schools comprise about one-

28 https://www.bls.gov/spotlight/2016/self-employment-in-the-united-states/home.htm. 

29 If there is equal missingness is the treatment and control groups and treatment does not change the mix of covered 

versus uncovered earnings, then the size of measured absolute impacts from NDNH data will be too small. For 

example, if 10 percent of earnings in both groups are omitted from the outcome measure due to self-employment, the 

estimated magnitude of impact on earnings will be too small by 10 percent. Impact as a percent of the control group 

mean will not be skewed in this instance (since the control group mean will also be 10 percent too low). 

30 Title IV schools are those at which students are allowed by the U.S. Department of Education to spend Pell grants and 

federal student loans. Students are allowed to defer repayment of federal student loans as long as they continue 

enrollment at Title IV schools. The NSC was created to help lenders decide when to demand start of loan repayments. 

Virtually all public institutions of higher education are Title IV. Possible exceptions include the service academies, at 

which there are no expenses that students are required to fund. Examples of postsecondary schools that are not Title 

IV include barber schools, beautician schools, and police academies. 

31 Dundar and Shapiro (2016) indicate that 84 percent of Title IV schools participate in the NSC and that those schools 

cumulatively cover 97 percent of students attending Title IV schools. The authors make no claims about coverage of 

non–Title IV schools or their students, but given that the primary purpose of NSC data is to verify enrollment for 

students with federal-guaranteed loans, it is unlikely any non-Title IV schools report data to the NSC. 
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quarter of students at private, for-profit schools. These schools might be disproportionately 

attended by members of the control groups, as they were not selected for HPOG 2.0. Although 

NSC also collects information on credential attainment, we understand that the data are of low 

quality,32 even at colleges. For deferring repayment of school loans, enrollment status is the key 

information needed by lenders, thus NSC variables not measuring enrollment tend to be less 

reliable. 

Even at colleges, there are some coverage issues in the NSC. Exhibit 2-3 shows the 

percentage of Title IV colleges providing records to the NSC by year and by type of college.33 

As shown, coverage of public two-year and four-year institutions in the interval 2013 to 2016 

was greater than 95 percent of Title IV schools. Coverage of Title IV institutions was typically a 

few percentage points lower among private not-for-profit four-year colleges, considerably lower 

among private for-profit four-year schools, and very low for private two-year schools (both for-

profit and not-for-profit). We do not know the reasons for this fall-off in coverage in the private 

two-year sector. Participation in the NSC is voluntary and imposes some burdens on 

participating colleges. 

Because of these coverage issues, we do not plan on using NSC to directly define any 

outcomes for the evaluation of HPOG 2.0. Rather, we will also use NSC data to adjust the 

intermediate-term follow-up survey for nonresponse (Section 3.1.2 below). 

Exhibit 2-3: NSC School-Level Coverage of Title IV Colleges, by School Type, 2013–2016 

Year 

Type of College 
2013 
(%) 

2014 
(%) 

2015 
(%) 

2016 
(%) 

Public, four-year 99.2 99.4 99.5 99.6 

Private, not-for-profit, four-year 93.6 95.2 95.8 96.1 

Private, for-profit, four-year 74.4 79.9 81.7 81.0 

Public, two-year 99.1 99.2 99.4 99.5 

Private, not-for-profit, two-year 39.5 40.8 40.4 42.1 

Private, for-profit, two-year 19.7 28.1 26.7 26.6 

Note: These rates are not weighted by student enrollment. The percentage of students covered will generally be 

different than the percentage of schools. 

Source: National Student Clearinghouse, https://nscresearchcenter.org/wp-content/uploads/NSC_COVERAGE.xlsx 

The evaluation team obtained informed consent from all study participants to allow the 

evaluation to collect school records, and we plan to acquire NSC data for everyone randomized 

under HPOG 2.0. We will negotiate a contract with the NSC to match relevant NSC school 

records to the study subjects using Social Security numbers and names. NSC will then send the 

32 Dundar and Shapiro (2016) indicate that schools that choose to submit information on type of credential pursued or 

earned do so voluntarily and with minimal processing by NSC staff. About 90 percent of students attend schools that 

do submit information on credential types, but there is no systematic classification scheme for credentials that are not 

degrees. Schools merely submit names of certificates and diplomas awarded. The authors also specifically note that 

information on earned credits is weak. In addition, Dynarski, Hemelt, and Hyman (2015) report that only about 80 

percent of degrees from Michigan colleges were reported to the NSC in the 2008-2010 period. 

33 NSC also covers some Title IV higher education institutions that are not accredited to issue degrees and are thus not 

considered “colleges.” We were unable to find any statistics regarding NSC coverage of this class of schools, but 

because we have no plans to use NSC data about this class, the lack of information about NSC coverage of them is 

not bothersome. 

Abt Associates 2 Data Sources and Data Uses ▌pg. 27 

https://nscresearchcenter.org/wp-content/uploads/NSC_COVERAGE.xlsx
http:college.33


 

    

            

         

         

           

           

            

        

           

           

       

      

        

          

         

         

            

          

           

          

           

   
 

   

 

 
 

 
 

   
 

  
  

  

  
 

  
   

  
  

 

 

 

  
 

 

  

  

  

 

     

matched records by encrypted secure methods to the evaluation team, which will use them 

under tight security conditions because they include personal identifiers. 

Records arrive in a spell format, with starting and ending dates, covering all enrollment history 

from 2000 forward. We have developed procedures to create two recodes from these raw 

records. The first is a simple binary indicator of “any enrollment” within a calendar quarter. The 

second is a measure of the intensity of study over the quarter, called full-time equivalent (FTE) 

enrollment. This measure involves creating monthly scores of 1 for full-time enrollment, 0.75 for 

three-quarter-time enrollment, 0.5 for half-time enrollment, 0.25 for some but less than half-time 

enrollment, and 0 for no enrollment, and then averaging across the months in a quarter. 

2.2 OUTCOME VARIABLES FOR THE IMPACT EVALUATION 

This section discusses our tentative plan for measures that will serve as dependent variables in 

impact regressions; that is, the outcomes for which we will estimate impacts. Specifically, 

Exhibit 2-4 indicates outcomes that we deem confirmatory or secondary, whereas Exhibit 2-5 

lists the outcomes that we consider exploratory. This classification is related to how we propose 

to address the problem of multiple comparisons (see Section 3.1.5). The list of outcomes draws 

heavily on the corresponding list of outcomes targeted for examination in the HPOG 1.0 

Analysis Plan (Harvill, Moulton, & Peck, 2015). The list also follows from our research questions 

(Section 1.3) and theory of action for a job training program (see Exhibit 1-8). 

Unless otherwise noted, all outcomes are measured: from the short-term and intermediate-term 

follow-up surveys, and as of the survey date or in the period immediately prior to it. 

Exhibit 2-4: Proposed Confirmatory and Secondary Outcomes (Dependent Variables) for Which 
Impacts Will Be Estimated 

Outcome Details on Specification 

Confirmatory 

Educational progress (completed initial training or still 
in school) 

Confirmatory outcome in Short-Term Impact 
Report 

As of 15 months after randomization, as measured in the Short-Term 
Survey. 

Training completion within three years (Participant 
earned an academic degree, academic or vocational 
certificate or professional license.) 

Confirmatory outcome in Intermediate-Term 
Impact Report 

As of 36 months after randomization, as measured in the 
Intermediate-Term Survey. 

Earnings (continuous) in the 12th quarter since 
randomization or the 21st quarter since randomization 

Confirmatory outcome in Intermediate-Term 
Impact Report and in Longer-Term Impact 
Report 

From the NDNH 

Secondary 

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

As of survey dates 

Total training received (hours) Cumulative since randomization 

Earned any credential (from an institute of higher 
education, or a professional, state, or industry 
certificate, license, or credential) 

Cumulative since randomization 

Earned any exam-based professional, state, or Cumulative since randomization 
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Outcome Details on Specification 

industry certificate, license, or credential 

Earnings (continuous) 
Secondary outcome in the Short-Term Impact 
Report and confirmatory outcome in 
Intermediate- and Longer-Term Impact Report 

In quarter 5 post-randomization in Short-Term Impact Report 

Employment (binary) In quarter 5 post-randomization in Short-Term Impact Report, in 
quarter 12 post-randomization in Intermediate-Term Impact Report, 
and in quarter 21 post-randomization in Longer-Term Impact Report, 
from NDNH 

Employed in healthcare job (binary) As of survey dates 

Employed in a job that provides health insurance Coded as 0 for not employed (HPOG 1.0 uses most recent job) 

TANF receipt 
Exploratory outcome in the Short-Term Impact 
Report but Secondary outcome in the 
Intermediate-Term Impact Report 

As of the Intermediate-Term Survey 

Note: Unless otherwise noted, all outcomes are measured from the short-term and intermediate-term follow-up 

surveys, as of the survey date or in the period immediately before the survey. 

For NDNH and NSC data there is a timing issue. The survey data collection strategy is designed 

to collect data as soon as feasible following the respondents’ 15- and 36-month anniversaries of 

randomization while NDNH and NSC data both accumulate quarterly. In practice, the 

appropriate strategy appears to be to pull the data for each report as late as is consistent with 

the due date for the report.34 Thus, the timing for data pulls is closely related to the timing of 

reports. We discuss the schedule in calendar time in conjunction with reporting in Chapter 4; 

here, we focus on time windows for data and extraction and analysis relative to random 

assignment. 

Dates of randomization will range over a period of about four years. According to current plans, 

when we pull the NDNH data for the Short-Term Impact Report, we will have about four years of 

data for those participants randomized first, and the latest enrolling participants will not yet have 

been randomized. When we pull the NDNH data for the Intermediate-Term Impact Report, we 

will have nearly six years of data for those participants randomized first and perhaps one year of 

data for those randomized last. Finally, when we pull the NDNH data for the Longer-Term 

Impact Report, we will have nearly eight years of data for those participants randomized first 

and three years of data for those randomized last. 

We tentatively propose to report impacts for two sets of analyses. The first set of analyses will 

consider everyone for whom an outcome to that duration is observed (where those randomized 

later will not be observed at longer durations). For example, when reporting earnings for the 5th 

and 13th quarters after randomization in the Intermediate-Term Impact Report, we will exclude 

everyone with fewer than five quarters of post-randomization earnings from estimates for the 5th 

quarter and everyone with fewer than thirteen quarters of post-randomization earnings from 

estimates for the 13th quarter. Naturally, this will mean that the impact on 5th quarter earnings 

34 In practice, the best approach is to pull the data twice before each report. The first pull would be well before the report 

is due, to develop software programs to implement data cleaning and analysis strategies and to take a first “peek” at 

the data. The second pull would be as close as possible to finalizing each report, so that the reports are based on the 

most current data. 

Abt Associates 2 Data Sources and Data Uses ▌pg. 29 

http:report.34


 

    

                

  

          

          

         

          

            

         

      

         

         

          

     

           

           

        

              

        

           

        

          

  

        

  

     
 

    

 

     
 

   
 

   

 

  
 

    

 

                                                      
       

      

          

     

will be based on a much larger sample size than will be used to estimate the impact on 13th 

quarter earnings. 

The disadvantage of this set of analyses is that variation in impacts with time since 

randomization is due to a combination of true variation in impact with time since randomization 

and changes in the sample for whom the outcome is observed. To address this problem, the 

second set of analyses will report how impacts vary with time since randomization—for a fixed 

set of individuals: for the Short-Term Impact Report, those observed for at least six quarters/1.5 

years post-randomization, for the Intermediate-Term Impact Report, those observed at least 10 

quarters/2.5 years post-randomization, and for the Longer-Term Impact Report, those observed 

for at least 16 quarters/four years, post-randomization. These analyses will have smaller 

samples at shorter durations and will not yield impact estimates at longer durations. Although 

we will include both sets of analyses in the reports, our current plan is to focus the report 

narrative on the first set of analyses. 

In conjunction with the Intermediate-Term Impact Report, the Cost-Benefit Study portion of the 

National Evaluation will need projections of impacts on earnings past the 10 quarters/2.5 years 

time horizon. The impact analysis will explore parametric models35 of earnings impacts as a 

function of time36 since randomization in support of the cost-benefit analysis. It seems likely that 

longer durations since randomization observed for the smaller samples randomized early will be 

informative for this analysis. In addition, it seems likely that the six-year follow-up analyses of 

HPOG 1.0 data—with follow-up periods three years longer than HPOG 2.0—will also be 

informative. We defer specification of these parametric models until the corresponding Analysis 

Plan. 

Exhibit 2-5 shows the exploratory outcomes we plan to analyze across the various planned 

reports. 

Exhibit 2-5: Proposed Exploratory Outcomes (Dependent Variables) for Which Impacts Will Be 
Estimated 

Outcome Data Source Notes 

Exploratory 

Earnings (continuous) NDNH In each quarter, half-year, and year since randomization 
and cumulatively from randomization to each quarter 

Employment (binary) NDNH In each quarter, half-year, and year since randomization 
and cumulatively from randomization to each quarter 

Job retention (quarter to quarter) NDNH Starting with quarter 6, using scrambled Federal Employer 
Identification Number (FEIN), identify workers who held 
same job the prior quarter 

Job retention (year to year) NDNH Starting with quarter 9, using scrambled FEIN, identify 
workers who held same job 4 quarters earlier 

Started and finished follow-on training Surveys Cumulative since randomization 

We define “follow-on training” as the training after the initial 
HPOG occupational training 

35 The plural (“models”) is deliberate. Any such extrapolation involves considerable model uncertainty. The Cost-Benefit 

Study will want to use multiple extrapolations as part of a sensitivity analysis of its findings. 

36 By parametric models, we mean a functional form that generates predictions past the longest observed durations 

(e.g., a quadrative in time since randomization). 
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Outcome Data Source Notes 

Exploratory 

Hours of counseling (one-on-one, group) Surveys Cumulative since randomization 

Out-of-pocket costs (without and with 
loans, without and with child care) 

Surveys Cumulative since randomization 

This item encompasses four secondary outcomes:. 

 School expenses paid from own earnings, 
spouse/partner earnings, and savings. 

 School expenses paid from own earnings, 
spouse/partner earnings, and savings, plus 
school expenses paid by personal and parental 
loans. 

 School expenses paid from own earnings, 
spouse/partner earnings, and savings, plus child 
care expenses (but does not include loans). 

School expenses paid from own earnings, spouse/partner 
earnings, and savings, plus both personal and parental 
loans and child care expenses. 

Child care assistance received Surveys Cumulative since randomization 

Earned any credential from an institution 
of higher education (college or other) 

Surveys Cumulative since randomization 

Earned any credential from a college Surveys Cumulative since randomization 

Earned any credential from an institution 
of higher education other than a college 

Surveys Cumulative since randomization 

Earned any credential from an institution 
of higher education (college or other) 
requiring a year or more of study 

Surveys Cumulative since randomization 

Earned any exam-based professional, 
state, or industry certificate, license, or 
credential 

Surveys Cumulative since randomization 

Any training Surveys In each quarter, cumulative by quarters since 
randomization. Not in HPOG 1.0 

Months of training Surveys In each quarter, cumulative by quarters since 
randomization. Not in HPOG 1.0 

Hours of training Surveys In each quarter, cumulative by quarters since 
randomization. Not in HPOG 1.0 

Enrollment in degree-granting institution NSC In each quarter, cumulative by quarters since 
randomization. Not in HPOG 1.0 

Enrollment in healthcare profession 
program in degree-granting institution 

Surveys In each quarter, cumulative by quarters since 
randomization. Not in HPOG 1.0 

Any one-on-one service Surveys Cumulative through survey date. Not in HPOG 1.0 

Hours of one-on-one services Surveys Cumulative through survey date. Not in HPOG 1.0 

Any group service Surveys Cumulative through survey date. Not in HPOG 1.0 

Hours of group services Surveys Cumulative through survey date. Not in HPOG 1.0 

Cost of training to the student (net of 
stipends, but not net of loans) 

Surveys Not in HPOG 1.0 

Cost of training to the student (net of 
stipends and loans) 

Surveys Not in HPOG 1.0 
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Outcome Data Source Notes 

Exploratory 

Used loans in own name to pay for 
training or living expenses 

Surveys Since random assignment 

Used loans in own name or parent’s 
name to pay for training or living 
expenses 

Surveys Since random assignment 

Earned any credits Surveys Since random assignment 

Earned any degree (AA, BA, or higher) 
or obtained a credential (professional, 
state, or industry certificate, license, or 
credential) since random assignment 

Surveys Since random assignment 

Change in earnings (continuous) NDNH For each pair of quarters, half-years, and years since 
randomization 

Proportion of quarters employed NDNH In each half-year, year since randomization, and 
cumulatively from randomization to each quarter 

Employment Surveys 

Earnings Surveys 

Hours worked per week Surveys 

Hours worked in a healthcare profession Surveys 

Hourly wage Surveys See discussion in Section 3.1.4 

Earnings from a healthcare profession Surveys 

Shift work Surveys 

Benefits (paid vacation, paid sick leave, 
health insurance, retirement) 

Surveys 

Own annual income (from all sources) Surveys 

Household annual income (from all 
sources) 

Surveys 

Household received TANF Surveys 

Household received SNAP Surveys 

Household received TANF or SNAP Surveys 

Household received TANF, SNAP, or 
Medicaid 

Surveys 

Household received any means-tested 
benefit 

Surveys 

Food security Surveys 

Housing stability Surveys 

Child outcomes Intermediate-Term 
Survey only 

Not in Short-Term Survey 

Note: Unless otherwise noted, all outcomes are measured from the short-term and intermediate-term follow-up 
surveys, as of the survey date or in the period immediately before the survey. This list is provisional. It will be updated 
in each of the Analysis Plans corresponding to the three impact reports, in part based on HPOG 1.0 and PACE 
results. We view the list of exploratory outcomes as preliminary. Based on HPOG 1.0 results, we will likely add some 
outcomes and might choose not to explore (or write up) all of the listed outcomes. 
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2.3 OTHER VARIABLES FOR IMPACT EVALUATION 

This section describes other data to be used in the Impact Evaluation, as regression covariates, 

subgroup identifiers, and grantee and local-program characteristics that “moderate” (shift) 
impact magnitudes. 

2.3.1 Regression Covariates 

Despite the use of randomization, there will be some chance differences in the baseline profiles 

of the treatment and control groups. Compared to a hypothetical “perfect” experiment in which 

such differences did not exist, variances on estimated program impacts will be higher as a result 

of these chance “imbalances.” Using a fairly simple technique called regression analysis, it is 

possible to adjust estimated program impacts so that they more closely resemble estimated 

impacts from the perfect but unachievable experiment. In the standard literature of experiments, 

variables that are measured at baseline and used in these adjustments are called “covariates.” 

To be useful, a covariate must be predictive of outcomes under control conditions. Practitioners 

use theory and experience from prior research to design baseline measurement systems to 

capture useful covariates. Often, the baseline instruments measure more covariates than can 

be gainfully used in regression adjustments, in which case, additional work is needed to winnow 

the list. See Section 3.1.1 for a discussion of the exact statistical techniques to be used in 

winnowing the list of available covariates for the HPOG 2.0 impact analysis. In this section, we 

merely list the variables that serve as candidates for covariates. 

The intake data from PAGES will supply most of these variables.37 For analyses of NDNH data, 

we will also have access to up to eight quarters of pre-randomization data on earnings and 

employment that will also serve as covariates. Consistent with this, Exhibit 2-6: lists covariates 

for both non-NDNH and NDNH analyses and for NDNH analysis only. These lists draw heavily 

on the HPOG 1.0 Analysis Plan (Harvill et al., 2015). 

Exhibit 2-6 shows a narrower set of covariates—no pre-randomization NDNH outcomes—for 

analyses of survey outcomes, and a broader set of covariates—including pre-randomization 

NDNH outcomes—for analyses of NDNH outcomes. The main reason for not using NDNH 

baseline earnings in analyses of survey outcomes is that doing so would reduce the replicability 

of study findings. NDNH variables cannot be included in public use files created from study 

data, so an external analyst could not reproduce the published estimates. This might not be a 

strong reason by itself, but analyses of HPOG 1.0 data suggest that the precision gains from 

including NDNH variables as covariates in the estimation of impacts on survey-measured 

outcomes are small to nonexistent. Again, we note that for random assignment studies, the 

estimates are consistent (in a mathematical statistics sense) for the same true impact; i.e., with 

large enough samples, models with no covariates, with a limited set of covariates, and with a 

broader set of covariates will all yield the same estimates (Lin, 2013). 

Again, these lists are provisional. We will update them in the HPOG 2.0 Analysis Plans 

(corresponding to each of the three impact reports) in part based on HPOG 1.0 and PACE 

results. We defer also until these Analysis Plans to discuss exactly how we will define or 

operationalize these covariates. 

37 We also use baseline variables to construct survey nonresponse weights, as is discussed in Section 3.1.2. In addition, 

we will use these baseline variables to characterize the population served and to test for baseline equivalence. 
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Exhibit 2-6: Candidate Covariates for Impact Estimation (for Non-NDNH Analyses and for NDNH 
Analyses) 

Covariate 

For Both Non-NDNH and NDNH Analyses 

Gender 

Number of dependent children 

Race/ethnicity 

Age 

Education 

Receipt of TANF 

Literacy skills below 8th grade levela 

Numeracy skills below 8th grade levela 

Marital statusb 

Born outside United States 

Skills course attendance 

Educational expectationsb 

Earnings 

Incomeb 

Receipt of TANF 

Employment 

Employment in healthcare 

Employment expectations 

Limited English proficiency 

Barriers to employment 

Gritb 

Academic self-confidenceb 

Life challenges facedb 

Career knowledgeb 

For NDNH Analysis Only (from NDNH data) 

Pre-randomization earnings (in a quarter, continuous)c 

Pre-randomization employment (any earnings in a quarter, binary)c 

Pre-randomization UI benefit amount (in a quarter, continuous)c 

Pre-randomization any UI receipt (in a quarter, binary)c 

Note: Unless otherwise noted, all covariates are measured in PAGES prior to randomization and receipt of any 

HPOG 2.0 training or services. This list is provisional. It will be updated in each of the Analysis Plans corresponding 

to the three impact reports, in part based on HPOG 1.0 and PACE results. 
a 

Not a covariate in HPOG 1.0. Missing for about 18 percent of early HPOG 2.0 sample, but likely to be useful as a 

three-level variable (yes, no, unknown). 
b 

Not a covariate in HPOG 1.0. 
c 
Up to 8 quarters. 

2.3.2 Subgroups of Interest 

In addition to interest in average impacts on the full set of treatment group members, there is 

interest in how impacts vary with pre-randomization characteristics of individuals. Exhibit 2-7 

provides our—common to non-NDNH and NDNH analyses—working list of such impact 

“moderators” measured in available baseline data. This list builds from the list in the HPOG 1.0 

Analysis Plan (Harvill et al., 2015). 

As with the list of covariates in Exhibit 2-6, this list is provisional. We will update it in each of the 

Analysis Plans corresponding to the three impact reports, in part based on HPOG 1.0 results. 
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(The statistical procedures for explorations of subgroup differences are discussed in Section 

3.4.) 

Exhibit 2-7: Subgroups of Interest (for Both Non-NDNH Analyses and for NDNH Analyses) 

Subgroup 

Gendera 

Number of dependent childrenb 

Race/ethnicity 

Age 

Receipt of TANF 

Educationc 

Dealing with serious life challengesd 

Low academic self-confidence 

Ever worked (prior to randomization) 

Employed at randomization 

Ever worked in healthcare (prior to randomization) 

Planned to study full- or part-time if enrolled 

Limited English proficiency 

Unemployment Insurance exhaustee 

Earnings in year prior to randomizatione 

Literacy skills (above/below 8th grade level) 

Numeracy skills (above/below 8th grade level) 

Quartiles of modeled probability of achieving primary outcome at short-term 
follow-upf 

Note: This list is provisional. It will be updated in each of the Analysis Plans corresponding to the three impact 

reports, in part based on HPOG 1.0 results. 
a 

Highly unbalanced; subgroup analyses are likely to have low power. 
b 

Categorical (e.g., 0, 1, 2, 3 or more). 
c 

Alone and potentially as part of an index. 
d 

Coded as a binary variable for more than some threshold number of “challenges.” 
e 

From baseline data collected at intake (PAGES) for survey analyses; from NDNH for NDNH analyses. 
f 
Model to be constructed from HPOG 1.0 control group experiences. Outcome will be having completed initial training 

or to still be in school as of short-term follow-up interview. 

The literature to date suggests strong differential impacts by gender, so gender is a crucial 

moderator. Note, however, that participants are overwhelmingly female (91 percent; see Exhibit 

1.3), which will make it harder to detect differential impacts with respect to gender. 

There is also considerable interest in how impacts vary with proxies for skills at entry, such as 

low literacy/numeracy skills. Some would argue that those with weak skills at entry cannot 

complete and benefit from the training; others would argue that those with strong skills at entry 

do not need the training to succeed in the labor market. As one example, Fein and Hamadyk 

(2018) found stronger impacts on earnings for those with higher education at baseline and for 

those with higher grades in high school when evaluating the Year Up program. 

Whether the local programs (including remediation activities implemented by HPOG 2.0 

grantees) succeed in serving those with weak skills at entry is exactly the question to be 

addressed. Doing so is challenging. We do not appear to have a good proxy for skills at entry. 

PAGES intake data do measure literacy/numeracy at the eighth grade level, but those variables 

are not very precise (they are only binary), are likely to have considerable measurement error, 

and are missing for about 18 percent of the early sample. 
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To address the challenge of proxying for weak skills at entry, we will consider creating a 

composite variable, perhaps based on reanalysis of the data. The natural strategy is to model 

the outcome of interest in the HPOG 1.0 control group, using the variables measured at 

baseline for both HPOG 1.0 and HPOG 2.0. Then use the prediction from that model as an 

index, and then use the continuous index or a dichotomized version of it as a modifier. We will 

return to these issues in the Analysis Plans corresponding to the three impact reports, in part 

based on HPOG 1.0 and PACE results. 

2.3.3 Grantee and Program Characteristics 

Impacts may also vary with local-program characteristics. Selection of program-level variables 

to include in analyses of these variations is closely related to the research methods to be used. 

Thus, although methods discussion for subgroup analyses is mostly deferred to Section 3.4, we 

preview two high-level selection issues here that both guide and constrain choices about which 

grantee and program characteristics to study. 

High-Level Selection Issues 

1. Statistical power considerations—in particular, the relatively small number of local programs 

in the study compared with the number of grantee and program characteristics of potential 

interest—suggest that the characterization of the program determinants of impact magnitude 

include only a very small number of variables. Further, they suggest a focus on factors that 

plausibly might shift impact a lot, and for which there is at least moderate levels of variation 

across sites. In particular, one convention suggests at least 10 (perhaps better, 20) site-level 

observations per covariate. We will have fewer than 40 local programs, so we would want 

two to four program-level or grantee-level covariates (including local economic conditions; 

see item 6 in the list Site-Level Determinant Candidates below). 

HPOG 1.0 follows an early line of research in this vein, modeling impacts as a function of 

the characteristics of the local program to which treatment group members were given 

access (in the spirit of Bloom et al., 2003). The characteristics are measured using standard 

implementation study strategies; for example, a program staff survey or qualitative field 

work. Often how impacts vary with the characteristics of the funded program under study is 

the research question of primary interest. 

However, more recent work (e.g., Weiss et al., 2014) emphasizes that cross-site variation in 

impacts will be a function not only of the characteristics of the program to which the 

treatment group was offered access, but also of the level of take-up of similar programs by 

those randomly assigned to the control group and the characteristics of those other 

programs. Measuring program characteristics and take-up in the control group will usually 

require an individual-level survey. 

The discussion below considers both perspectives; that is, characterizing the funded 

programs, and (consistently) characterizing both the funded programs and other programs 

available in the local area. 

2. Although it is certainly possible to measure grantee and program characteristics through 

self-reports of participants, such measurements are noisy (i.e., have large sampling 

variability) unless participant sample sizes are large in every local program. Techniques to 

account for this noise are not fully developed. As a result, to date most explorations of the 
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program features that shift impact have focused on features that can be reported by 

grantee/program administrators and other implementation staff. In HPOG 1.0, there was a 

survey of grantee front-line implementation staff in addition to a survey of grant 

administrators. 

For HPOG 2.0, however, the only information sources will be PAGES, the qualitative field 

work described above (Section 2.1), and reports from program participants in the first (Short-

Term Impact) follow-up survey. All three types of grantee/program characteristics are listed 

below as possibilities; regarding the final option, however, using impact moderators 

constructed from very small survey samples raises technical issues. There appear to be 

feasible approaches to these issues (Deaton, 1987; Fuller, 1987), but bringing those 

methods into the current study would require additional funds. 

Site-Level Determinant Candidates 

Having noted these two high-level selection issues, below we briefly review several candidate 

determinants of impact magnitude at the site level. Again, this list is provisional. We will update 

it in the Analysis Plan corresponding to the Intermediate-Term Impact Report, in part based on 

HPOG 1.0 results. 

1. Grantee type. The biggest difference across grantees/programs appears to be grantee 

type: State government entity, workforce system agency, institution of higher education, or 

community-based organization. Grantee type is clearly policy relevant, as funders could give 

preference to grantee types shown to have larger impacts. There are arguments suggesting 

that each of the grantee types might have the largest impact. Because WIBs have 

employers on their boards, they could design training that is more useful to employers and 

thus produces larger impacts. Community-based organizations will have had more contact 

with the target population and therefore could be better able to recruit and tailor programs to 

that population’s needs. Community colleges could have the advantage of deep experience 

with teaching/training. Information about grantee type is recorded in PAGES. 

2. Course of study. Most grantees/programs offer a suite of courses of study. It seems 

plausible that impacts would vary by the courses of study offered and by those taken up. 

Economic theory would lead us to expect that length of training matters and perhaps the 

specific training/course of study. However, given the nature of HPOG 2.0 programs, 

randomization does not determine the course of study pursued by individual participants, 

even for those assigned to treatment and enrolling in the local program to which they 

applied. Rather, after random assignment, the trainee declares a target occupation (perhaps 

having had that target occupation in mind from application). In this circumstance, a 

promising approach appears to be to characterize local programs by the courses of study 

that their participants as a group take up. Participant course of study is recorded in PAGES. 

Using information on course of study, we can construct weighted proxies for length of study; 

for example, targeted hourly wage (from O*NET38). Other variables of interest include 

projected length of study (from PAGES at the course-of-study level) and projected total 

38 O*NET is the U.S. Department of Labor’s master database on the characteristics of occupations, including hourly 

wages (based on the BLS Occupational Employment Statistics Program’s very large mail survey of employers; see 

https://www.bls.gov/oes/) and employment projections (from the BLS Employment Projection Program; see 

https://www.bls.gov/emp/). O*NET can be accessed at https://www.onetonline.org/. 
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length of study including prerequisites (aggregated up from individual-level estimates in 

PAGES). PAGES also includes categorizing courses of study as entry-, medium-, or high-

level. Comparable measures of support services received for the treatment and control 

groups appear to be measurable using follow-up survey responses. 

3. Service intensity. The intended career pathways nature of the HPOG 2.0 programs 

suggests an interest in impact variations with the intensity of support services and financial 

assistance provided. There is limited information on intensity of support services in PAGES. 

It may be possible to use that information to characterize local programs. Complementary 

information is likely to be available from the Implementation Study. However, extracting 

information from the Short-Term Follow-up Survey seems most promising. Survey 

information will allow characterizing the HPOG 2.0 local program, but also the contrast 

between the experiences of the treatment group and the control group obtaining support 

services and financial assistance from other, non-HPOG sources. We also have information 

in the survey about student perceptions of the quality of counseling and tutoring services 

received. 

Financial assistance will be measured in the survey. We can construct measures of receipt 

of support services for both the treatment and control groups. Exhibit 2-4 and Exhibit 2-5 

listed these measures as individual-level outcomes. Here we would aggregate responses to 

characterize support services and financial assistance for the treatment group and for the 

control group. 

4. Instructional practices. Grantees and local programs might be interested in how details of 

instructional practice such as teacher substantive knowledge and pedagogic skills, teacher 

empathy and respect for students, instructional materials (e.g., syllabi, textbooks), 

instructional facilities (e.g., realistic practice settings for learning manual skills), and support 

from administrative and support staff (e.g., tutors, financial aid offices staff, academic 

counselors, caseworkers) affect impacts. Although most HPOG programs only have indirect 

control over these dimensions of instructional quality through their choices of training 

institutions, there may be enough natural variety in these variables to extract clues for future 

program designers about what aspects of quality they should stress in developing 

partnerships with training institutions to maximize impacts. 

Along these lines, we note that Bloom et al. (2003) found that the most important program-

level influence on impact magnitude was staff attitudes, something that is difficult for 

program designers to control. They measured the corresponding practices with a staff 

survey. HPOG 2.0 does not have a staff survey. Instead, we will measure these practices— 
in the HPOG programs and in other programs used by participants randomized—through 

questions on the Short-Term Survey. 

To do this, we ask students to report on their impressions of the teacher of the first course 

that they took at each school attended after high school graduation. We adapted items from 

an instrument developed by the University of North Dakota for its students to use to evaluate 

their instructors (SETIC, 2016). From the University of North Dakota instrument, we have 

subscales on instructor engagement, individual rapport, and organization and clarity. In 

addition, based on some suggestions in the literature that certain teaching styles that earn 
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teachers high remarks are not actually conducive to student learning,39 we added a new 

scale on challenge level. We decided to ask the student to focus on a single instructor to 

ease the cognitive demand of the task. Among instructors, we chose the instructor for the 

first course taken because of the intuition that first instructors can be critical in easing first-

time students into postsecondary education and helping them persist. 

5. Follow-on training. The intended career pathways nature of the HPOG 2.0 programs 

suggests that we might be interested in how rates of follow-on training affect long-run 

impacts. In the long run, rates of follow-on training can be measured in the survey; but in the 

short run, 15 months is too early for many students to have completed initial training and 

entered follow-on training. 

6. Local labor market. Impacts might also vary with local labor market conditions, such as the 

unemployment rate or the employment-population ratio. There is some literature on this 

issue. Some papers suggest larger impacts from job training programs in better job markets 

(Bloom et al., 2003; Herbst, 2008); other papers show the opposite (Card et al., 2010, 

2015). Information on local economic conditions is available from published sources, 

although this information might not be up to date, might refer to a less specific geographic 

area than desired, and might cover a broader class of potential workers than desired. These 

limitations could be removed by measuring the local economic conditions applying 

specifically to the study population and time period of the impact analysis. The experiences 

of control group members, drawn from the study’s Short-Term Follow-Up Survey, could 

provide this information, albeit noisily for small sites. Another possibility is tabulating 

American Community Survey data in the study sites. 

7. Case mix. Impacts might vary because of case mix; that is, different programs have 

different mixes of participant types (Bloom et al., 2003; Card et al., 2010, 2015). We will 

explore variation in impact with individual characteristics in the individual-level analysis. We 

would want to control for those characteristics as well while looking at the role of case mix in 

the cross-site analysis. 

Some of these concepts are of more practical interest to program operators and those selecting 

grantees; others more plausibly shift impacts. We will refine this list in the Analysis Plan 

corresponding to the Intermediate-Term Impact Report. 

39 See Carrell and West (2010). 
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3.  IMPACT  ANALYSIS METHODS  

Previous chapters have described the context of the study and the data. This chapter discusses 

impact analysis methods. Chapter 4 will discuss timing of randomization and data collection, 

reporting plans, and open issues for further consideration. 

This chapter is structured to move from simpler to more complicated analyses. In particular, our 

primary estimates will be based on analyses that pool local program participants and control 

group members across local programs. This approach has the advantage of considerably more 

statistical power and addressing the question of the average impact of the HPOG funding 

stream. However, pooling raises additional and subtle methodological issues. 

To motivate various aspects of our approach, this chapter begins with a presentation of single 

program intent-to-treat (ITT) models (Section 3.1); that is, estimates of the impact of being 

offered an HPOG slot in a given program. Many of the technical issues are easier to discuss in 

the single program context. These ITT models estimate the impact of an offer of an HPOG slot 

even though: 

 not everyone offered a slot in the experimental treatment group will start or finish the HPOG 

training, and 

 many of those in the control group not offered a slot will get some and often considerable 

training from non-HPOG sources. 

Section 3.2 then turns to the additional issues raised by the more complicated case of 

estimating impacts from data pooled across local programs. 

Later sections address issues related to presenting program-specific results (Section 3.3), 

subgroup analyses (Section 3.4), identification of factors associated with variation in local 

program impacts (Section 3.5), and estimates of differential impact of HPOG and non-HPOG 

training (Section 3.6). The final section provides an integrated summary of our proposed 

sensitivity analyses. 

More technical discussions are included in Appendix A.40 

3.1 SINGLE-PROGRAM ITT IMPACT ESTIMATES 

We begin our discussion with the simplest case, single-program ITT impact estimates, 

considering in turn our basic regression specification, missing data, reporting, conditionally 

observed outcomes, and multiple comparisons. 

3.1.1 Basic Regression Specification 

The simple difference in mean outcomes (weighted to account for differential survey response 

and other factors) between the treatment and control groups would be an unbiased and 

consistent estimate of an HPOG program’s impact. Following standard practice, however, we 

40 Appendix A covers covariate selection for impact regressions (Section A.1), nonresponse adjustment based on post-

randomization outcomes from administrative data (Section A.2), constructing regression-adjusted treatment and 

control group mean outcomes (Section A.3), possible methods research to improve analyses on the pooled sample for 

internal and external inference (Section A.4), details of our proposed approach to estimating impacts on hourly wages 

(Section A.5), and estimation of impacts of HPOG training compared with non-HPOG training (Section A.6). 
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will estimate ITT impact using weighted linear regression models.41 In general, doing so leads to 

at least moderately more precise estimates. For both continuous and binary outcomes, our 

tentative plan is to estimate impact using linear regression models of the form: 

(Eq. 3.1) i i i iy d X      

where: 

 iy is the outcome of interest (e.g., earnings); 

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

 iX is a vector of participant characteristics covariates measured prior to randomization (e.g., 

gender, age, education); 

 i is a regression residual; and 

  ,, are parameters to be estimated. 

Section 2.3.1 provided a tentative list of covariates. Section A.1 in Appendix A discusses 

empirical approaches to covariate selection. 

To estimate the parameters of this model and the associated standard errors, we will use 

survey-sensitive software such as SAS/SURVEYREG. The primary reason to use this software 

rather than software such as SAS/GLM that fits ordinary least squares models is that survey-

sensitive software correctly incorporates the effect of the use of nonresponse-adjusted weights 

for survey data (Section 3.1.2) on the variances of estimated impacts.42 

A secondary reason to use survey-sensitive software is that it will better support pooled 

analyses (Section 3.2) for outcomes based both on survey and on administrative data, and 

there is some convenience in using the same software for both single-program and pooled 

analyses. Survey procedures were designed to deal with both clustering and unit weighting. 

Pooled analyses involve both issues. Section 3.2 discusses our approach to pooled analyses. 

We defer final specification of our approach until the Analysis Plan corresponding to the Short-

Term Impact Report. 

41 Such models “regression adjust” the difference between average outcomes for treatment and control group members 
by controlling for exogenous characteristics measured at baseline. Controlling for baseline covariates reduces bias 

caused by random differences in the characteristics of treatment and control group members and thereby improves 

the precision of impact estimates. Controlling for baseline covariates also helps to reduce the risk of bias resulting 

from attrition (i.e., individuals failing to complete follow-up surveys). It is not necessary to correctly specify the shape of 

relationships between covariates and outcomes to obtain these benefits. Valid results are obtained even with 

misspecified models (Judkins & Porter, 2016). 

42 A further detail concerns adjustments for heteroscedasticity. SAS/SURVEYREG indirectly supports two variants of the 

Huber-White adjustment for heteroscedasticity. If the delta method of variance estimation is used, then 

heteroscedasticity adjustments equivalent to the original Huber-White adjustment (HC0) are applied. If the delete-one 

jackknife is used for variance estimation, then heteroscedasticity adjustments nearly equivalent to the HC3 

adjustment for heteroscedasticity are applied (MacKinnon, 2012). Although the HC3 adjustment tends to be better 

than the HC0 adjustment for small sample sizes, we anticipate that for those programs for which we publish separate 

analyses, sample sizes will be large enough that the HC0 standard errors provided by SAS/SURVEYREG with the delta 

method should perform well. A further consideration, however, is that the jackknife method is better than the delta 

method at reflecting the effects of sampling error in estimates of nonresponse propensity used in the preparation of 

nonresponse-adjusted weights, as discussed in Section 3.1.2. The team will make a final decision about whether to 

use the delta method or the jackknife method for variance estimation after studying estimation issues in HPOG 1.0. 
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3.1.2 Missing Data 

Missing data will arise from four sources: 

1. Item nonresponse in baseline PAGES data collection; 

2. Unit nonresponse at follow-up (where people cannot be traced and interviewed); 

3. Item nonresponse in survey items collected at follow-up; and 

4. Failures of the NDNH system to match cases where the Social Security number does not 

appear to belong to the named person. 

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

Missing PAGES Baseline Items 

Unlike in observational analyses, missing covariates in random assignment studies are a 

second-order issue. Random assignment-based impact estimates are unbiased and consistent 

using no covariates. Furthermore, covariates must be measured before randomization, so their 

missingness should also be balanced across treatment/control. Finally, regression parameters 

corresponding to covariates are nuisance parameters; we do not care about their magnitude, 

only that their inclusion in the regression model yields more-precise estimates of impact. In fact, 

that a covariate is missing may be predictive, such that attempting to impute (or to use multiple 

imputation for) the missing value might ignore useful information.43 

In practice, tabulations of PAGES data to date indicate that most of these variables will have 

very low rates of missing data, but a few items such as household income and 

literacy/numeracy skill levels will have non-trivial missing data rates. Early results for HPOG 2.0 

suggest that the skills variables were assessed for a large portion of the sample. Eighty percent 

of the sample is classified as either college-ready or not, with respect to both literacy and 

numeracy. However, the field was made optional for grantees and, as a result, the actual 

numeric scores are only recorded for 25 percent of the classified sample (equivalent to 20 

percent of the total sample). 

Our tentative plan is to follow guidance for random assignment studies from Puma, Olsen, Bell, 

and Price (2009), including dummy variables for missing responses as covariates. As we 

discuss in Section 3.7, for confirmatory outcomes we will explore sensitivity analyses using 

multiple imputation for missing covariates. 

When a covariate is used as a moderator for subgroup analyses, we will drop cases with 

missing data unless there is a large group that is missing for a structural reason (e.g., missing 

literacy assessment because past college experience exempted applicants from being required 

to sit for the assessment), in which case, we will analyze individuals with missing data as a 

separate subgroup of potential interest. However, when complex model-building procedures are 

used such as stepwise searches, imputation of even trivial levels of item nonresponse can be 

very useful. Otherwise, the models will be built on the set of cases that is not missing any of a 

large number of covariates, a set that might be much smaller than the full dataset. We defer 

43 This paragraph’s discussion of how to address missing data only applies to analyses of random assignment. For non-

random assignment, the analysis is very different. In particular, when the model structure is not fixed in advance and 

iterative procedures are used to winnow a list of potential covariates, imputation is essential because none of the 

commercially programmed algorithms expects to see companion variables that flag item nonresponse. 
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final decisions to the Short-Term Impact Analysis Plan, at which point we will have more 

information about the magnitude and patterns of item nonresponse. 

Failure to Find and Interview Participants at Follow-Up 

Because not all participants selected to be surveyed will complete one or both of the follow-up 

surveys, the evaluation will construct survey weights44 using pre-randomization individual 

characteristics from PAGES. The analysis will use these weights when estimating impacts for 

outcomes reported in these surveys.45 

We will construct these weights for nonresponse using conventional methods. Those 

conventional methods involve: 

 Fitting a model for unit response propensity as a function of baseline characteristics; 

 Forming discrete groups (often five to ten) based on predicted response propensity; 

 Calculating average response rates for the strata; and 

 Inverting those rates to serve as nonresponse adjustment weights.46 

The resulting non-response weights are similar to traditional base weights that adjust for varying 

probabilities of selection into the survey (e.g., stratified sampling). The difference is that instead 

of being inverse probabilities of selection, these weights are empirical proxies for the unknown 

inverse probabilities of response. 

The study team will carry out these steps separately for the treatment and control samples. 

Given the small sample sizes in many local programs, however, these models will be fit on the 

pooled sample with main effects (i.e., dummy variables) for each local program. Stepwise 

searches with cross-validation will be used in the model fitting. Stepwise searches are useful for 

detecting effects that are subtle, whereas the cross-validation is useful for avoiding overfitting.47 

SAS has an automated procedure for stepwise searches with cross-validation.48 After the initial 

calculation of weights for the entire sample, the team will rescale the weights so that the sum of 

44 Given current plans to select the follow-up sample by selecting full monthly cohorts for a compact range of enrollment 

months, there will be no need to reflect probabilities of selection in these weights. 

45 Some would argue that including regressors is sufficient to control for differential survey response with respect to 

observables. Nevertheless, the use of response-propensity adjusted weights in conjunction with regression models for 

outcomes confers a benefit known as “double robustness” (Scharfstein, Rotnitzky, & Robins, 1999); that is, if either 

the response-propensity model or the outcome model is correct, then the estimated treatment effects will be 

unbiased. Kang and Schafer (2007, with discussion) have argued that using weights needlessly increases variance 

compared with analysis with a correct outcome model. However, specifying a correct outcome model can be difficult 

and typically involves the exploration of alternate sets of covariates, something we would prefer to avoid. An advantage 

of using weights is that they can be developed just once without looking at any outcomes and then be used in the 

analysis of all outcomes. 

46 See, for example, Section 3.5 of the textbook by Valliant, Dever, and Kreuter (2013); Chapter 5 of the textbook by Kim 

and Shao (2014); and Section 2.7 of the textbook by Heeringa, West, and Berglund (2010). See also Göksel, Judkins, 

and Mosher (1992) and Buskirk and Kolenikov (2015). 

47 Overfitting response propensity models means including some covariates in the models that have no true relationship 

to response propensity, but through random chance appear to have a relationship. Overfit models lead to excess 

variation in the weights, which in turn can lead to degraded precision for impact estimates. 

48 The SAS procedure does not use sampling weights. However, it is common to ignore weights when deciding on the 

structure of the model (i.e., which covariates to include) and then to add weights in fitting the final structure. Moreover, 

current plans for selecting the sample for a follow-up survey do not involve differential probabilities of selection, so the 

issue is moot. 
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weights for each local program is equal to the initial sample size selected for the program, by 

experimental group (treatment, control). 

In sensitivity analyses for confirmatory outcomes, we will explore alternative weighting schemes 

using information from post-randomization administrative data, NSC, and for some analyses, 

NDNH.49 Inasmuch as there is a relationship between response status and post-randomization 

outcomes (conditional on baseline covariates), including this information will yield better weights 

and better estimates. (See Section A.2 in Appendix A for a formal discussion.) We note that 

ongoing analyses of related issues using PACE (Abt Associates, 2015) and HPOG 1.0 (Harvill 

et al., 2015) data do not suggest substantial improvements from using post-randomization 

outcomes in constructing weights. 

Missing Follow-Up Survey Items 

Unless item nonresponse is common for confirmatory or secondary outcomes, our tentative plan 

is to deal with item nonresponse by dropping cases with missing outcomes. We will do this 

separately by outcome, so as to avoid unnecessary sample loss. For missing values on 

individual items with scales, we will average the remaining items in the scale provided that at 

least one item in the scale is answered. For missing items in spell-level data that must be 

accumulated across spells to get a person-level average (such as start and end dates for every 

education spell in order to get months of training), we will use single imputation provided that at 

least one spell for the person has good information. 

We anticipate that item nonresponse may be high for a few survey items (e.g., family income). 

However, items with likely high nonresponse are neither confirmatory nor secondary outcomes. 

As discussed in Sullivan, et al. (2018), there are scenarios under which multiple imputation 

would improve the quality of inferences. Specifically, if a trial involves a single site and there is a 

subgroup with both a distinct treatment effect and a strongly different item response rate, then 

multiple imputation is superior if the researcher includes this subgroup membership in the 

imputation model. Although the Sullivan paper focuses on exogenous subgroups (such as those 

defined by age and race), the benefits of multiple imputation are even stronger if the subgroup is 

endogenous (such as those defined by progress at an intermediate time point). However, in a 

trial setting with a high dimensional space of variables defining potential subgroups of interest, it 

is not practical to include all possibly relevant variables in the imputation model, and methods to 

search for the most relevant variables (those associated with both item nonresponse propensity 

and moderation or mediation of treatment effects) are not well developed. Moreover, in a multi-

site randomized experiment, such as HPOG 2.0, borrowing of strength across sites invalidates 

the variance estimates obtained for multiply imputed outcomes (Judkins, 1996). Without being 

able to borrow strength across sites, it is unlikely that relevant subgroups will be discovered. 

There is simply not enough sample within most sites. Accordingly, we will only use multiple 

imputation if we discover high item nonresponse rates in a primary or secondary outcome. We 

will consider multiple imputation as a sensitivity analysis for any exploratory outcomes with high 

item nonresponse rates (see Section 3.7 below). 

49 NDNH-based weight adjustments are feasible only for outcomes we are allowed to add to the passthrough file for 

NDNH. We note that because NDNH data cannot be included in the public use file, even if OPRE allows passing 

through survey outcomes, using NDNH information to augment the weights would mean that our final survey-outcome 

impact estimates could not be reproduced from the public use file. 
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NDNH Non-Match Policy 

OCSE uses information from the Social Security Administration to check whether Social 

Security numbers submitted by researchers belong to the people named. If ownership is 

questionable, then OCSE refuses to provide NDNH data for those numbers. On HPOG 1.0 and 

PACE, the rates of questionable Social Security number ownership have been very modest (2.4 

percent on PACE and 2.1 percent on HPOG 1.0). As a result, we plan simply to drop these 

records from analyses of NDNH outcomes without further adjustment. 

3.1.3 Reporting 

We will report impact estimates with tables similar to Exhibit 3-1. For scale outcomes that do not 

have a natural metric, we will add a column of effect sizes.50 Where sample sizes are uniform 

within a table, we will report them in a table note; where sample sizes vary with outcomes in a 

table, we will include a sample size column. Section A.3 in Appendix A discusses how we will 

calculate treatment group and control group means. 

For impact analysis, regression coefficients (other than for treatment) are of little substantive 

interest. We will report them for confirmatory outcomes (in an appendix), but not for other 

outcomes. 

As shown in Exhibit 3-1, we will use asterisks to draw the reader’s attention to statistically 
significant estimated impacts. This is a continuation of the table presentation practice adopted 

for the evaluation of HPOG 1.0 and for PACE. However, we will adjust the rules for affixing 

asterisks to estimates from that used in those evaluations. We are adjusting the rules because 

HPOG 2.0 is the second generation of implementation of a program concept. This raises the 

stakes associated with false positive findings. As articulated by Abt Associates (2014) following 

close consultation with OPRE, the rules used in HPOG 1.0 and PACE were based on the 

thinking that these evaluations were the first evaluations of promising innovations. Now that we 

are testing a second generation, the consequences of false positive findings are more serious, 

involving potentially large and long-term societal expenditures on an ineffective training concept. 

Accordingly, we will award one asterisk to impacts with associated p-values between .01 and 

.05, and two asterisks to impacts with associated p-values below .01. In contrast to the tables in 

reports on HPOG 1.0 and PACE, we will award no asterisks to impacts with associated p-values 

between .05 and .10. 

Consistent with the evaluations of HPOG 1.0 and PACE, we will use one-sided tests for 

confirmatory and secondary hypotheses and two-sided tests for most exploratory outcomes.51 

The continued justification for one-sided tests for confirmatory and secondary hypotheses 

concerns the consequences of negative impacts. The thinking is that these programs are so 

expensive both to participants (in terms of opportunity costs) and to society (to subsidize tuition 

and living expenses during training) that a null effect just as decisively condemns a program as 

a negative effect. 

50 Effect sizes are typically calculated by dividing the estimated program effect by the pooled uncorrected standard 

deviation of the outcome within the treatment and control arms. This is known as Cohen’s d. For a discussion of this 

statistic and related approaches to standardizing effect measurement, see Rosenthal (1994). 

51 If we have a table or chart where impacts on the same outcome are being tested at multiple time points but only one 

time point is confirmatory/secondary and the rest are exploratory, we will use one-sided tests for all the hypotheses in 

the table or chart. We choose this procedure to simplify presentation of the results. 
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Exhibit 3-1: Mock Table for Reporting Impacts (All Numbers Hypothetical) 

Estimated  
Effect of  

Receiving a 
Program  

Slot  Outcome N 

Program 
Group 
Mean 

Control 
Group 
Mean 

Standard 
Error p-Value 

Primary Outcome (one-sided) 

Completed training or currently 
enrolled in training (%) 

20,123 55.0 52.0 3.0* 1.2 .024 

Secondary Outcomes (two-sided) 

Earnings for fifth quarter following 
randomization ($) 

25,235 4,480 4,300 180 100 .072 

Received any professional, state, 20,119 43.1 40.0 3.1** 0.9 < .001 
or industry certificate, license, or 
credential (%) 

In general, our text accompanying the tables will comment on the tests of confirmatory 

hypotheses (whether statistically significant or not), on tests of individual secondary hypotheses 

(if significant), on groups of tests of secondary hypotheses that did not show statistical 

significance, and on patterns of interesting results of tests of exploratory hypotheses. In 

structuring both the tables and the accompanying text, we will be guided by the research 

questions in Section 1.3 and emerging findings in other workforce studies. 

3.1.4 Conditionally Observed Outcomes 

Many outcomes of interest will only be observed for subsets of the study sample that are 

defined by other post-randomization outcomes. Such outcomes are referred to as “conditionally 
observed.” In many cases, such conditionally observed outcomes can easily be converted into 
universally measured outcomes. For example, we only observe TANF benefit amounts for those 

individuals on TANF. In this case, there is a natural recoding, such that everyone has a value; 

that is, those not on TANF will be coded as receiving zero benefits. 

For some variables, no such recoding is possible. For example, there is no natural value to 

impute for hourly wage for those individuals not working. For some other variables, there is 

intrinsic interest in the conditional variable. For example, we might be interested in weeks of 

training conditional on any training. However, weeks of training conditional on any training is (by 

definition) not observed for those who do not get any training. 

For some outcomes—hourly wages, length of training conditional on any training—we will 

explore a purely decomposition approach (Herr & Klerman, 2017). For example, Herr and 

Klerman’s method allows the estimation of the fraction of the change in earnings due to change 

in hours and the fraction due to change in a residual, which includes changes in the hourly wage 

and the effects of the composition of who is working.52 Their method also shows how to assign a 

confidence interval to those estimates. Continuing the earnings example, earnings and hours 

are observed unconditionally, so conventional methods can be used to estimate impacts on 

those outcomes. Herr and Klerman (2017) show how to compute an impact on hourly wages as 

52 This is not an attempt to estimate “sample selected” impacts on wages (Heckman, 1979). Robust implementation of 

those approaches requires exclusion restrictions. There are no natural exclusion restrictions in this application. 

Principal stratification (Frangakis & Rubin, 2002) is an alternative approach to estimating the impact of an offer of 

HPOG 2.0 on hourly wages. McConnell, Stuart, and Devaney (2008) apply those ideas to the estimation of wages. 

Those models require different and stronger assumptions. Exploring these models would require additional resources. 
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a residual. Heuristically, earnings are the product of hours worked and earnings. Percentage 

impacts are approximately multiplicative, the percentage impact on earnings less the 

percentage impact on hours can be viewed as an approximation of the percentage impact on 

hourly wages. 

We will note that such estimates need to be interpreted with care, because results are likely due 

to a combination of causation and differences in sample composition for working treatment and 

control group members.53 This approach was used in the Green Jobs and Health Care Impact 

Study report (Martinson et al., 2016)54 and is proposed for the Return to Work Evaluation for the 

U.S. Department of Labor. Section A.5 of Appendix A provides a formal derivation for the 

decomposition estimator and its standard error. 

3.1.5 Multiple Comparisons 

The HPOG 2.0 Impact Evaluation encompasses a large set of research questions. Exhibit 2-4 

and Exhibit 2-5 list a large number of outcomes of interest. Exhibit 2-7: lists a moderately large 

number of subgroups of interest. In addition, we propose to provide program-specific estimates 

in appendices to the reports. 

Estimating so many impacts creates a multiple comparisons problem. A single-hypothesis test 

traditionally rejects the null hypothesis of zero impact when true with .01, .05, or .10 probability. 

Yet even if all true impacts are zero (i.e., the training program has no true effect on any 

outcomes), as the number of hypothesis tests conducted increases (in particular here, the 

number of outcomes), the likelihood of finding at least one statistically significant effect (and 

therefore rejecting the null hypothesis of no impact) increases rapidly to well above the stated 

.01, .05, or .10 probability threshold for a single test. This multiple comparisons problem 

(Schochet, 2008a) can arise either when different outcomes are analyzed for a single study 

sample or when a single research question is examined across different subgroups. 

Following emerging approaches to this multiple comparisons problem, we will distinguish 

categories of analyses.55 The first category involves tests of confirmatory hypotheses—analyses 

of the most critical impacts that programs seek to produce and for which findings carry the most 

consequence. Because these are the results on which consequential decisions such as 

expansion or termination of funding are likely to be made, there is increasing recognition that 

significance levels should be adjusted to account for multiple comparisons for such outcomes— 
preserving the low probability of false positive conclusions—so as to avoid using societal 

resources on ineffective programs.56 When sample sizes are modest—as in HPOG 2.0 for 

analysis of survey-measured outcomes in some programs at short-term follow-up and overall at 

intermediate-term follow-up—such adjustments can take a substantial toll on statistical power, 

making it hard to detect any true non-zero impacts that do occur. 

53 For example, HPOG 2.0 might help workers who would in any case get jobs with higher hourly wages (causation), while 

also helping otherwise unemployed persons find jobs with low hourly wages (composition). If the second effect is 

stronger than the first, then simply comparing average hourly wages between workers in the treatment and control 

groups would come to the false conclusion that HPOG 2.0 caused hourly wage declines. 

54 https://wdr.doleta.gov/research/FullText_Documents/ETAOP-2017-

07%20Findings%20from%20the%20Impact%20Study.pdf 

55 See Schochet (2008a). He distinguishes between confirmatory and exploratory hypotheses. The evaluations of HPOG 

1.0 and PACE include an intermediate category referred to as secondary hypotheses, discussed in succeeding 

paragraphs. 

56 See, for example, Schochet (2008a); Berger (2012); Gelman & Loken (2014). 
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Accordingly, evaluators typically specify a very small number of confirmatory hypotheses to be 

subjected to these adjustments. Section 2.2 specified exactly one confirmatory outcome for the 

Short-Term Impact Report (completed training or still in school) and for the Longer-Term Impact 

Report (earnings for the 21st quarter after randomization, which is the longest duration observed 

for everyone randomized.) As a result, no multiple comparison adjustments are necessary for 

these two reports. Section 2.2 specified two confirmatory outcomes for the Intermediate-Term 

Impact Report (earned an academic degree, academic or vocational certificate or professional 

license and earnings for the 12th quarter after randomization—which is the longest duration 

observed for everyone.) Having two confirmatory outcomes might imply a need for a multiple 

comparison adjustment. However, because the two confirmatory outcomes for this report are in 

separate domains (educational progress and earnings), we will follow the standards of the What 

Works Clearinghouse57 and will not perform such an adjustment. 

The second category covers exploratory hypotheses—a broad category of analyses including 

impacts for a wide range of outcomes and subgroups where findings are less fundamental to 

the basic question of whether programs were successful. Views of the need for multiplicity 

adjustments in such analyses vary, and there is generally less of a premium on setting stringent 

statistical tolerance levels. In part, varying perspectives on exploratory analyses reflect the 

broad mix of research questions that may be treated as non-confirmatory. 

For HPOG 2.0 analyses, it will be useful to distinguish between two types of non-confirmatory 

analyses: tests of a limited number of secondary hypotheses connected to key assumptions in 

program logic models, and a larger number of exploratory hypotheses that are not connected to 

key assumptions or that involve alternate measurement strategies for confirmatory and 

secondary outcomes. An important distinction between secondary and exploratory analyses is 

that the set of exploratory hypotheses includes those for which the direction of impact is 

theoretically ambiguous. In contrast, in secondary analyses, there should be a clear theoretical 

expectation for the direction of impact. 

This classification of hypotheses as confirmatory, secondary, and exploratory will be reflected in 

the way we write reports. The classification is designed to prevent over-interpretation of chance 

results, something variously called p-hacking, fishing, or cherry-picking. In order for the 

classification of hypotheses to effectively serve this objective, we must maintain a strict 

discipline about the attention we draw both to null findings and to significant findings across the 

hypothesis classes. Specifically, we must be prepared to give greater salience to a null finding 

on a confirmatory hypothesis than to a significant finding on a secondary hypothesis. In general, 

results will be organized thematically rather than by hypothesis category, but we will avoid 

mixing exploratory findings with confirmatory and secondary hypotheses within a single table. 

On the other hand, the reports can be much more compelling when the authors are allowed to 

weave together results from various hypotheses to fashion a coherent story. The authors of the 

reports will need to balance these tensions, striking a balance between mechanical reporting of 

results strictly by hypothesis category and a more integrated discussion. Authors will pay 

57 What Works Clearinghouse (WWC) was established by the Institution of Education Sciences within the U.S. Department 

of Education as a repository for evidence on what works in education based on the results from high-quality research. 

To facilitate a consistent review of the literature across education policies and reviewers, WWC researchers 

established standards for judging the quality of literature. For more information on WWC and its review standards, see 

https://ies.ed.gov/ncee/wwc/. In particular, for WWC guidance on analyses of outcomes from multiple domains, see 

Section VI of Version 4 of the Procedures Handbook, found at: 

https://ies.ed.gov/ncee/wwc/Docs/referenceresources/wwc_procedures_handbook_v4.pdf 
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particular attention to this issue in executive summaries and press releases, because these 

have the broadest circulation. 

3.2 POOLED MULTI-PROGRAM ANALYSES 

To make the main points clearer, discussion to this point has concerned analyses of a single 

HPOG 2.0 program. In fact, the evaluation’s primary analyses will pool samples from all the 

studied programs and report program-specific estimates only in appendices. Pooling has four 

advantages over reporting only program-specific estimates for each local program. 

1. Pooled impact estimates address the important (if retrospective) policy question, What was 

the impact of the HPOG 2.0 funding stream, as a whole? 

2. All the programs were developed in response to the same grants program announcement, 

all are designed to meet the same broad goals (increased supply of trained workers for the 

healthcare industry and increased self-sufficiency for TANF recipients and other low-income 

individuals), and all are subject to the same oversight from ACF. With these commonalities, 

pooled analysis is a good way to address the prospective question, What would be the 

impact of extending the HPOG Program in time or to new grantees? 

3. Perhaps most important, most individual HPOG 2.0 programs are simply too small to 

support program-specific estimates for subgroups. Pooling is necessary to estimate 

subgroup impacts with useful precision (Section 3.4). 

4. Pooling will allow analysis of program-level factors that shift impact magnitude (Section 3.5) 

and for our proposed approach to modelling the differential impact of HPOG and non-HPOG 

training (Section 3.6). 

This section considers the additional issues raised by pooling. Section 3.2.1 discusses the 

issues related to the concept being estimated—what we will refer to as retrospective inference 

vs. prospective inference. 

Sections 3.2.2 and 3.2.3 present our proposed approach to supporting both types of inferences. 

Finally, Section 3.2.4 presents a power analysis, in particular, minimum detectable impacts.58 

Some of the more technical aspects of this discussion are presented in Section A.4 in Appendix 

A. 

3.2.1 Retrospective vs. Prospective Inference 

The literature suggests several ways to estimate impacts from data pooled across local 

programs (usually termed “sites” in that literature) and several ways to pool estimates across 
local programs. Multiple competing considerations lead to different proposed estimators for a 

pooled impact and its standard error. For our purposes, the key issue appears to be whether the 

results are to be used to address retrospective or prospective questions as defined here:59 

58 Methods for subgroup analysis, examination of impact variation with program features, and the differential effects of 

HPOG versus non-HPOG training are described in later subsections (3.4, 3.5, and 3.6, respectively). 

59 In the literature, one frequently finds discussion of internal and external validity. These are properties of the combined 

procedures for site selection and estimation. If a set of site selection and estimation procedures produces estimates 

that are suitable for use in internal inference, then the set is said to have internal validity. Correspondingly, if a set of 

site selection and estimation procedures produces estimates that are suitable for use in external inference, then it is 

said to have external validity. 
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 The Retrospective Question: What was the impact of HPOG 2.0 on the local programs 

and individuals included—in the past period examined by the study? 

 The Prospective Question: What would be the impact of an HPOG 2.0-like intervention if 

implemented through similar (but not identical) local programs and serving similar 

individuals—in some future period? 

As we discuss in Sections 3.2.2 and 3.2.3 and more deeply in Section A.4 in Appendix A, the 

choice of question raises subtle but deep methodological issues. These issues arise because 

impacts almost certainly vary across local programs—in ways we can “explain” (see Section 3.5 

below) and in ways that we cannot explain. For at least two reasons, this cross-program 

variation in impacts implies that we probably should use different estimators of program impacts 

and associated standard errors in answering the first question as an internal inference challenge 

and in answering the second question as an external inference challenge. 

First, how do we want to weight the impact estimates for 38 local programs in a pooled 

estimate? If we are trying to retrospectively estimate the impact of the HPOG 2.0 funding 

stream, programs should be weighted in proportion to the number of individuals served, as 

approximated by the size of the population randomized. In contrast, if we are trying to 

generalize to some new local program or federal funding stream, we might want to give the 38 

program-specific impacts equal weight; that is, there is no reason to believe that some new 

program will be more like the existing larger programs than like the existing smaller programs. 

This decision is consequential, different weights will yield different estimates of impact. 

Second, how do we compute standard errors? If we are trying to retrospectively estimate the 

impact of the HPOG 2.0 funding stream, the specific sites are known. It is therefore reasonable 

to ignore the variability in true program-specific impacts across local programs. The only 

variation of interest is variation within a site around the site means for the treatment and control 

groups, and therefore for the impact estimate. However, when we are trying to project the 

impact of a future intervention, our estimates of standard errors also need to consider the 

variability in true program-specific impacts since a future intervention would involve a freshly-

selected set of local programs. Considering the variability in true program-specific impacts 

lowers precision and raises standard errors and p-values. As a result, some estimated impacts 

that would be significant in the first analysis are not significant in the second. 

We propose to make the prospective estimates and their standard errors our primary findings, 

reporting retrospective standard errors in sensitivity analyses. We propose to follow this strategy 

for several reasons. 

If the key policy question concerned whether HPOG worked in the past, retrospective standard 

errors would be appropriate. However, any such interest in whether HPOG worked in the past 

may fade quickly. In contrast, interest in broad policy issues related to job training is likely to 

persist into the future. Such broad policy issues include: whether to continue funding HPOG, the 

appropriate level of funding for job training more broadly, and whether that training should 

include HPOG-like supports in addition to the training. Estimates of the impact of HPOG 2.0 

would be informative for those policy issues. These policy issues are prospective; i.e., they do 

not concern HPOG’s impact on the specific HPOG 2.0 sites, but instead consider the likely 

impact of job training programs—perhaps under an extended HPOG Program, perhaps HPOG-

like programs, or perhaps some totally different program—in some new set of sites. Prospective 

estimates and standard errors would be more useful for these policy issues. 
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Also arguing for treating prospective estimates and standard errors as primary, we note that 

doing so appears to be the emerging consensus in true multi-site studies (as opposed to 

agglomerations of single-site studies). In particular, both HPOG 1.0 and the WIA Gold Standard 

Evaluation used prospective standard errors. Implicitly, impact analyses in evaluations with site-

level random assignment also use prospective approaches. Finally, Abadie, Athey, Imbens, and 

Wooldridge (2017) urge prospective approaches. 

For confirmatory outcomes, we will report findings on the retrospective question in an appendix. 

Doing so will allow comparing HPOG 2.0 results to other studies that report retrospective results 

only. In particular, of necessity, single-site studies always—implicitly—report retrospective 

approach results. Similarly, our program-level estimates will use retrospective standard errors. 

3.2.2 Pooled Estimation for Retrospective Question / Internal Inference 

Estimation methods for internal inference about the retrospective effects of the HPOG 2.0 

Program as implemented are very similar to those described in Section 3.1.1 for a single site. 

Equation 3.2 shows a slight modification to Equation 3.1. 

(Eq. 3.2) ji j ji ji jiy d X      

where: 

 j indexes local programs and i indexes randomized individuals by program; 

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

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

 X ji is descriptive variables measured prior to randomization (e.g., gender, age, education); 

 휀ji is a regression residual; 

 𝛿 is the effect of the entire HPOG 2.0 funding stream on the average individual offered a 

slot; and 

 1 38, , ,   are “nuisance” parameters describing other influences on outcome levels (not 

impacts). In particular, note that j is a program-specific fixed effect. If the X’s are deviated 

from their program-specific means, j will be the average outcome for members of the 

control group for program j. 

To estimate this model and associated standard errors, we will use survey-sensitive software 

such as SAS/SURVEYREG with the delta method of variance estimation, which will give us 

HC0 robust standard errors. (See earlier discussion in Section 3.1.1.) Local programs will be 

treated as sampling strata, as is appropriate when sampling and randomization operations are 

independent across strata.60 

60 Note that the model does not have interactions between program and covariates. As a result, the model may fit better 

for some programs than others. In computing the residual variance, if programs are named as strata (as advocated in 

the text), SAS/SURVEYREG will take this variation in model fit into account by computing a separate residual variance 

for each program using a program-specific local mean and then averaging the residual variances across programs. 

This will tend to have the effect of reducing estimated variances on pooled estimates. Theoretically, this reduction in 

variance is justified because of the independence of randomization across programs and because of the 

independence of program operations themselves. 
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3.2.3 Pooled Estimation for Prospective Question / External Inference 

For external inference about effects of a future HPOG-like model, estimation will proceed using 

Equation 3.3: 

(Eq. 3.3)  ji j ji j ji jiy u d X         

where: 

  is the overall intercept; 

are independent and identical draws from a latent random variable 

reflecting unexplained variation across local programs in outcomes absent HPOG 2.0; 

  (without a subscript) is the population mean impact; 

are independent and identical draws from another latent random 

variable reflecting variation across local programs in the impact of being offered an HPOG 

2.0 slot; 

 2

1 38 1, , ~ (0, )u u N 

 2

1 38 2, , ~ (0, )N  

 12cov( , )j ju   ; and 

 other symbols retain their meanings from earlier equations. 

Methods for estimating this model and associated standard errors are under development and 

will be finalized in the Analysis Plan corresponding to the Short-Term Impact Report. 

3.2.4 Minimum Detectable Impacts 

This section reports minimum detectable impacts (MDIs) for various analyses, where an MDI is 

the smallest true impact that can be detected with a probability of at least 80 percent given 

planned sampling, weighting, estimation, and testing methods. The discussion considers three 

representative outcomes. 

1. Completed or still enrolled in healthcare training program. For HPOG 1.0, this 0/1 

variable was true (i.e., equal to 1) for 60 percent of the control sample. This is the 

confirmatory outcome in the HPOG 1.0 impact evaluation at short-term follow-up (15 

months) and one of several secondary outcomes at intermediate-term follow-up (36 

months.) 

2. Receiving TANF. For HPOG 1.0, this was true of 8.8 percent of the control sample. This 

measure serves as a secondary outcome at both short-term follow-up and intermediate-term 

follow-up in the HPOG 1.0 evaluation. 

3. Quarterly earnings. In the HPOG 1.0 impact evaluation, quarterly earnings is a secondary 

outcome at short-term follow-up and the confirmatory outcome at intermediate-term follow-

up. 
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Exhibit 3-2 shows MDIs for confirmatory hypotheses at short-term and intermediate-term follow-

up, based on impacts estimated on the pooled sample with procedures optimized for internal 

inference and with one-sided tests. At short-term follow-up, HPOG 2.0 will be able to detect an 

impact on the percentage of participants achieving educational progress (having completed or 

still being enrolled in a healthcare training program) as small as 2.4 percentage points (pp). At 

intermediate-term follow-up, HPOG 2.0 will be able to detect an impact on quarterly earnings as 

small as $78. These are precise estimates, allowing the evaluation to detect impacts 

considerably smaller than the smallest effects likely to be policy relevant. 

Exhibit 3-2: Minimum Detectable Impacts for Confirmatory Hypothesis (on Pooled Sample, 
Analysis Optimized for Internal Inference) 

Statistic 
Completed or Still Enrolled in a 

Healthcare Training Program 
Average Quarterly Earnings 

(for a single quarter) 

Control group standard deviation 49.0% $3,500 

Pooled across all 38 local programs 

At short-term follow-up 2.4 pp NA 

At intermediate-term follow-up NA $78 

Note: MDIs based on 80 percent power with a 5 percent significance level in a one-tailed test, assuming 30,000 

randomized to treatment, 15,000 randomized to control, 10,400 interviews at short-term follow-up (split 2:1 between 
treatment and control groups, for 6,930 treatment cases and 3,470 control cases), 4,000 interviews at intermediate-
term follow-up (also split 2:1, for 2,700 treatment cases and 1,300 control cases), analytic procedures discussed in 
Section 3.2.2, baseline variables that explain 8 percent of the variance in the binary outcome and 20 percent of the 
variance in earnings. The standard deviation for the binary variable is based on 60 percent of controls having 
completed or still being enrolled in a healthcare training program. This percentage and the standard deviation 
estimate for earnings are based on the experience of controls in the HPOG 1.0 evaluation. 
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Exhibit 3-3 shows MDIs for secondary and exploratory hypotheses at first and intermediate-term 

follow-up, both of which will be estimated on the pooled sample with procedures optimized for 

internal inference but with two-sided tests.61 At short-term follow-up, HPOG 2.0 will be able to 

detect an impact on quarterly earnings as small as $88 and an impact on TANF receipt as small 

as 1.6 pp. At intermediate-term follow-up, HPOG 2.0 will be able to detect an impact on the 

percentage achieving educational progress (having completed or still being enrolled in a 

healthcare training program) as small as 4.4 pp and an impact on TANF receipt as small as 2.6 

pp. Again, for pooled outcomes, these are precise estimates, allowing the evaluation to detect 

impacts considerably smaller than are likely to be policy relevant. 

Exhibit 3-3: Minimum Detectable Impacts for Secondary and Exploratory Hypotheses (on Pooled 
Sample, Analysis Optimized for Internal Inference) 

Statistic 

Completed or Still 
Enrolled in a 

Healthcare Training 
Program Receiving TANF 

Average Quarterly 
Earnings 

(for a single quarter) 

Control group standard deviation 49.0% 28.3% $3,500 

Pooled across all 38 local programs 

At short-term follow-up NA 1.6 pp $88 

At intermediate-term follow-up 4.4 pp 2.6 pp NA 

A single program with 1,000 randomized applicants 

400 survey respondents at short-term follow-
up 

13.2 pp 7.6 pp $588 

200 survey respondents at intermediate-term 
follow-up 

18.6 pp 10.8 pp $588 

A 25% subgroup across all 38 local programs 

At short-term follow-up 5.5 pp 3.2 pp $175 

At intermediate-term follow-up 8.9 pp 5.1 pp $175 

Note: MDIs based on 80 percent power with a 5 percent significance level in a two-tailed test, assuming 30,000 

randomized to treatment, 15,000 randomized to control, 10,400 interviews at short-term follow-up (split 2:1 between 
treatment and control groups, for 6,930 treatment cases and 3,470 control cases), 4,000 interviews at intermediate-
term follow-up (also split 2:1, for 2,700 treatment cases and 1,300 control cases), analytic procedures discussed in 
Section 3.2.2, baseline variables that explain 8 percent of the variance in the binary outcome and 20 percent of the 
variance in earnings. The standard deviations for the binary variables are based on 60 percent of controls having 
completed or still being enrolled in a healthcare training program and 8.8 percent receiving TANF. These percentages 
and the standard deviation estimate for earnings are based on the experience of controls in the HPOG 1.0 evaluation. 

As is to be expected, MDIs are much larger for program-specific estimates. Even for larger 

programs (e.g., those randomizing 1,000 individuals), the study can detect only larger impacts. 

Some smaller, but policy relevant, impacts may be missed. This suggests that program-specific 

estimates need to be interpreted with care. Section 3.3 discusses presentation and 

interpretation of program-specific estimates. 

Exhibit 3-4 provides equivalent MDIs for external inference used to address prospective 

research questions/external inference. We will only calculate standard errors for prospective 

research questions/internal inference for confirmatory and secondary outcomes on the full 

sample. We think that two-sided tests are more appropriate for external inference. Available 

evidence suggests that there is considerable inter-site variability in impacts. As a result, the 

MDIs for prospective research questions are more than twice the size of those for retrospective 

research questions. Nevertheless, the HPOG 2.0 sample sizes are so large (see Section 4 

61 See Section 3.1.5 for a discussion of the rationale for our rules on using one-sided and two-sided tests. 
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below) that even these external MDIs would allow detection of any policy relevant impacts and 

are therefore acceptable for pooled analyses. 

Exhibit 3-4: Minimum Detectable Impacts for Confirmatory and Secondary Hypotheses (on Pooled 
Sample, Analysis Optimized for External Inference) 

Statistic 

Completed or Still 
Enrolled in a 

Healthcare Training 
Program Receiving TANF 

Average Quarterly 
Earnings 

(For a single 
Quarter) 

Pooled across all 38 local programs 

At short-term follow-up 5.2 pp 3.0 pp $220 

At intermediate-term follow-up 8.0 pp 4.6 pp $220 

Note: MDIs based on 80 percent power with a 5 percent significance level in a two-tailed test, assuming 30,000 

randomized to treatment, 15,000 randomized to control, 10,400 interviews at short-term follow-up (split 2:1 between 
treatment and control groups, for 6,930 treatment cases and 3,470 control cases), 4,000 interviews at intermediate-
term follow-up (also split 2:1, for 2,700 treatment cases and 1,300 control cases), analytic procedures discussed in 
Section 3.2.3, baseline variables that explain 8 percent of the variance in the binary outcome and 20 percent of the 
variance in earnings. The standard deviations for the binary variables are based on 60 percent of controls having 
completed or still being enrolled in a healthcare training program and 8.8 percent receiving TANF. These percentages 
and the standard deviation estimate for earnings are based on the experience of controls in the HPOG 1.0 evaluation. 

3.3 GRANTEE AND PROGRAM-SPECIFIC ANALYSES 

As discussed in Section 3.1, the evaluation’s primary focus will be on the HPOG 2.0 Program as 

a whole—using a pooled analysis. Nevertheless, we are also interested in local effects and 

patterns in local effects. This section discusses our approach to estimating local effects. Section 

3.5 discusses our related approach to studying patterns in local effects. 

In HPOG 1.0, there was tremendous variation in the sample size across local programs and 

grantees. We expect similar variation in sample sizes for HPOG 2.0. This means that program-

specific effects for a few large programs can be estimated with reasonable precision, whereas 

precision for most program-specific effects will be very poor. So poor, in fact, that we would 

expect almost all findings of statistically significant positive effects to constitute substantial 

overstatements of true impact magnitudes.62 Bayesian statisticians such as Andrew Gelman 

advocate “shrinkage” adjustments to the impact estimates from underpowered local 

experiments (see Gelman, Hill, and Yajima, 2012).63 The idea is to reduce the magnitude of the 

underpowered estimated local effects in a principled manner rather than relying on narrative 

cautions about correct interpretations. This type of approach is well developed in international 

multi-center clinical trials (Quan et al., 2017), where there is variation in the effectiveness of a 

drug or medical device across individual countries and/or regions. We will apply these 

techniques to individual HPOG 2.0 with individual programs in the role of nations or regions in 

the referenced work. 

We will publish both standard estimates and the Bayesian shrunken estimates. The former will 

be more useful for future meta analyses. We will urge readers most interested in a specific local 

HPOG program to use the Bayesian shrunken estimates. 

62 This happens because the threshold for declaring statistical significance depends on the standard errors. Where 

standard errors are large, the only statistically significant impact estimates must also be very large. At the same time, 

large measured effects resulting from chance variations in the data become more likely with large standard errors. 

63 Shrinkage estimates involve shifting extreme local impacts toward the average impact under the theory that extreme 

local impacts are more likely due to chance than a truly remarkable local program. 
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We will place both sets of estimates in an appendix with a discussion of methods, but little to no 

discussion of the estimates themselves. This is because we as central evaluators are tasked 

only with evaluating the HPOG 2.0 Program as a whole. 

3.4 SUBGROUP ANALYSES 

We will estimate subgroup impacts for a limited set of outcomes. Analysis Plans for each of the 

three impact reports will designate the outcomes for which subgroup analyses will be conducted 

and specify the particular subgroups to be examined. Deferring the decisions allows them to be 

informed by results from HPOG 1.0 and other ongoing job training impact studies. 

We will estimate subgroup impacts by adding an interaction of treatment and a particular 

subgroup indicator. In terms of the pooled-program model for internal inference64 (i.e., Equation 

3.2), subgroup analysis for a binary split of the population is accomplished with the following 

equation: 

(Eq. 3.4) ji j ji ji ji g ji jiy d d g X        

where: 

 jig is a 0/1 indicator for subgroup membership; 

 𝛿 is the impact estimate for people not in the subgroup (gji = 0); 

 𝛿 + 𝛿𝑔 is the impact estimate for people in the subgroup (gji = 1); 

 𝛿𝑔 is the estimate of the difference in impact between the two subgroups; and 

 it is assumed that g is a component of X. 

In general, if we run the subgroup analysis, we will report the results (often only in an appendix), 

including a hypothesis test for the hypothesis that there is no difference in impact between the 

two subgroups ( 0g  ). Furthermore, our standard practice is not to discuss the results of 

subgroup analyses unless this test rejects homogeneity of impacts; that is, unless we find clear 

evidence that the impact is different in the two subgroups. This approach protects against over-

interpreting spurious null results (Bloom & Michalopoulos, 2013). 

For sets of related subgroups such as those defined by race/ethnicity, where we might have four 

subgroups of interest (non-Hispanic black, non-Hispanic white, Hispanic, and other), we will use 

a generalization of Equation 3.4 that includes separate indicator variables interacted with 

treatment for all but one of the groups (e.g., non-Hispanic white as the omitted category; 

separate terms for non-Hispanic black, Hispanic, and other) and test that the coefficients on all 

of these terms jointly equal zero—that is, that effects are the same in all subgroups. If this joint 

test for any interactions is significant, then we will discuss each of the individual subgroup 

impacts (even though they might not all be significantly different from one another). 

Finally, note that we will do subgroup analyses only on the pooled data. No single program will 

be large enough to support subgroup analyses. 

64 The issues are similar for pooled estimates, whether retrospective or prospective, but the notation is more complicated. 
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3.5 PROGRAM-LEVEL VARIATION IN IMPACT 

This evaluation’s RQ9 concerns how the impact of an offer of an HPOG 2.0 slot varies with local 

program characteristics. We will address this question using methods introduced to the literature 

by Bloom and colleagues (Bloom, Hill, and Riccio, 2003). Specifically, we will augment our 

pooled model for external inference (Equation 3.3) to include interactions of treatment with 

program-level variables: 

(Eq. 3.5) 
jjjj

jijkjjijjt

QZ

Xdy









 2

1 38 3, , ~ (0, )N  

where: 

 jZ is a set of program-level variables that might be at least partially under the control of 

HPOG 2.0 program directors and that might affect impact magnitude (candidates listed in 

Section 2.3.3); 

 jQ is a set of other program-level variables that might affect impact magnitude but that are 

beyond the control of HPOG 2.0 program directors (candidates listed in Section 2.3.3); 

 



is the set of parameters measuring the influence of the Z variables on impact magnitude; 

 is a set of “nuisance parameters” measuring the influence of the Q variables on impact 

magnitude; 

are independent and identical draws from a latent random variable 

reflecting unexplained variation in HPOG effects across sites; 

 the various errors ( , ,u  ) are all independent of one another; and 

 the other terms are as defined in (Equation 3.3). 

We propose to address such impact variation only for confirmatory outcomes—tentatively, 

educational progress (completed or still enrolled in a healthcare training program) for the Short-

Term Impact Report and earnings (for the longest duration observed for everyone randomized) 

for the Intermediate-Term Impact Report and the Longer-Term Impact Report. Furthermore, as 

discussed in Section 2.3.3, we will impose strict limits on the number of Z and Q variables to be 

considered.65 

Although the HPOG 2.0 evaluation will use individual-level random assignment, program 

characteristics are not randomly assigned. Thus, any analyses of the differential impact of 

program characteristics are non-experimental. Implicitly, these models assume that program 

characteristics are not correlated with unobservable shifters of program-level impact.66 

65 The methods proposed here only work when the Z and Q variables are measured from reliable sources. We are 

interested in using measurements based on treatment group member reports of their training experiences to augment 

Z and to use control group member reports of their employment outcomes to augment Q. However, because these are 

endogenous post–random assignment measures, this would require the use of new methods that are only partially 

developed. Exploring these models would require additional resources 

66 This assumption is implied by the assumption that the errors in the second equation of the model are identically 

distributed and independent of all other errors in the system. 
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Assumptions of this form are standard—if usually only implicit—in analyses of this type. They 

seem reasonable for exploratory analyses and hypothesis generation. We will explicitly discuss 

the required assumptions in our write-up of results. We will also note that any findings emerging 

from such models warrant exploration using methods with better internal validity; for example, 

new experiments that randomly assign program characteristics (perhaps within local programs 

or perhaps across local programs). 

3.6 DIFFERENTIAL IMPACT OF HPOG AND NON-HPOG TRAINING 

The HPOG 2.0 Program model implicitly assumes that HPOG-funded wrap-around services and 

financial assistance will lead to more training and thus to larger impacts for those participants 

trained. If additional funds are available, the evaluation will consider RQ10, which concerns the 

differential impact of an hour of HPOG 2.0 training relative to no training and relative to an hour 

of non-HPOG 2.0 training (see Heckman et al., 2000). Unlike the other research questions, 

which concern the impact of being offered a slot in HPOG 2.0, this research question concerns 

the impact of receiving training.67 

Crucially, and as we discuss at the end of this section, this analysis requires more and stronger 

assumptions than are required for conventional random assignment studies or even for Bloom 

et al.–like analyses. The crucial additional assumptions appear to be that the impact of HPOG 

comes through hours of training and whether that training is through HPOG or through non-

HPOG sources. At least in the model discussed here, there is an implicit assumption that while 

the impact of an hour of HPOG training might be different from the impact of an hour of non-

HPOG training, the impact of all hours of HPOG training is uniform (i.e., not related to other 

factors), as is the impact of all hours of non-HPOG training.68 That assumption is unlikely to be 

exactly satisfied. Nevertheless, we believe that these analyses are worth doing, despite those 

stronger assumptions. Our write-up of these analyses in reports of findings would carefully 

describe the required assumptions, consider their plausibility, and discuss how to think about 

the resulting estimates. 

If we pursue this analysis, we will use a modified version of the two-equation system (Equation 

3.5) to estimate the differential impact of receiving HPOG and non-HPOG training, relative to 

each other and relative to no training. Our approach postulates that the impact for a particular 

local program can be written as: 

(Eq. 3.6)    
 HPOGnon

dj
HPOGnon

djHPOGnon
HPOG

djHPOG

HPOGnon
djHPOGnon

HPOGnon
djHPOGnon

HPOG
djHPOG

djdjj

HHH

HHH

yy





















)0()1()1(

)0()1()1(

)0()1(
ˆ







where: 

 ĵ is the estimated impact for a given local program; 

 )0()1( ,  djdj yy are average outcomes, in this local program, for the treatment group (d=1) or 

control group (d=0), respectively; 

67 This research question is thus related to estimating the effect of treatment on the treated (TOT), whereas the other 

research questions estimate the intent-to-treat impact (ITT). 

68 Richer models relaxing that assumption are possible. It is unclear whether the available data would support them. 
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 HPOGnonHPOG  , are the parameters of interest; that is, the (assumed common across local 

programs) impacts of receiving either an additional hour of HPOG training compared with no 

training or an extra hour of non-HPOG training compared with no training; and 

 HPOGnon
dj

HPOGnon
dj

HPOG
dj HHH 



 )0()1()1( ,, measure the average hours of training received. 

The superscript in this last term indicates whether it is HPOG or non-HPOG training; the 

subscript indicates whether in the treatment group (d=1) or control group (d=0). (Implicitly, we 

assume no cross-over, so the control group gets no HPOG training.) 

Consider the first line of Equation 3.6. It says that the net impact for a program on, say, earnings 

is the difference in mean earnings for the treatment group and mean earnings for the control 

group. Then the second line says that, relative to no training: 

 earnings for the treatment group are higher than for the untrained because of the HPOG 

training they receive HPOG
djH )1(  and the non-HPOG training they receive HPOGnon

djH 
 )1( ; where 

HPOG and HPOGnon are the impacts of an hour of HPOG training and non-HPOG training, 

respectively, compared with no training; and  

 earnings for the control group are higher than for the untrained because of the non-HPOG 

training they receive HPOGnon
djH 
 )0( ; where HPOGnon is the impact of an hour of non-HPOG 

training compared with no training. 

In Equation 3.6, longer training by the treatment group clearly increases impact; longer training 

by the control group decreases impact. 

Funding permitting, we will estimate this model for earnings in the Intermediate-Term Impact 

Report. We will not estimate the model or report results in the Short-Term Impact Report (see 

the discussion of reporting in Chapter 4). We will estimate the model using instrumental 

variables methods in which the key (i.e., excluded) instruments are interactions of treatment 

(i.e., being randomly assigned to the offer of treatment) and program dummy variables. These 

models date back (at least) to Kling, Liebman, and Katz (2007) and have more recently been 

explored by Raudenbush and Bloom (2015) and by Bloom and colleagues (in press). 

This approach can be motivated by the third line of Equation 3.6. We observe hours of training 

(HPOG and non-HPOG, for the treatment group and for the control group, in each program, j: 
HPOGnon

dj
HPOGnon

dj
HPOG

dj HHH 



 )0()1()1( ,, ) and can estimate the ITT impact for each program ( j ). With two 

programs, this is a system of two linear equations (Equation 3.6 for each program) and two 

, HPOGnonHPOG  ,unknowns: the impacts of an additional hour of HPOG and non-HPOG training: 

each quantity assumed to be the same across the two programs. Thus, with data on at least two 

programs, we can estimate the impacts of an additional hour of HPOG training and of an 

additional hour of non-HPOG training. (Section A.6 in Appendix A provides more detail.) 

Our instrumental variables approach implements this insight on the individual-level data, with 

more than two programs, and allowing for estimation error. Instrumental variables also allows 

including individual-level covariates and (up to the small number of programs) program-level 

covariates. 
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From a two-stage least squares perspective, the instrumental variables estimator can be 

expressed as follows. The main (“second stage”) equation is a simple generalization of Equation 
3.3 (the external inference estimator): 

(Eq. 3.7) jiji
HPOGnon

jiHPOGnon
HPOG
jiHPOGji XHHy   



However, HPOGnon
ji

HPOG
ji HH , are not randomly assigned, but instead endogenous—arising from 

individual choices. Instead, we instrument for (i.e., predict and then insert the predictions into 

Equation 3.7) HPOGnon
ji

HPOG
ji HH , with interactions of the local program with treatment using the 

following “first stage” equations: 

(Eq. 3.8) 
HPOGnonHPOGnon

jijij
HPOGnon

j
HPOGnonHPOGnonHPOGnon

ji

HPOGHPOG
jijij

HPOG
j

HPOGHPOGHPOG
ji

jijj

jijj

uXdffH

uXdffH

 







0

0

In words, we “predict” the key endogenous covariates—hours of HPOG training 
HPOG
jiH and 

hours of non-HPOG training 
HPOGnon

jiH 
—using a linear regression. The two equations are 

analogous. We discuss the first one. 

 The first term on the right side of the equation is a constant, . 
HPOG

0


 The second term is a site-specific dummy variable (written as the product of a coefficient for 

how hours of HPOG training for participants in local program j differ from average hours of 

HPOG training across all programs j, 
HPOG

j
 and an indicator variable for program j, jf ). 

 The third tem is the interaction of treatment status and the site dummy variables 

(specifically, it is the product of three terms: a coefficient for how participation in HPOG 

training at local program j affects hours of HPOG training received j, 
HPOG

j
 ; the dummy 

variable for program j, jf ; and the individual specific treatment dummy variable, jid ). 

 The fourth term is a conventional set of covariates—identical to those in the main 

equation—and their corresponding regression coefficients, 
HPOG

jiX  . 

 The fifth term is a regression residual, . 
HPOG

ji
u

The heuristic is the same. In particular, note that the model assumes that the only things that 

cause impacts to vary across local programs are receipt of hours of HPOG and non-HPOG 

training for the treatment and control groups. With more than two local programs, this 

assumption can be relaxed slightly. For example, we could stratify the analysis by individual-

level characteristics at baseline or by program characteristics, leading to different impact 

magnitudes for programs with different characteristics or participant types. Funding permitting, 

the Analysis Plan corresponding to the Intermediate-Term Impact Report will include more 

discussion of these specifications. 

As was true about the models of the previous section, the analyses of the differential impact of 

receipt of hours of HPOG and non-HPOG training of this section are also non-experimental. 
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Implicitly, these models assume that local programs (i.e., locations) with more hours of HPOG 

and non-HPOG training only have differential outcomes through this variation in the hours of 

training received from those two sources. In particular, this rules out the possibility that HPOG 

2.0 local programs that induce people to get more training also run programs with larger impacts 

per hour of training. In addition, any impacts of wrap-around services and financial assistance 

come through inducing more hours of training. Assumptions of this form are needed for these 

analyses. They seem reasonable for exploratory analyses and hypothesis generation. 

As with the analyses of the program level impact variation (Section 3.5), any findings emerging 

from estimates of such models should induce further exploration of the findings in future random 

assignment studies. For example, HPOG 1.0 results indicate that a major way in which HPOG 

programs differ from non-HPOG programs is that they provide considerably more support 

services. This was true for every category of support services examined. Particularly large 

effects were found on receipt of peer-support services (from 5.7 percent in the control group to 

9.5 percent in the treatment group), career counseling services (from 15.4 in the control group 

to 25.2 percent in the treatment group), and job search services (from 19.2 percent in the 

control group to 30.8 percent in the treatment group).69 If we found that an hour of HPOG job 

training was much better than an hour of non-HPOG job training, we might consider a three-

armed experiment: control, training but not support services, and training with HPOG-like 

support services. 

These analyses also provide estimates of a treatment-on-the-treated (TOT) concept. For this 

application, TOT analysis answers the question, If I get another hour of HPOG/non-HPOG 

training, how much will my earnings increase? This is the policy question for a potential trainee 

deciding whether to start training and to stick it out. It is a different policy question from the ITT 

policy question, What is the effect of being offered HPOG training? The difference between the 

two answers is likely to be particularly large for HPOG 2.0 because training is likely to be quite 

common in the control group; that is, those not offered an HPOG slot. Considerable training 

among those randomly assigned to the control group is a common finding in recent job training 

programs (e.g., McConnell et al., 2016; Peck et al., 2018). 

Rates of training among the control group might plausibly be even higher in HPOG 2.0. This is 

because when randomization is conducted by staff associated with a particular training 

program, random assignment to the control group makes that training program unavailable. For 

HPOG 2.0 (as for HPOG 1.0), however, the grantees are not primarily training providers. 

Instead, HPOG 2.0 grantees usually provides referrals and support services. Thus, being 

assigned to the control group does not usually bar the HPOG 2.0 participant from any job 

training program. Anecdotal evidence suggests that, in fact, treatment and control group 

members often literally sit in the same classroom. 

3.7 SENSITIVITY TESTS 

This chapter has specified both methods for the primary analyses and a set of alternative 

analyses to be done as sensitivity tests. Our approach builds from a broad philosophy. In 

contrast, the literature includes a range of alternative analytic approaches, many of which have 

great promise. Nevertheless, they are non-standard or induce considerable additional 

complication. 

69 Peck, et al. (2018), Exhibit 3.2. 
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At several places in this document, we identify such alternative approaches, but propose them 

as sensitivity analyses. Those places include: 

 Constructing nonresponse weights. It is possible that using post-randomization 

administrative data on outcomes in constructing follow-up survey nonresponse weights will 

improve results. Analyses of HPOG 1.0 suggest that that is not true for those data. Our 

primary analyses will not use that information in weight construction (Section 3.1). That 

strategy preserves replicability. The administrative data will not be included in the public use 

file. Using NDNH variables in the primary results would make them unreplicable by those 

using the public use file. We will, however, report sensitivity analyses that do use such post-

randomization administrative data on outcomes in constructing survey non-response 

weights. 

 Covariate selection. Our primary approach pre-specifies several sets of covariates based 

on reanalysis of HPOG 1.0 data (see Section A.1 in Appendix A). Our tentative thinking is to 

use one set of covariates for analyses run on the ACF server on labor market outcomes, a 

second set of covariates for educational progress outcomes run at Abt Associates, and a 

third set of covariates for family well-being and all other analyses also run at Abt. An 

alternative is to optimize covariate selection for each individual outcome, using methods that 

control for overfitting. As discussed in the Appendix A, LASSO appears to be an attractive 

such approach. We will explore this approach in a sensitivity analysis for the confirmatory 

outcomes and a limited number of secondary outcomes. 

 Multiple imputation for missing covariates. For missing covariates, we propose to follow 

Puma et al. (2009) and use single imputation with a dummy missing variable flag (see 

Section 3.1). This was the strategy used in PACE. In contrast, HPOG 1.0 used multiple 

imputation. The HPOG 1.0 team reported that using multiple imputation substantially 

increased run times and was not feasible (no appropriate existing software) for some of the 

more complicated analyses. We will explore multiple imputation for sensitivity analysis 

purposes. 

 Multiple imputation for missing outcomes. As discussed in Section 3.1.2, for most 

analyses we will simply drop observations with missing outcome variable values from the 

analysis. Also as discussed there, we will use single-imputation for components of complex 

multi-variable constructs provided that enough other components are present. We will 

explore using multiple imputation instead of these approaches in a sensitivity analysis. 

 Retrospective methods. As noted in Section 3.2, we will treat the prospective approach to 

hypothesis testing as primary. We will also report statistical significant test results under the 

retrospective approach in a sensitivity analysis. 

Which of these sensitivity analyses we will pursue and with what intensity will be determined 

based on available resources, further developments in the literature, and patterns of results. In 

particular, outcomes that loom large in our interpretation of the results. Our general strategy is 

to do sensitivity analyses for confirmatory outcomes. We may also explore sensitivity analyses 

for some secondary outcomes. We defer which if any secondary outcomes to consider for 

sensitivity analyses until after we see the results. 
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4.  TIMING  AND  OPEN  ISSUES  

This final chapter considers timing of randomization and data collection (Section 4.1), reporting 

plans (Section 4.2), and open issues for consideration in a future Analysis Plan for the study 

(Section 4.3). 

4.1 TIMING OF RANDOMIZATION AND DATA COLLECTION 

Exhibit 4-1 below provides a project timeline. For the Impact Evaluation, this timeline lays out 

the timing of randomization, major data collection events, and study reports. 

Randomization started in 36 of the 38 local programs between February and May 2016, and in 

all sites by September 2016. The exhibit assumes that randomization will end 48 months after a 

given site began randomization. Thus, randomization will end between February and September 

2020. 

Pending funding, HPOG grant awards are for 60 months. No randomization occurred in the 

early months as grantees planned for and initiated their programs and got them approved by 

OFA. No randomization will occur toward the end of the project, because there will not be 

enough time for new entrants to complete (especially longer) programs. HPOG 1.0 experience 

suggests that some local programs will get no-cost extensions to spend out their funds and 

reach their enrollment targets beyond the 60 months.70 On net, 48 months is a reasonable 

working assumption, implying an end to random assignment for the latest-starting grantees in 

July 2020. 

The 38 study local programs are currently randomizing, very roughly, 1,000 individuals per 

month. Being conservative, we assume 2,500 individuals per quarter and 10,000 per year on 

average across the entire 48-month period. 

We designated the early months of randomization (through September 2016) as a “pilot period.” 
The results of the pilot period indicated that the programs were sufficiently mature to include the 

pilot period in the final analyses. All of these cases will be available and used in administrative 

data analyses that use NDNH and NSC data. 

The contract includes Short- and Intermediate-Term Surveys. Only some of the cohorts 

randomized will be surveyed. Cohorts included in the survey are indicated in Exhibit 4-1. The 

current plan is for the Short-Term Survey to include those randomized from March 2017 to 

February 2018 (a 12-month interval) and to be fielded from June 2018 to September 2019, with 

data available for analysis in November 2019.71 The Intermediate-Term Survey is expected to 

include those randomized from September 2017 to December 2017 (a four-month interval) and 

to be fielded from September 2020 to June 2021, with data available in August 2021. 

70 Even if programs randomize slightly longer, late-randomized individuals at the end of a program are often different. 

The length of training is truncated by the end of the grant. Furthermore, as the end of funding nears, program staff 

often disperse to take new positions. 

71 For planning purposes, we presume that survey data will be available for analysis approximately six months after the 

last case randomized in the survey cohort is released for interviewing; that is, four months in the field and two months 

for post-field data preparation (e.g., coding open-ended responses, creating weights). In practice, we usually request 

an uncleaned interim data file about halfway through the field period. We use those early data to begin to develop 

data preparation software programs (data cleaning, creating derived variables). 
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Exhibit 4-1: Project Timeline 

Current Plan 2016 2017 2018 2019 2020 2021 2022 2023 2024 

Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 

Randomization 

Short-Term Survey 
cohort intake 

Intermediate-Term 
Survey cohort 
intake 

Short-Term Survey 
field period 

A 

Intermediate-Term 
Survey field period 

A 

NDNH data CT1 P1 CT2 P2 CT3 P3 

NSC data P1 P2 P3 

Drafts D1 F1 D2 F2 D3 F3 

Key: Full quarter Partial quarter 

A = Survey data available 

CTn = data source Complete Through for <first/second> report 

Dn = Draft of <Short /Intermediate/Longer-Term> report 

Fn = Final of <Short/Intermediate/Longer-Term> report 

Pn = Pull data for <Short/Intermediate/Longer-Term> report 

Assumptions: 

Survey data available approx. 3 months after close of survey period. 

NDNH data complete 6 months after close of period covered. 

Need 6 months from data availability to submission of draft report. 
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Early projections of sample accumulation suggest that it may be necessary to include additional 

cohorts to reach the target sample sizes (10,400 for the Short-Term Survey; 4,000 for the 

Intermediate-Term Survey). We will return to that issue and its implications in the Analysis Plans 

corresponding to each of those two impact reports. 

NDNH data are complete, with a lag of about six months; for example, the data for a quarter 

ending in December is available early in the following July. NSC data appear to be available 

with minimal lag. 

4.2 REPORTING 

We propose three reports for the Impact Evaluation. Exhibit 4-2 indicates the timing and the 

data to be included in each proposed report: 

 Short-Term Impact Report—will include analyses of the Short-Term Survey data and all 

administrative data (NDNH and NSC) available consistent with the earliest possible report 

on the Short-Term Survey results. 

 Intermediate-Term Impact Report—will include analyses of the Intermediate-Term Survey 

data and all administrative data (NDNH and NSC) available consistent with the earliest 

possible report on the Intermediate-Term Survey results. 

 Longer-Term Impact Report—will include analysis only of administrative data (NDNH and 

NSC), as there are currently no plans for another survey after the Intermediate-Term 

Survey. The report is timed for the longest possible follow-up consistent with the term of the 

contract’s impact analysis task, which must be completed by September 30, 2024. 

Exhibit 4-2: Report Timing and Sample Sizes 

Short-Term Intermediate-Term Longer-Term 

Report 

Survey 15-month 36-month <none> 

Sample size (completes) 10,400 4,000 <none> 

Field period 6/2018–9/2019 9/2020–6/2021 <none> 

Data available for analysis 11/2019 8/2021 <none> 

NDNH data available through 2019 Q2 2021 Q1 2023 Q1 

NSC data available through 11/2019 8/2021 9/2023 

Draft Analysis Plan 8/2019 4/2021 12/2022 

Draft Impact Report to OPRE 7/2020 1/2022 3/2024 

NDNH Sample Sizes (at least) 

1 year of follow-up 27,5000 40,000 40,000 

2 years of follow-up 17,500 33,500 40,000 

3 years of follow-up 7,500 23,500 40,000 

4 years of follow-up 10,500 30,000 

5 years of follow-up 20,000 

6 years of follow-up 10,000 

Note: Survey data are available approximately two months after end of field period (allowing time for coding open 

ended responses, creating weights, etc.). NDNH data are complete, with lag of about six months; NSC data appear to 
be available with minimal lag. Schedule assumes draft Analysis Plan to OPRE 15 months before draft of 
corresponding Impact Report. NDNH sample sizes conservatively assume 2,500 individuals randomized per quarter. 

As is implicit in the NDNH sample sizes provided in the bottom panel of Exhibit 4-2, individuals 

randomized later will have shortened follow-up periods in administrative data. As a result, 

Abt Associates 4 Timing and Open Issues ▌pg. 65 



 

    

        

       

         

       

        

        

           

        

         

          

        

         

            

         

        

         

       

          

           

          

         

     

         

      

        

         

            

         

         

           

         

             

         

        

         

           

 

                

       

       

            

           

          

sample sizes for administrative data analysis will be smaller for longer follow-up periods, 

because individuals randomly assigned later in the intake process do not reach longer-term 

milestones by a given data collection cut-off date. In light of these circumstances, we will 

conduct analyses with a common sample (i.e., everyone for whom we have three years of 

follow-up data, analyzed through one, two, and three years of follow-up.) We will also conduct 

limited analyses to explore sensitivity to cohort composition effects. Finally, to explore change 

over time, we will estimate the change in earnings for adjacent pairs of periods (e.g., quarters, 

years) for everyone observed in that pair of periods. 

All reports will include appendices containing program-specific impacts for all programs. We 

defer to the Analysis Plans corresponding to each report the decision regarding the exact 

outcomes to be reported for each local program. The tentative plan is to report program-specific 

impact estimates for confirmatory outcomes and some secondary outcomes, but not for 

exploratory outcomes. For many of the local programs, samples will be too small to generate 

reliable estimates of impact. The estimates might nevertheless be of interest for meta-analyses. 

Text introducing the appendix will note this issue. 

Program-specific sample sizes will be even smaller for some purposes. For earlier reports, 

fewer people will have reached the targeted duration of analysis for a report. Simple projections 

suggest that no program would be large enough to support even one year of post-randomization 

NDNH-based estimates as of the Short-Term Impact Report (i.e., 15 months). Even the 

Intermediate-Term Impact Report (i.e., 36 months) would support only one year of post-

randomization program-specific estimates based on NDNH data. The Longer-Term Impact 

Report would support program-specific estimates through three years post-randomization for 

the largest programs. In each report-specific Analysis Plan, we will return to these issues with a 

more detailed analysis of projected sample sizes and resulting statistical precision. 

Only the first report will include program-specific survey-based estimates, at short-term follow-

up (15 months). The Intermediate-Term Survey is too small to support program-specific 

analyses, even for the largest programs. We defer until the Analysis Plan corresponding to the 

Short-Term Impact Report decisions on which program-specific results will be reported. 

Methodological work on interpreting multi-site estimates strongly rejects narrative synthesis; that 

is, discussion of how estimated impacts relate to program characteristics, but without a formal 

statistical analysis (Bloom et al., 2003; Greenberg, Michalopoulos, & Robins, 2003; Greenberg, 

Meyer, Michalopoulos, & Wiseman, 1994, 2003; Hotz, Imbens, & Klerman, 2006). There are too 

many possible explanations for larger or smaller impacts in certain sites; and in general, 

precision is not sufficient to distinguish between more and less effective programs. Consistent 

with this methodological work, the Impact Evaluation will not attempt narrative synthesis. 

Instead, all cross-program analyses will be done through formal statistical models (see Section 

3.3). 

If funds are allocated to estimating the differential impact of receipt of another hour of HPOG 

versus non-HPOG training (RQ10, Section 3.6), those results will appear starting with the 

Intermediate-Term Impact Report and only for earnings through three years post-randomization. 

Exhibit 4-3 provides a working outline for the HPOG 2.0 Short-Term Impact Report. In particular, 

we will provide minimal discussion of methods and data in the body of the report; this 

information will be provided in an appendix and by reference to this document and to the 

Abt Associates 4 Timing and Open Issues ▌pg. 66 



 

    

     

        

    

 

    

             

             

         

      

      

    

           

  

        

           

          

  

           

        

          

      

          

        

  

 
 

  
  

 
  

 
 

  

 
  

  
  

 
 

 
 

Analysis Plans released to date. Consistent with recent shifts towards shorter main documents 

that focus on main findings, some analyses will be reported only in appendices. 

Exhibit 4-3: Working Outline for Short-Term Impact Report 

I. Background 
OPRE Career Pathways portfolio, program background (program design as per funding statement, sample size, 
random assignment), methods (theory of action, concept of impact, estimation by random assignment), existing 
literature, data, other reports, plan for the document 

II. Programs and Participants 
Program characteristics (map, list of grantees, other), participant characteristics (at baseline, programs of study 
chosen), balance testing 

III. Impacts on Outputs and Intermediate Outcomes/Services Received 
Training (start, weeks, hours, complete), financial assistance, counseling/support services, credentials (degrees, 
external certificates), education (start, weeks, hours, complete), education credentials, education (from NSC), 
attitudes 

IV. Impacts on Later Outcomes 
Employment (from NDNH), earnings (from NDNH), terms of employment, income, transfer program participation, 
food security, housing stability, family structure 

V. Variation in Impacts across Programs 
Note on methods, note on data, results for training received 

VI. Discussion 
Summarize findings, consider relation to broader literature, discuss program and policy implications, next steps. 
Unless otherwise noted, all outcomes measured in Short-Term Survey. Subgroup findings (differential impacts by 
individual characteristics) included in Chapters III and IV 

Appendices 
Data, methods, more pooled results, more subgroup results, program-specific results 

4.3 OPEN ISSUES 

Analysis Plans for each of the three impact reports will provide additional detail on the analyses 

for each of the reports; we anticipate preparing drafts of the Analysis Plans by August 2019, 

early 2021, and early 2023. Deferring some decisions to the Analysis Plans also seems wise 

because we expect additional analytic and substantive insights from ongoing HPOG 2.0 

analyses, from HPOG 1.0 and PACE analyses, and from broader substantive and 

methodological developments in the field. 

Specific areas deferred to the Analysis Plans (and where they are discussed in this document) 

are as follows: 

 Finalizing definitions of outcomes and their allocation to confirmatory, secondary, and 

exploratory status (Section 2.2). Even given these finalized lists, we expect some additional 

changes to the exploratory outcomes as analysis proceeds (but not to the confirmatory or 

secondary outcomes). 

 Finalizing the list of candidates to serve as impact regression covariates (Section 2.3.1) and 

their specification. As discussed in Section 3.1.1, we will then apply a selection algorithm to 

this full list of candidate covariates. We defer the details of this algorithm to the Analysis 

Plan corresponding to the Short-Term Impact Report. 

 Finalizing other lists of variables—subgroups (Section 2.3.2), program characteristics 

(Section 2.3.3), and local economic indicators (Section 2.3.3)—and their specification. 
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 Finalizing methods for handling all types of missing data, including the construction of 

survey nonresponse weights (Section 3.1.2). 

 Finalizing methods for variance estimation for pooled analyses, for both internal and 

external inference (Sections 3.2.2 and 3.2.3). 

 Finalizing methods for Bayesian estimation of the local effects of individual programs 

(Section 3.3). 

 If additional funds are available, specifying methods for using student survey responses to 

questions on instructional practice to explore cross-program variation in program impacts 

(Sections 2.3.3 and 3.3). 

 If additional funds are available, specifying instrumental variables methods for estimating the 

differential impact of receipt of HPOG and non-HPOG training (Section 3.6). 
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