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Abstract

This paper poses a question of direct relevance for welfare adminigtrators, program
operators, and policy makers: What management practices, program strategies, and local
conditions are key to running effective wdfare-to-work programs? To address this
question, the present anaysis links detailed measures of program characteristics to vaid
and precise estimates of program impacts on short-term earnings. The data for the
andyds are drawn from three random assignment studies conducted by MDRC of
welfare-to-work programsin 59 sites across the U.S. (with a combined total of 69,399
welfare clients): Cdifornia' s Greater Avenues for Independence (GAIN) program,
Florida s Project Independence (PI), and the National Evauation of Welfare-to-Work
Strategies (NEWWS). The findings indicate thet, other things being equd, program
impacts on earnings during the first two years after random assgnment are largest when
programs strongly emphasi ze employment, provide personaized attention, and do not let
staff caseloads become large. The paper dso finds that short-term impacts on earnings are
gmaller where unemployment is high. Future papers will address corresponding questions
about other labor market and welfare outcomes in the short and longer term.
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Chapter 1
I ntroduction

The overriding goa of the present study isto help improve the performance of human
service organizations. The specific objectives that flow from this god are thregfold: (1) to
provide a conceptua and statistica framework for studying the determinants of the performance
of such organizations, (2) to illustrate how this framework can be used to study the performance
of aparticular type of human service organization—welfare-to-work programs, and (3) to
report empirica findings about these programs that are substantively important in their own right.
To accomplish these god's, the study uses data from randomized experimenta eva uations of
three mgjor welfare-to-work programs that operated during the 1990s. Cdlifornia s Greater
Avenues for Independence (GAIN) program, Florida's Project Independence (PI), and the
Nationa Evauation of Wdfare-to-Work Strategies (NEWWS).

Specificdly, the present study estimates the effects of program management, program
services, economic environment, and client characteritics on the performance (impacts) of the
preceding programsin terms of one key outcome—mean client earnings during the first two
years after random assgnment.! Findings from the study—~based on randomized experimentsin
59 locations with atota of 69,399 program and control group members—suggest that, holding
other factors constant (ceteris paribus):

Management choices and practices matter a lot. Program impacts increase
subgtantialy when a program is managed in such away as to provide a clearer and
more cong stent focus on quick employment and/or greeter staff emphasis on
personaized atention to their clients. Program impacts decrease subgstantialy when
dtaff casdloads are large.

I ncreased reliance on basic education reduces short-run effects. Offices that
rely more on basic education have lower impacts on client earnings during the first
two years after random assignment, other factors equal, compared to offices that
rely rdaively less on basc education services.

Economic environment plays an important role. Program-induced earnings
gans are larger in areas with lower unemployment rates.

Program effectiveness varies inconsistently with client characteristics. No
clear pattern emerges whereby program impacts are conastently larger or smaler
for more disadvantaged or less disadvantaged clients. For example, there are no
datigticaly significant relationships between program impacts and dients age,
race/ethnicity, or pre-program earnings. And while impacts are larger than average

! Future analyses will explore corresponding findings for other labor market and welfare outcomes and over
alonger period of follow-up.



for clients with at least a high school degree or GED, they are d o larger for clients
who had been receiving welfare payments consistently for at least one year prior to
the program, and for those with three or more children.

To hep motivate, present, and explain these findings and how they were derived, the
paper proceeds as follows. The current chapter provides an overview of the policy context of
the andlyss and introduces the issues to be addressed. Chapter 2 outlines the analytic
framework used. Chapter 3 describes the settings, the sample, and the measures to which the
andytic framework was applied. Chapter 4 reports the empirica findings that were obtained
and Chapter 5 concludes the paper with a summary of its main findings and a discussion of next
steps for future research.

1.1 Improving the Performance of Human Service Or ganizations®

Human service organizations can be defined in many ways, but in generd, they comprise
“forma organizations explicitly designed to process and change people’ (Hasenfeld and English,
1974). Such organizations include, among others. schools, employment agencies, welfare
agencies, correctiond inditutions, hogpitals, and menta hedth clinics. Although the place of
human sarvices in modern society isfairly secure, public complaints about their inadequate
performance and cdls for their reform are as old as the indtitutions themselves.

Improving the performance of human sarvice organizationsis a difficult task, in large
part because rigorous empirica evidenceis sordly lacking on the question of “what works best
for whom?’ If socid scientigts are to help fill thisinformation gep, they must make considerable
progress on at least two challenging fronts: (1) improving the measurement of performance, and
(2) increasing knowledge about what drives performance. Clearly, it is not possible to know
whether performance has improved if one cannot measure it. Equaly clearly, it is very difficult to
improve performance if one does not know what affectsit.

1.2 Measuring Performance

Measuring the performance of a human service organization requires a clear
Specification of the organization’sintended outcomes and an ability to identify its contribution to
those outcomes.

1.2.1 Specifying Intended Organizational Outcomes

The fird requirement—the existence of clearly specified outcome measures—ismuch

easer to meet for a profit-making firm than it is for a human service organization, which typicaly
is agovernment agency or a non-profit entity. Among for-profit firms, the primary benchmark of

2 The remainder of Chapter 1 draws heavily on an earlier paper on this project (see Riccio, Bloom, and Hill,
2000).



success—finandd profit—is both objective and easy to measure.®* Among human service
organizations, however, success is much harder to gauge.

Part of this difficulty slems from the multiple gods that exist for human service
organizations. For example, schools are expected to develop generd literacy, numeracy and
reasoning skills, impart knowledge of subject areas, and help socidize young people. Similarly,
correctiond indtitutions often are expected both to separate dangerous individuds from the rest
of society (incarcerate them) and to reduce the likelihood of their committing future crimes
(rehabilitate them). Likewise, wefare-to-work programs often strive to increase the
employment of participants, reduce their dependence on welfare, reduce their poverty, and
improve the qudity of their lives and the lives of their children.

In practice, these multiple goa's often conflict with each other (for example, reducing
welfare receipt can increase poverty if not accompanied by corresponding earnings gains) and
different stakeholders (program participants, service providers, and taxpayers) often do not
agree on the rlaive priority of gods. Thus, it isdifficult, if not impossible, to capture the
performance of a human service organization with a universally acceptable “ bottom-line’
measure.

Measuring performance is aso difficult when the desired outcomes are partly or wholly
intangible. For example, standardized tests of student achievement, rates of recidivism among
former prison inmates, and quality-of-life questions on surveys of former welfare recipients often
fall to reflect fully the complex nature of the educationd, rehabilitative, and life improvement
godsthey are intended to represent.

1.2.2 ldentifying Organizational Contributionsto Intended Outcomes

Even for tangible outcomes that can be measured precisdly and objectively, data limited
to an organization’s own clients are not enough to gauge its performance, because such data
cannot isolate the unique contribution that the organization makes to those outcomes. This
contribution—often referred to as the impact of or value added by an organization—isthe
change in outcomes caused by the organization. Measuring thisimpact requires not only data
on client outcomes but aso corresponding information about what those outcomes would have
been without help from the organization. This latter condition is often caled a* counterfactud.”
Idedlly then, the performance of an organization should be measured as the difference between
its actud client outcomes and the counterfactud.

Such evidence is very difficult to obtain, especidly in red time on an ongoing basis for
an operating program. Although the program evauation literature is replete with methods for
ng program effectiveness (Cook and Campbell, 1979), it iswidely acknowledged that

% Even for-profit firms have other important goals, such asincreasing their stock price or market share.
Thus, they have more than one measure of success.



the mogt valid approach for doing so is arandomized experiment (Betsey, Hollister, and
Papageorgiou, 1985). Using this approach, individuas targeted for services are randomly
assigned (through alottery-like process) to either aprogram group that is offered assstance or
acontrol group that is not. Because the assgnment process is random and al sample members
have the same chance of being sdected for the program, systematic differences in the measured
and unmeasured characterigtics of the two groups are diminated, if the sampleis sufficiently
large.

Because the subsequent outcomes of the control group accurately reflect what the
program group’ s outcomes would have been without the program, the difference between the
two groups outcomes provides avaid estimate of the organization's effect, or impact. For
example, if 50 percent of aprogram group in awelfare-to-work initiative found employment
compared with only 40 percent of the control group, the 10 percentage point difference in their
outcomes represents the impact or added val ue attributabl e to the program.

Because of their ability to provide valid program impact estimates, randomized
experiments are now widdly used to evauate many types of human service organizations and
have played an especidly prominent role in the evauation of employment and training programs
(Friedlander, Greenberg, and Robins, 1997; Greenberg and Shroder, 1997).

1.3 Modeling Performance

To date, randomized experiments have been more successful at documenting the
effectiveness of human service programs (or lack thereof) than they have been at explaining
why these programs are or are not effective. However, if future performance of programsisto
be improved, a better understanding is needed of what accounts for success. Thiswill require
going beyond the design of previous experiments, which amost exclusvely test the effects of
whole programs, not their congtituent parts.

Thislimitation is often referred to as the “black box” problem. Unpacking the black box
requires determining how impacts are affected by the nature of the services provided, the
manner in which they are implemented, the types of clients who receive them, and the
environment in which they are provided.*

Multi-Site experiments that measure program impeacts for each site and collect dataon
dgte-related factors that are hypothesized to affect these impacts offer perhaps the best
opportunity for studying the determinants of program performance (Greenberg, Meyer, and
Wiseman, 1994). With thisinformation it is possible to mode the variation in impacts across
sStesin terms of corresponding differencesin site and sample characteritics.” The feasibility of

* Sherwood and Doolittle (1999) discuss the use of implementation research to explain the results of impact
analyses.

® Riccio and Orenstein (1996) and Riccio and Hasenfeld (1996) use this approach to study the GAIN
programin California.



such andyses hasincreased congderably in recent years given advances in the satistica theory
of hierarchica models (Bryk and Raudenbush, 1992) and the development of software to
estimate these models (Raudenbush et &., 2000).°

Although promising, this gpproach is not foolproof. For one thing, even though evidence
of each ste's performance (impact) is based on arandomized experiment, statistical models
used to estimate rel ationships between impacts and site and sample characteristics are non-
experimenta. Hence, they are subject to the same uncertainties that are inherent in any non-
experimentd andyss.

In particular they are vulnerable to specification error, which can occur when
important variables are |eft out of amodd.” When this happens, part of the influence on
program impacts of the left-out variables is attributed to the variables that are included in the
modd. Thiswill bias estimates of the effect of the included variables. The direction of such
biases can be pogtive or negative, and hence, they can cause mode-based estimates to
overgtate or understate the influence of any given factor on program impacts.

Furthermore, given the complexity and cost of conducting a randomized experiment in
many different locations, most past experiments have been confined to asmal number of Stes.
This serioudy limits the number of factors whose independent relationships to program impacts
can be examined. In addition, it increases the potential for specification bias due to left-out
variables, because degrees of freedom must be conserved in empirica models.

The present paper uses a comparison-of-gtes srategy to develop a hierarchica model
of the relationships between impacts of welfare-to-work programs and four types of program
features. Two drategies are used to address (but not diminate) the inherent limitations of such
modeds. Firgt, to ded with the problem of specification error due to left-out variables, the
present study draws on an unusualy rich database with information on a variety of program
dimengons Including multiple program measures in the mode reduces the number of potentialy
important left-out program variables. Second, to ded with the smdl-number-of- sites problem,
the present analys's uses a pooled sample from three large multi- Site experiments conducted by
the Manpower Demondtration Research Corporation (MDRC). This combined sample of
experiments provides information for a substantid number of sites (59 locd program offices)
plus data for large client samples at each Site (averaging atota of 1,117 program and control
group members per Site).

The GAIN, PI, and NEWWS experiments predate the 1996 Persona Responsibility
and Work Opportunity Reconciliation Act (PRWORA) and the Temporary Assistance for

® Asdiscussed in section 2.2.2, these models are also known as mixed models, random effects, random
coefficient, or variance component models. Other software packages used to estimate these models include
SAS Proc Mixed, Stataglamme, and VARCL, among others.

" Greene (1997) pp. 399-404 and Pindyck and Rubinfeld (1998) pp. 184-187 discuss this well-known problem
in econometrics.



Needy Families (TANF) program thet it created (the cornerstone of recent welfare reform).®
Neverthe ess, these experiments provide the best existing way to study the effects of
characteristics of mandatory welfare-to-work programs on their performance. Only by pooling
data from a series of large-scae, multi-Ste experimentsisit possble to identify the reationships
between program characterigtics and vaid estimates of the impacts they created. And, to our
knowledge, only these three experiments provide consstent detailed quantitative information
about how the programs being studied were managed and ddivered. Thus, unlike virtudly al
past research on the determinants of sociad program performance, the current study focuses
directly on factors that lead to program+-induced changes in dient outcomes, not just the
outcomes themselves. Furthermore, the types of relationships analyzed are not unique to the
pre- TANF era, and thus most likely generdize to current welfare programs and redlities.

8 The two-year follow-up period for members of the present analysis sample ranges from March 1988 to
June 1992 for GAIN, from January 1991 to August 1993 for Pl and from June 1991 to December 1996 for
NEWWS,



Chapter 2
Analytic Strategy

The andytic rategy for this sudy involves the use of a somewhat complicated
datistical modd that is based on a smple conceptud framework.

2.1  Conceptual Framework

Figure 1 illustrates the conceptud framework for the present analysis. It hypothesizes
that at least four factors can directly affect the impacts of welfare-to-work programs on clients
labor market and welfare outcomes. (1) how programs are managed (specifically, the choices
that managers make about key features of the organization and its intervention srategies), (2)
the services or activitiesin which clients participate, (3) the conditions of the local |abor markets
within which the programs operate, and (4) the socio-economic characteristics of the program’s
clients. (As noted below, these factors may aso affect impactsindirectly and/or jointly, but such
effects are not explored in the current study.)

For decades, policymakers, program administrators, program staff members, and
researchers have argued about the relative importance of these factors. However, the empirica
evidence that exigts on thistopic is quite limited because there has been no comprehensive
andyssof how each factor affects program impacts while holding the other factors
constant. The current study provides such an analys's, and is thus an example of research using
multiple levels of information that Lynn, Heinrich, and Hill (2001) argue can provide the most
useful ingghts for public sector governance.

211 Program Management Choicesand Practices

Assessing the influence of management practices and ingtitutiona structure on program
effectivenessis the focus of two recent studies of employment and training programs for low-
income persons funded by the Job Training Partnership Act (JPTA). Heinrich and Lynn (2000)
examine the role of Private Industry Councils (which control locd job-training programs) and
the roles of performance incentives that have been developed for these programs. Using a multi-
level or hierarchica modeling approach to take advantage of both client-leve and office-leve
information, they find that centralized decision making structures and the use of
performance-based contracts are associated with better client outcomes (measured by
earnings and employment rates). Although ther analyss links ingtitutiona structure and
management practices to program outcomes, it does not atempt to link them to program
impacts.

This next step is taken by Heinrich (2001), who uses smilar methods and models to
estimate the effects of these same management practices and inditutiond structure varigbles on
JTPA program impects. While the coefficient estimates are somewhat different in her models for



impacts and outcomes, Heinrich concludes that the fundamenta importance of structura and
management cond derations remains apparent in both.

Another way of thinking about the role of management in wefare-to-work programs
concerns the potentia for administrators or managers to shape how their frontline workers (e.g.,
case managers) interact with the agency’ s clients and the socid climate and culture of the office
within which many of those interactions take place. Severd quditative studies argue that such
factors may be among the most powerful determinants of a program’s success. For example,
Mead has examined the extent to which program staff members expect clients to work and the
efforts they put forth to help clients rediize that goa. He concludes that “whether work programs
can redly expect work of thar clients may be more criticd to their success than the materia
conditions affecting employment” (1983, p. 649), and that “What goes on indgde an office seems
to matter even more than the conditions around it” (1986, p. 150). Based on hisfield research in
locd offices of early welfare-to-work initiatives funded through the federd Work Incentive
Program (WIN), Mead notes that staff in effective offices (based on employment outcomes):

developed “procedures within procedures’ in order to move clientsinto jobs.
They “hustled” to “take care of business.”...Because they worked hard, clients
did too. Recipients were congtantly coming and going on job interviews. The
atmogsphere was upbest. Y ou could fed the dectricity just walking into these
offices. The poor offices, on the other hand, were deathly quiet. Staff were
more concerned with following procedures, less with placing clients. (Mead
1986, p.152)

Behn (1991) dso paints a striking picture of the inner workings of what he believed to
be effective wefare-to-work offices operating Massachusetts former Employment and Training
(ET) Choices program. His “description of management innovations ...emphasizes the
importance of establishing a clear misson focused on jobs, marketing the program to clients,
workers, and the public, convincing both workers and clients that they can in fact achieve the
mission, providing them the resources to do so, expecting hard work and energy, and
monitoring performance’ (paraphrase by Bane, 1989, p. 287).

Similarly, based on her assessment of existing research and firg-hand experience asa
date welfare administrator, Bane concluded that with respect to promoting effective welfare-to-
work programs, “The question then, is how to shape an organizationd culturethat ...deliversa
clear message that the god isjobs, setsa clear expectation that clients can get jobs and that
workers are obligated to make that happen, monitors performance, and provides necessary
resources’ (Bane, 1989, p. 287).

Although the descriptions from these studies may be compelling, the researchers did not
have direct evidence about the impacts produced by the programs they studied. Hence, they
could not make a convincing empirica link between the management practices they observed
and program effectiveness.



Subsequent research by Riccio and Hasenfeld (1996) and Riccio and Orengtein (1996)
provide afirgt step in this direction. These authors use results from arandomized experimenta
study of the GAIN program in Cdiforniato compare program impacts withimplementation
factors across counties and loca program offices. Although the small number of GAIN gtes (Sx
counties and 20 locd offices) limited the number of factors that they could consider, the authors
provide some evidence suggesting that how organizations are managed—in particular, the kinds
of frontline gaff behaviors that managers cultivate—makes a difference in program
effectiveness.

Building on the findings of this past research, the present study examines the influence of
Sx organizationd factors that reflect or relate to the behavior of frontline staff, and that program
managers can influence. Thisfocusisin kegping with a perspective of organizationd research
that recognizes that frontline workers—sometimes referred to as * street-level bureaucrats'—
have subgtantid influence in determining the organization’s actual policies toward clients. As
Lipsky argues, “ Street-level bureaucrats make policy in two related respects. They exercise
wide discretion in decisons about citizens with whom they interact. Then, when tekenin
concert, their individua actions add up to agency behavior” (1980, p. 13).

In the world of wefare-to-work programs, policymakers and administrators establish
regulations, guidelines, and reward systems that attempt to define and shape programs that, for
example, focus on building basic reading and math skills, building specific occupationd skills,
promoting rapid entry into the labor force, or amix of these Strategies. However, the ways that
frontline gaff execute their roles and responghilities will affect whether the program’s stated
policies become its oper ative policies. Consequently, the nature of the “treatment” that clients
experience in welfare-to-work programs depends very much on the behavior of frortline S&ff,
not just the activitiesin which the clients participate. The present study examines the following
set of saff behaviors and related organizationd conditions, which are thought to influence
program effectiveness.

(1) The degree of a program’ s emphasis on moving clients into jobs quickly.
One important decison for program managers is how much to emphasize the god of

moving registrants into the labor market quickly (even if it means taking alow-paying job).
Proponents of a“quick job entry” gpproach argue that dmost any job is a pogtive first step and

! In arecent paper, Dehgjia (2000) reexamines data from the GAIN evaluation using multilevel or hierarchical
modeling methods. He finds that “maost of the differences across sites in treatment impacts are accounted for
by differencesin the composition of participants’ (p. 12). However, when attempting to explain the
unusually large impacts produced by the Riverside GAIN offices, he suggests that much of their success
may be due to qualitative factors related to program implementation. Because his analysis only focuses on
client characteristics, he cannot examine the influences of implementation practices. He therefore suggests
that a useful extension of his analysis would be to include characteristics of local program administration
and local labor markets, which are key features of the present study.



that advancement will come through acquiring awork history and learning skills on the job.
Consequently, they favor assigning dients to job search assstance as an initid program activity.
However, efforts to promote quick employment can pervade staff-dient interactionsin avariety
of ways, the gpproach is about much more than just assigning clients to job search activities.
This can be seen, for example, in the efforts of Cdifornia s Riversde County, whose unusudly
large program impacts in the GAIN evauation helped to popularize this approach:

Mogt digtinctive was Riversde' s attempt to communicate a strong “message’ to
al regigrants (even those in education and training activities), a dl stages of the
program, that employment was centra, that it should be sought expeditioudly,
and that opportunities to obtain low- paying jobs should not be turned down.
The county’ s management underscored this message by establishing job
placement standards as one of severd criteriafor assessng saff performance,
while a the same time attempting to secure the participation of al mandatory
registrants. In addition, the county ingtituted a strong job devel opment
component to assst recipients in gaining access to job opportunities (Riccio,
Friedlander, and Freedman, 1994, p. Xxv).

Supporters of an dternative srategy, referred to as the “human capitd development”
approach, contend that recipients would do better to participate first in education and training in
order to improve their skills and secure new credentids. They should not quickly settle for low-
paying jobs, which may not lead to better opportunities. Instead, they should raise their human
capital so that they can get better jobs in the future.

(2) The degree of personalized attention given to clients.

A second important feature of the local service technology included in the present
andyssreflects the extent to which frontline staff members get to know their dients' personal
Stuations, needs, and goals, arrange service assgnments that support these individuaized needs
and godss, continue to work with clients over time to assure their success in these activities, and
adjust client plans to accommodate their changing needs.

Emphasis on persondized client attention does not necessarily imply that staff members
ignore program rules. However, the two extremes of these choices are described by “ people-
processing” versus “people-changing” service technologies (Hasenfeld, 1983):

On the one hand, a people processing technology emphasizes assessing and
classifying clients and assigning them to various service categories. Staff
activities focus on collecting and processing information about clients and using
that information in accordance with prescribed rules.... A people-changing
technology, on the other hand, emphasizes attitudind and behaviora changes.
Steff activities center on developing rdationships with clientsin order to modify
their behavior (Hasenfeld and Weaver 1996, p. 240).
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Some adminigtrators believe that a more personalized approach isamore
effective Srategy than one in which clients are handled in amore routine fashion. An
andog in the commercia world would be the notion of “getting close to the customer”
to understand and respond to their individua aspirations and Situations.

(3) The closeness of client monitoring.

Opinions differ about the importance of participation mandates for the success of
welfare-to-work programs (for example, see Bane, 1989; Mead, 1989; Riccio and Hasenfeld,
1996). Supporters contend that such mandates can prompt clients to participate in (and thereby
benefit from) program services that they might not receive otherwise. Critics argue that
mandates create adversaria relationships between staff and clients that may be inimicd to the
kinds of changes that programs are seeking to promote. But regardless of the desirability of
mandates, if aprogram attempts to implement one, it will be hard- pressed to enforce it without
an effective way to monitor client participation. Close monitoring can thusbe seenasa
necessary condition for enforcement.

Close monitoring is not only important to the enforcement process, but dso to saff
efforts to help dients participate fully in the program and get the most out of the services it
offers. Through careful monitoring, staff can determine whether clients are regularly atending
and progressing in their activities, whether they need help with persond or Stuationa problems
thet might be interfering with their attendance and progress, and whether an dternative activity
assgnment or new support services arrangements are needed to help them participate more
successfully. (For smilar reasons, careful monitoring isimportant in voluntary programs as well.)

Because close monitoring may contribute to a program’s performance in various ways,
it is hypothesized that offices thet rate higher on the monitoring scale will have larger impacts on
clients earnings.

(4) and (5) Frontline staff inconsistency and staff/supervisor inconsistency
in views about the agency’ s service approaches.

The preceding three measures capture potentialy important features of the service
technology for welfare-to-work programs. In addition, they provide away to address another
issue that is viewed by many to be crucid for managing effective human services—a clear and
cong stent message about goa's and practices.

Organizationd performance may suffer when staff members are divided—whether due
to confusion or disagreement—over what the organization should be doing and how it should be
doing it. Thus, it has been frequently hypothes zed that program adminigtrators can play acritica
rolein focusng gaff effort on a common purpose by indtilling a*“srong culture’ (Behn, 1991;
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Miller, 1992; Nathan, 1993). According to this hypothes's, the more successful managers are a
indilling acommondity of purpose and views, the more successful their organizations will be.

(6) Saff caseload size.

Large caseloads may prevent caseworkers from spending enough time with clientsto be
effective (Gueron and Pauly, 1991). Indeed, because of prevailing views about the likely
importance of this program feature, the Riverade GAIN ste took part in a separate randomized
experiment to compare impacts of two different casaloads, one averaging 97 clients per worker
(the “norma” caseload for that program) and the other averaging 53 clients per worker (a
reduced caseload). That experiment showed that Riversde GAIN’s dready large impactson
earnings and AFDC payments were no greater for the program group assigned to case
managers with the smaller casdoads (Riccio, Friedlander, and Freedman, 1994). To date, this
finding remains the only direct existing evidence about the effect of caseload size on the impacts
of welfare-to-work programs.

2.1.2 Program Services

Whdfare-to-work programstypicaly offer avariety of employment-related activities and
support services. These include: (1) individua and group job search assistance (induding job
clubs) designed to help connect welfare recipients with existing jobs, (2) basic education
(including adult basic education, GED preparation, high school degree programs, and classesin
English as a Second Language), (3) classroom training or (less frequently) on-the-job training in
specific vocationa skills, (4) temporary unpaid work experience (or “workfare’) postions
designed to help dientswith little job experience make a trangtion into the world of work, and
(5) subsidies for child care and transportation to facilitate recipients  participation in program
activities. Frontline workers help to arrange for these activities and services, refer clientsto the
program divisions or other ingtitutions that provide those services, hdp cdlients navigate through
those ingtitutions, and monitor their participation in their assigned activities.

The present study focuses on the influence of the first three of these program dements:
job search assistance, basic education, and vocationa training. The reative effectiveness of
these activities has been the subject of debate for decades and, as previoudy mentioned, is part
of the broader debate between two fundamentally different philosophies about how best to
promote economic salf- sufficency among wefare recipients. quick job entry versus human
capital development.

It should be noted that part of the gppedl of jobs clubs and individua job search
assdance isthat they are rdatively inexpensive. Thus, its proponents argue, such services can
be provided to large numbers of persons within limited government budgets. Education and
training are more expensive and may take longer to produce results. Advocates for those
services argue, however, that their delayed labor market impacts will be larger and more
enduring than those produced by an gpproach emphasizing rapid employment and will
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eventually offset the higher costs. These codts reflect the resources necessary to provide high-
quality education and training plus the opportunity cost to clients of time spent in class (and thus
not earning awage).

Findings from the GAIN evaduation have been one key point of reference in this debate.
Although Riverside County provided amix of job search assstance and basic education and
alowed some use of other education and training opportunities, it more strongly emphasized job
search asthe preferred initid program activity than did the other study counties, even for
recipients who could, under GAIN’ s rules, choose basic education first. Compared to the other
counties, Riversde had by far the largest impacts, and these effects were achieved for the
broadest range of client subgroups, including those who entered the program without a high
school diplomaor GED (Riccio, Friedlander, and Freedman, 1994). This advantage was
maintained for five years after random assignment (Freedman, Friedlander, Lin, and Schweder,
1996). More recent findings suggest that Riversde s impacts declined subgtantialy by the
seventh year after random assgnment (dthough it is uncertain how much this decline is due to
the ending, after thefifth year of follow-up, of the embargo that prevented GAIN from serving
members of the control group) (Hotz, Imbens, and Klerman, 2000). Nevertheless, the rlative
cost- effectiveness of the Riversade GAIN program, which was both less expensgive than the
others and produced much larger impacts for the first five post-enrollment years, was many
timesthat of any of other GAIN ste. However, whether the emphasis on upfront job search
was indeed a criticd determinant of Riversde' s higher performance has remained uncertain
because avariety of fegtures, not just the activity mix, distinguished that county’ s program from
the programs operated by the other study counties.

To address the limitation of almost dl previous attempts to measure the rdlative
effectiveness of different types and mixes of program activities, NEWWS conducted sde-by-
Sde experimental comparisons of alabor force attachment program (emphasizing rapid
employment) and a human capital development program in three Stes: Riversde, Cdifornig;
Atlanta, Georgia; and Grand Rapids, Michigan. Thiswas done by randomly assigning sample
membersin each of those sitesto one of the two programs or to a control group (Freedman, et
al., 2000).

For sample members who entered the study without a high school diplomaor GED,
the human capital development dtrategies emphasized assgnment to basic education activities as
the initial step in the program. In contrast, the labor force attachment strategy made upfront job
search the firgt activity. When the early results of the two approaches were directly compared,
the labor force attachment strategy proved more effective in raisng employment and earnings
and reducing the receipt of welfare within the firgt two years after random assgnment.

Among sample members who entered dready having a high school diplomaor GED,
the human capitd development strategy usudly emphasized assgnment to vocationd training or
post-secondary educeation astheinitia activity, while the |abor force attachment program made
upfront job search the firg activity. Within the first two years of follow-up, the impacts of the
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human capital development approach were no larger—and were sometimes smdler—than the
effects of the labor force attachment Strategy. However, the cost of the human capita
development strategy was condderably higher. Corresponding andyses for afive-year follow-
up period, which would alow a better opportunity for assessng whether human capita
development Srategies are more effective in the longer term, are currently underway. 2

When studying the effect of program services, it isimportant to consder the fact that
even without a specia program, many welfare recipients will seek and receive employment and
training services on their own (Gueron and Pauly, 1991). In part, a program may achieve
employment and welfare impacts by increasing the degree to which members of the program
group receive such services, compared to what they would have received on their own, as
measured by the control group’s experiences. Conversely, a program may have little effect on
labor market outcomesif it leads to little or no differencein service receipt. The present andysis
thus examines the relationship between program impacts and program-generated service
differentials (i.e., the program group-control group differencesin rates of participation in
selected activities). A separate service differentia measure is computed for job search
assistance, basic education, and vocationd training.

2.1.3 Economic Environment

That the locd economic environment can affect the performance of wedfare-to-work
programs seems dmogt self-evident. Nevertheless, there are two diametrically opposed views
about the expected direction of this effect.

One view isthat program performanceislikely to be better where unemployment
rates are lower (i.e., in tighter labor markets) than where unemployment rates are higher (i.e,
in looser labor markets). The argument for thisis as follows. With low unemployment rates,
there are more job openings for welfare recipients to fill. Therefore, if a program can motivate
and prepare additiona recipients to seek and qudify for employment, a greater proportion of
them will find and take jobs than would be the case if unemployment rates were high and there
were fewer available job openings.

The opposing view isthat program performance isrelatively worse where
unemployment rates are lower. The argument for this derives from the expectation that where
unemployment rates are lower and thus the demand for workersis higher, it is easier for welfare
recipients to find jobs even without the help of a program; thus, even though the program may
have higher placement rates, the program may actudly offer its clientslittle extra advantage in
the labor market. This especialy may be the case among recipients who are the most job-ready.
At the same time, recipients who cannot find jobs where unemployment rates are lower may

2 For findings covering afive-year follow-up period for an earlier generation of mandatory welfare-to-work
programs that focused primarily on job search assistance and unpaid work experience, see Friedlander and
Burtless, 1995.
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have persond characteristics or Stuationd barriers that make them harder to employ. If thisis
the case, it will be harder than otherwise for a program with limited resources per client to
increase employment.

A second version of this argument gppedls to the intuition of “celling effects.” It posits
that the larger the proportion of a group that finds employment on its own is, the smdler the
margin will be for any program to make a difference. This argument is only plausible, however,
when the underlying counterfactud is near the relevant ceiling, which often is not the case for
welfare-to-work programs—especidly those for long-term recipients, whose likelihood of full-
time employment can be well below 50 percent and who typicaly get only low-paying jobs.

The current empirica basis for assessng these competing views is extremely limited
given the very smal number of prior systemétic attempts to compare Site-level program impact
edtimates from randomized experiments to corresponding measures of the local economic
environment. Furthermore, the few previous attempts to do so (for example, Riccio and
Orengein, 1996) are based on smdl numbers of Sites, which serioudy limits the statistical power
of their comparisons and their ability to control for other Ste-leve factors.

To addressthisissue, the present study develops a measure of the prevailing
unemployment rate faced by clientsin each of the 59 loca program offices and includes this
measure in amode of program impacts.

2.1.4 Client Characteristics

There are many plausible reasons to expect that human service programsin generd, and
welfare-to-work programsin particular, will perform differently for different types of
participants. Moreover, there are at least three important reasons for wanting to know how this
performance varies: (1) to help target program resources, (2) to help set standards for program
performance, and (3) to help interpret the findings of program evauations.

Decisions about targeting resources are amgor concern for al human service
programs. Equity and efficiency are two criteriathat often conflict for making these decisons.
The equity criterion is often stated in terms of providing servicesto clientsin accord with their
need for assistance. The efficiency criterion is often Stated in terms of providing servicesin
accord with clients ability to benefit. To understand the implications of these criteriait is
important to know how program performance differs for different types of dients?

% Smith and Plesca (forthcoming) summarize current attempts to target employment services using statistical
“profiling” modelsthat predict the likely need for or benefit from these services. In addition they review the
limited and mixed existing empirical evidence on the ability of such modelsto increase program impacts. The
only large-scale profiling system that is operational currently isthe Worker Profiling and Reemployment
Services program used by many state Unemployment Insurance agencies to assign mandatory servicesto
unemployment insurance benefit claimants who are judged likely to receive benefit payments for avery long
time or to exhaust the benefits to which they are entitled.
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How program performance varies for different types of clients dso hasimportant
implications for setting performance standards for managing the ddivery of human services. This
isespecidly critical because those services are usualy provided through decentraized ddlivery
systems. Thus, in order to ensure that services are provided fairly and effectively, and that the
organizations providing them are held accountable, it is necessary to assess the performance of
the multiple agencies and agents involved. However, this leads immediately to the following
conundrum: how to compare success across agencies when different organizations serve
different types of clients, some of whom may be more difficult to serve than others. If this
comparison is not done properly, organizations may have powerful incentivesto target clients
who are easest to serve. Thiswell-known and widely documented phenomenon is often
referred to as creaming, and how to address it remains athorny public management challenge’

In contrast, organizations with a particular ideologica commitment may decide to target
difficult-to- serve persons who are most in need of help. For example, Heckman, Smith, and
Taber (1996) find that JTPA caseworkers in Corpus Christi, Texas showed preferences for
serving clients with the greatest needs, contrary to the incentives offered by the performance
gandards system. Such organizations can be serioudy pendized for making this commitment if
future funding is based on performance standards that do not properly account for their client
mix. To help develop such systemsit is essentid to understand how client characteristics affect
program performance.

A third important reason for needing information about how program performance
variesfor different types of clients arisesin the context of evauations of programs that produce
smdl or no impacts on average, but substantid impacts for policy-relevant subgroups. One
griking example is a recent randomized experimenta study of Career Academies, an innovative
high school reform program. This study found that Career Academies reduced dropout rates
subgtantialy for students who were at high risk of academic failure, but had little or no impact
for the muchtlarger group of other students (Kemple and Snipes, 2000). When al students
were averaged together, however, the large effect for high-risk students was obscured. Thus, it
was essentia to examine how student (client) characteristics were associated with program

impacts.

The client characterigtics judged to be most relevant for welfare-to-work programs are
those representing barriers to employment, or conversaly, employability. The most widdy
used indicators for this purpose are forma education, prior employment experience, and past
welfare receipt. Forma education and prior employment experience represent human capitd;
past welfare receipt predicts future reliance on wefare. Other indicators that have been used
include racelethnicity (to reflect potentid labor market discrimination or other impediments

* For decades there has been widespread speculation about the extent to which creaming is stimulated by
performance standards based on client outcomes. However, the empirical evidence on thisissueislimited
and mixed (Heckman, Heinrich, and Smith, 1999).
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gpecific to certain groups), number and age of children (to reflect dternative demands on clients
time), physca hedth gatus, and menta hedth satus.

Past researchers have successfully linked these measures to program outcomes such as
future levels of employment, earnings, and wefare receipt. However, they have been far less
successful in linking them to measures of program impacts.

The most influentia attempt to do so is Friedlander’ s (1988) study of the relationships
among program outcomes, program impacts, and client employability usng datafrom
randomized experiments conducted on five welfare-to-work programs from the early 1980s,
most of which were rdatively low-cost interventions that emphasized job search and work
experience activities. Friedlander found below average or no earnings impacts for sample
members who were the most job-ready or the least job-ready. In contrast, he found that sample
members who were in the middle range of the employability distribution experienced the largest
program-induced earnings gains (athough these gains were modest).

Friedlander’ s findings suggest that: (1) the most job-ready clients may have been the
best able to find jobs on their own and thus had the smalest margin for improving in response to
the limited services being offered, (2) the least job-ready clients may have had the greatest
margin for improving but the least ability to change their Stuation, and (3) the middle group may
have had the best balance (for the programs being studied) between its margin for improvement
and its aility to improve. As Gueron and Pauly (1991, p. 157) note, the Friedlander study
“provided strong evidence againg ‘ creaming’ —i.e., serving only the most advantaged, who
demondtrate high placement rates—but did not confirm narrow targeting of these low- to
moderate-cost programs on the most disadvantaged.””

Michaopoulos, Schwartz, and Adams-Ciardullo (2001) paint a different picture from
their recent subgroup analyss of |ater-generation randomized experiments, but one that dso
argues againgt narrowly targeting welfare-to-work programs toward any particular subgroups.
They find that “ Overdl, the programs increased earnings and reduced welfare payments for
most subgroups’ (p. ES-5), and that these programs “increased earnings about as much for the
most disadvantaged groups as for the moderately and least disadvantaged groups’ (p. ES-10).
At the same time, not every program was equally effective for dl of the subgroups it served.
Indeed, the study showed that programs that followed a* mixed service’ strategy thet included
at least some opportunities for clients to choose between job search and education or training
activities astherr initid activities were effective for the broadest range of subgroups.

To build on this previous research, the present study examines the relationships between
program impacts on future earnings and the following client characterigtics: their education leve,

® In contrast to hisfindings for earnings impacts, Friedlander (1988) found that program-induced welfare
reductions were largest for sample members who were the least employable.
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recent past employment and earnings experience, recent past welfare receipt, age,
race/ethnicity, and number and age of children.

2.2 Statistical Model

To help determine how each of the preceding factors influences program impacts, the
present study specifies their relationships as a statistical mode and estimates the parameters of
this modd from datafor 59 local welfare-to-work program offices. The objectives, structure,
gpecification, limitations, and some likely future extensons of the modd are described below.

221 Objectives of the Model

The primary objective of the modd isto provide estimates of the independent effects
of program, environmental, and client characteristics on program impacts on individuals
earnings while holding constant (controlling for) the effects of the other characteristics.
Thus, for example, the modd is designed to provide estimates of the effect of a specified office
management factor on program impacts while holding constant the influences of other
management features, program services, economic environment, and client characteritics.

A second mgjor objective of the model is to account properly for the use of the Site
(i.e, locd program office) aswell asthe individua wefare recipient as units of andyss. The
factsthat individua welfare recipients are clustered within sites, and that the analyss seeks to
edimate cross-dte daigtica relationships among Ste-leve variables as well as among
individud-leve variables, have important implications for tests of the statistica Sgnificance of the
moddl’ s parameter estimates. Thus, the process for assessing statisticad sgnificance must teke
account of these conditions.

A third mgor objective of the model is to account properly for the difference between
how estimates of program impacts vary across local program offices and how their underlying
“true” impacts vary. Thisdigtinction acknowledges the fact that the impact for each officeis
observed (estimated) with error. Hence, there are two sources of between-office variaion in
observed impacts. (1) estimation error, and (2) differencesin true impacts. To properly esimate
the relationships between program characteristics and program impacts requires identifying
these two variance components.

2.2.2 Structure of the Modd

The preceding three objectives can be met by specifying the present andysisasa
hierarchical linear production function. Production functions are a tandard andytic device
used by economists to examine relationships between the inputs and outputs of a production
process. Recent versions of the approach are referred to as value-added models (Meyer,
1997). Among its many applications, this gpproach has been used to study the linkages between
educationd inputs (characteristics of students, teachers, parents, and schools) and educationa
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outputs (measures of student achievement). Barnow (1979) provides a detailed review of the
early educationa production function literature and extends the gpproach to employment and
training programs. Following a production function gpproach, the present andysis
conceptuaizes program management, program Services, economic environment, and client
characteristics as inputs to a production process with program impacts on future earnings asits
output.

Hierarchical modes (also cdled random effects models, mixed models, or variance
components models) are amgjor advance in the andyss of data where observations are
clugtered within aggregate units. These units themsdves might be grouped within higher-order
aggregate units. This applies, for example, to: sudents within classes within schools within
school didricts, employees within establishments within firms; resdents within familieswithin
neighborhoods; pre-tests and post-tests for the same individuds, and longitudina data with
multiple observations for each sample member. For the present andysis, the gpplication of
interest is program and control group members within locd offices of wefare-to-work
programs.

Bryk and Raudenbush (1992) provide perhaps the best-known and most complete
discusson of hierarchica modding; Raudenbush et d. (2000) is perhaps the most widdy used
hierarchica modeling software package. One of the most popular current applications of the
goproach isthe estimation of educationd production functions as vaue-added models (Bryk, et
a., 1998; Raudenbush and Willms, 1995; and Sanders and Horn, 1994).

For the present andlysis, atwo-leved hierarchicd linear modd is used to specify a
production function relating program impacts (outputs) to program, environmentd, and client
characteridics (inputs). The unit of analysisfor Level Oneistheindividua sample member; the
unit of andyssfor Leve Two isthe loca program office,

Leve Oneisalinear regression equation that is based on data for individua sample
members and includes a separate conditiona impact for each ste, controlling for its client
characteristics.® Estimating this equiation serves two purposes. First, it provides estimates of the
effects of client characteristics on program impacts, which is of direct substantive interest.
Second, the conditiona impact estimates for each loca office provide the key dependent
variablefor Level Two of the modd.

Level Two contains three regression equations. One equation provides the core
subgtantive findings for the present study; the other two are necessary to complete the modd,
but are of less subgtantive interest. The first equation specifies the conditiona program impact
for each office as afunction of its program management, program services, and economic
environment. Thus, its parameter estimates represent the independent, direct effects of these

® Siteimpact estimates that control for differencesin client characteristics are often referred to as
conditional impacts.
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program characteristics on program impacts. The second and third equations are discussed in
the next section as part of the model specification.

Before proceeding to this discusson, however, it isimportant to note that the two levels
of the model are estimated simultaneoudy.” Thus, estimates of the effect on program impacts of
each variable at one leve control for al other variables a that level plusal variables a the other
levd. For example, estimates of the effect of clients prior education on their program impacts
control for al other client characteristics (in Level One) plusdl features of program
management, program services, and economic environment (in Level Two). Likewise, estimates
of the effect of a particular management feature control for dl other factorsin Leve Two plusal
client characterigticsin Level One.

2.2.3 Specification of the M odel

The following series of equations specifies the mode used for the present study.

LEVEL ONE

Y, =a,+b,P,+3§ d,CC,; +3 9,CC,P; +k ,RA; +e; @)
k k

Kji T ji

where client characterigtics are grand-mean centered and:

total two-year follow-up earnings for sample member i from officej,
oneif sample member i from office] isa program group member and zero
otherwise,

= dlient characterigtic k for sample member i from office],

a zero/one indicator variable to distinguish members of two sample cohorts at
officej that were subject to different random assgnment ratios,

mean two-year follow-up earnings a office j for the typicd control group
member from the full Sudy sample,

the program impact a office j for the typica program group member from the
full sudy sample,

aregression coefficient indicating how mean two-year follow-up earnings vary
with client characteristic k,

aregresson coefficient indicating how impacts vary with client characterigtic
K,

the regression-adjusted difference in mean follow-up earnings for control
group membersin the two random assignment cohorts  officej,

arandom error term for sample member i from locd officej.

" Thisis accomplished through a combination of maximum likelihood and weighted |east squares
procedures (Bryk and Raudenbush, 1992).
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Equation 1 specifies the outcome Y;; (total earnings for the two-year post-enrollment
follow-up period) for each sample member as a function of azero/one indicator variable
indicating membership in the program group or control group (random assgnment
datus), plus a series of client characterigtics, a series of interactions between random
assgnment status and client characteristics, and a zero/one indicator variable indicating
membership in one of two random assignment cohorts at each locd office.

The coefficient b; represents the conditional program impact for office j; the coefficients
dk represent the effects of client characteristics on control group mean outcomes, the
coefficients g, represent the effects of client characteristics on program impeacts; the
coefficient k; represents the difference between conditional mean outcomes for the two
random assgnment cohorts a officej.

Because dl client characteristics were grand mean centered (they were measured as
deviations from their mean for the full sample of 69,399 program and control group
members), the values for b; represent the program impact for the typical member of the
full gudy sample (the sample member with full-sample mean vaues for dl dient
characteristics).®

LEVEL TWO

Conditional Program Impacts by Office

b, =b,+a p.PM, +Q f.PS, +YEE, +m )

where dl independent variables are grand-mean centered and:

b; = the conditiond program impact at locd office for atypicd program
group member from the full Sudy sample,

PM.; = program management variable m for local office],

PS, = program service varigble n for loca office],

= the economic environment variable for locd officej,

the grand mean program impact for atypica program group member

from the full study sample,

pm = theeffect of program management festure m on program impacts,

S m
e In
I

fn = theeffect of program service n on program impacts,
y = the effect of the economic environment on program impacts,
m = arandom component of the program impact for office].

8 Bryk and Raudenbush (1992) pages 25-29 present different options for centering the variablesin a
hierarchical model and describe how these options affect the interpretation of their coefficients.
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Equation 2 specifies the conditiond program impact on mean two-year post-enrollment
earnings b; for each local program office as afunction of a series of program
management variables plus a series of program service variables and aloca economic
environment variable. The coefficients, pm, T, and'y represent the corresponding
effects of these program characteristics on program impacts, and are the primary
coefficients of interest in the present anadlys's. Because dl independent variablesin the
equation were grand mean centered (they were measured as deviations from the mean
vauefor dl 59 locd officesin the sample), b, represents the grand mean impact for the
typicd sample member from the typicd sample office.

Control Group Conditional M ean Outcomes by Office

a; =a,+| EE, +u, 3

where the economic environment variable is grand-mean centered and:

a; = the conditiona control group mean earnings a locd office | for atypica
member of the full sudy sample,

EE = thevdue of the economic environment variable for locd office],

ao = thegrand mean conditiona control group earnings for atypica member of
the full sudy sample,

I = the effect of the economic environment on control group earnings,

u; = arandom component of the conditional control group mean earnings for
office]j.

Equation 3 specifies the conditiona control group mean outcome a; for each office (thet
is, control group earnings) as a function of the local economic environment. Allowing the
conditiona control group mean outcomes to vary across offices creates a different
counterfactud for each office. Thisis anecessary step so that the locd program office
impacts (modeled in equation 2) are accurate and meaningful.

The coefficient | in Equation 3 represents the effect of the loca economic environment
on control group outcomes. Because the economic environment variable is grand-mean
centered, the coefficient a , represents the mean outcome for the typical control group
member for the typica program office.

22



Random Assignment Cohort Outcome Differences by Office

k; =k, +h, (4)
where:
Ki = thedifferencein conditiona mean earnings for the two random
assignment cohorts a officej,
ko = thegand mean differencein conditional mean earnings for the two
random assignment cohorts, and
h; = arandom component of the difference in conditiona mean earnings for

the two random assignment cohorts at office .

Equation 4 specifies asmple random variation across officesin k;, the differencein
conditional mean outcomes for their two random assignment cohorts. This variable and
its equation are included in the modd to represent the fact that, in some offices, the
random assgnment ratio (the ratio of program group members to control group
members) was changed during the sample enrollment period.’ Because the coefficient
for this variable does not have an important substantive interpretation, it is not reported
in the findings tables later in the paper.

2.2.4 Planned Future Extensions of the Mode

The preceding model represents the first step in a more comprehensive program of
research. Thus, future research will explore some important analytic issues that are not
addressed by the present analysis. To do so, the current modd will be extended to test for:

threshold effectsthat might exigt if program performance responds in a nonlinear way
to extreme variations in a particular program festure,

interaction effectsthat might exist if program performance responds in a nonlinear
way to aparticular combination of program features and/or to a particular
combination of program features and client characterigtics,

® For administrative reasons, some local offices had to change their program/control group random
assignment ratio at least once during sample enrollment. Hence, their program/control group mix varies
across enrollment cohorts. To reflect thisin the analysis, enrollment cohorts were allowed to have different
mean control group outcomes. This was accomplished by adding a zero/one random assignment cohort
variable to the model. For the offices where this problem never arose, values for the variable were assigned
randomly to create a placeholder because Equation 4 required all officesto have such avariable. For the few
offices that changed their random assignment ratio more than once, afraction of the sample members were
randomly deleted to construct a sample with only two random assignment ratios per office. These modest
accommodations to the reality of random assignment had no effect on the findings from the model.
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indirect effectsthat might exist if program performance responds to a program feature
through its effect on program services, and

other program effectsthat might become gpparent if program performanceis
measured in terms of additiona short-run and long-run labor market and welfare
outcomes.

Chapter 5 briefly describes these potentidly important effects and outlines how they will
be addressed in the future. Doing S0, however, is not likely to fundamentdly dter the main
conclusions of the present analys's, given the robustness of itsfindings. Instead it is hoped that
future andyses will provide a more nuanced understanding of how client and program
characterigtics affect program performance.
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Chapter 3
The Settings, Sample, and M easures

This chapter briefly describes the program settings that are the focus of the present
sudy and the andys's sample of female single parents whose experiences are analyzed. It then
describes the measures included in the analysis and the data used to creste them.

3.1 The Settings

Thewdfare-to-work programs examined by the GAIN, Pl, and NEWWS evauations
were operated as the various states own versions of the federal Job Opportunities and Basic
Sills Training (JOBS) program authorized and funded under the Family Support Act of 1988.
The primary objectives of these evauations were to: (1) determine whether the programs being
studied increased client employment and earnings, and decreased their welfare receipt
compared to a control group of persons who were not offered program services, (2) compare
the benefits and costs of the programs, and (3) study how the programs were implemented, the
problems they confronted, and how these challenges were addressed. Table 1 lists the program
enrollment/random assignment period for each evauation, the number of loca program officesit
included, the number of countiesit included, and the state or statesin which it was conducted.

3.1.1 TheLoca JOBS Offices

The present andysis focuses on the impacts and characteristics of 59 local program
offices where participants in GAIN, PI, and NEWWS received their JOBS case management
sarvices. These services included, among other things, assessment of clients service needs,
development of client employability plans, assgnment of clientsto program activities,
arrangement of client support services (child care, trangportation, etc.), and monitoring of client
participation in program activities. In some stes, JOBS caseworkers aso conducted
orientations, provided intensive client counsding, and performed specidist functions such asjob
development. Although caseworker roles varied within and between offices, the preceding
characterization of JOBS casework appliesto most officesin the GAIN, P, and NEWWS
studies (Riccio and Friedlander, 1992, p. 53; Kemple and Haimson, 1994, p. 36; Hamilton and
Brock, 1994, p. 62).

The employment-related services that are the focus of caseworkers' rolesin the JOBS
offices are typicaly separate from income maintenance functions that other welfare workers
perform in determining peopl€ sinitid or continuing digibility for welfare and other transfer
benefits, and the amount of their grants. In some Sites, however, both sets of functions were
combined and assigned to the same staff. But even where they were kept separate, the staff
performing those different functions had to coordinate their efforts. Hamilton and Brock (1994)
digtinguish as follows between thisincome maintenance, or “AFDC case management,” and
JOBS (i.e., employment-related) casework:
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JOBS and AFDC case management are usualy conceptualized as two distinct
roles. In most sates, welfare recipients see an income maintenance worker to
apply and retain digibility for AFDC, food stamps, Medicaid, and other benefits
and meet with a separate JOBS worker on al matters pertaining to their JOBS
participation. Where income maintenance and JOBS functions intersect — for
example, in granting exemptions to wdfare recipients from the JOBS
participation requirement or imposing financia sanctions for noncompliance —
the two types of workers have to coordinate with each other. (Hamilton and
Brock, 1994, p. 66)

The present analysis focuses on specific strategies used by JOBS caseworkers that
concern ther efforts to help move ther clients into jobs. It developsindicators of these
drategies and examines the relationship of those indicators to program performance.

3.1.2 TheThreeEvauations: GAIN, Pl, and NEWWS

GAIN served as Cdifornia s JOBS program. In contrast to earlier welfare-to-work
initiatives, GAIN was noted particularly for the importance it placed on basic education for
those determined to need remediation in basic reading or math skills or indruction in English asa
Second Language. The program aso provided job search assistance, unpaid work experience,
and referrals for post- secondary education and vocationd training (Riccio and Friedlander,
1992). Participation in GAIN, asin dl JOBS programs, was mandatory for alarge part of the
welfare caseload.” Those who were required to participate but failed to do so without what was
considered to be “good cause’ wereto receive afinancid sanction, i.e., a pendty in the form of
areduction in the family’ s welfare grant. Wefare recipients who were mandated to participate in
GAIN and who attended a GAIN orientation were randomly assigned primarily to either a
program group or a control group; random assignment occurred at the GAIN orientation
session. Appendix Figure Al illustrates the flow of stepsin the GAIN program modd.

Pl served as FHorida s JOBS program. Although it, like GAIN, provided arange of
activities and services and included a similar participation mandate, it focused particularly on
low-cost job search strategies and more limited access to basic education (Kemple and
Haimson, 1994). Also in contrast to GAIN, random assignment occurred at an earlier point in
Pl, when individuds fira applied for AFDC benefits or when their benefit digibility was

! Asdescribed | ater, the Columbus, Ohio sitein NEWWSimplemented a special random assignment design
to test different models of case management in JOBS offices and income maintenance offices.

2 Mandatory GAIN recipients were originally defined as “single parents whose youngest child was six or
older and the heads of two-parent households’ (Riccio and Friedlander, 1992, p. 11). Thesingle parentsin
this group make up most of the GAIN sample membersincluded in the present study. However, it should
be noted that when GAIN became California’ s JOBS program, the mandatory population was expanded to
include those whose youngest child was at |east 3 years of age.
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determined or redetermined. Appendix Figure A2 illustrates the flow of stepsin the Pl program
modd.

Sharp cutbacksin the provison of Pl services during the second haf of the origind
sudy period are adistinguishing aspect of PI’simplementation, which has important implications
for the present analysis. These cutbacks were a response to funding reductions, astaff hiring
freeze, and rapid welfare casdoad growth that strained limited existing resources (Kemple,
Friedlander, and Fellerath, 1995, pp. 6-9). Thus, two enrollment cohorts, which were exposed
to two essentidly different P programs, were identified by the origind evauation. The “early”
cohort contained sample members who were enrolled and randomly assigned between July and
December 1990; the “late” cohort contained sample members who were enrolled and randomly
assigned between January and August 1991. Only the late cohort was included in the present
andyss because the gtaff survey used to measure program characteristics was administered only
during the time when this group was in the program (see Appendix C).

NEWWS is asix-date evauation of dternative mandatory welfare-to-work strategies.
The programs included in this evauation offered arange of activities smilar to those offered by
GAIN and PI. All NEWWS sites have operated under JOBS program rules, and, in dl but two
dtes, random assignment was conducted at the point of orientation for the JOBS program. In
two gites, however, random assgnment was conducted at the point when clients applied for
AFDC benefits or had their digibility redetermined (asin P1).

Perhaps the most unique festure of NEWWS is that three of its Stes—Atlanta, Georgia;
Grand Rapids, Michigan; and Riversde, Cdifornia—implemented a three-way random
assgnment design in order to permit direct comparisons of the effectiveness of labor force
attachment and human capita development Strategies relaive to a common control group (see
Appendix Table Al).

A fourth ste, Columbus, Ohio, implemented a three-way random assgnment design to
assess different way's of organizing case management. Clients a this Site were randomly
assigned ether to one program group for which case management and income maintenance
tasks were performed by separate case managers (the “traditional” strategy); a second program
group, for which case management and income maintenance tasks were performed by the same
case manager (an“integrated” strategy); or a control group, which was not subject to JOBS
program requirements and did not receive JOBS services. Both program groups placed a
subgtantial emphasis on basic education and job skillstraining.

The three other NEWWS sites—Detroit, Michigan; Oklahoma City, Oklahoma; and
Portland, Oregon—randomly assigned clients to their JOBS program or a control group. The
Detroit and Oklahoma City programs were mainly education-focused, while the Portland
program emphasized labor force attachment with amix of education and training activities.
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Although the programs evaduated in the origina GAIN, PI, and NEWWS studies were
guided by digtinctive forma programmatic models or designs that applied to each of their
repective local offices, it important note that management and staff practices, client
participation patterns, and even loca economic conditions differed subgtantidly across the
offices that were within each of the eva uations and the states and counties participating in
them. Thisis essentid to the god of the present study, which is to understand whether variation
in office-level factorsisrelated to the variation in office-level impacts.

3.2 TheSample

Datafor this andyss were obtained from adminigtrative records, client information
forms, dlient follow-up surveys, and staff surveysfor each of the 59 program officesincluded in
the present study. Table 2 summaries the sample sizes for each data source. For reasons
discussed below, these samples are subsets of the full samples used for the GAIN, Pl, and
NEWWS evduations. Hence, there may be differences between specific findings in this paper
and those presented in the reports on the origina studies.

3.2.1 Data Sourcesand Sample Sizes

The sample of clientsfor the present andlysis includes 69,399 femde single parents
assigned to the program and controls groups—46,977 from NEWWS, 18,126 from GAIN,
and 4,296 from PI. The combined group of control and program clients for aloca program
office averages 1,176 persons and ranges from as few as 177 to as many as 4,418.

Sample intake forms provide information on clients socio-economic characteristics.
Adminigrative records from quarterly Unemployment Insurance (Ul) system records and
monthly AFDC case records provide information on their earnings and AFDC receipt.

Information about program management was obtained from staff surveys (in the form of
sdf-completed questionnaires) administered to 1,225 JOBS caseworkers at the 59 local
program offices. These surveys provide information about program implementation, interactions
between program staff and their clients, and the rel ationships between staff and their
supervisors. On average, 21 staff members per office responded to the survey, with a standard
deviation of 19 and arange of 1 to 83. Completion rates for these surveys were uniformly high,
exceeding 90 percent in most offices.

Information about clients' receipt of program servicesis only available for arandom
subsample of dlients a each Ste who were interviewed as part of follow-up surveys
administered to the program and control groups. These surveys included specid modules of
questions on the use of employment-related services accessed through the welfare-to-work
programs or independently of them. These data were used to measure the percentage of
program group and control group members at each loca office that received job search
assstance, basic education, and/or vocationd training. The client follow-up survey sample for a
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program office averaged 258 persons, with a standard deviation of 423, and arange of 27 to
2,159. Response rates to the survey ranged from 70 to 93 percent across the study counties.

3.2.2 AnalyssSample

Three redtrictions were gpplied to derive the present analys's sample from the origind
evauation samples Firg, to smplify the interpretation of the andysis, only femaeswere
included. Second, to facilitate estimation of the impact modd, only officeswith datafor al
program characteristics were included.® Third, two GAIN offices were dropped because of
ther especidly smdl samples, and athird was dropped because of its unusud client mix.*

3.3 TheProgram Performance Measure

As noted earlier, program performance was measured for the present analysis asthe
estimated program impact on total client earnings for the first two years after random
assignment. Earnings data for each sample member were obtained from state Ul wage
records, which provide quarterly information about earnings from al jobs that are covered by
unemployment insurance. Well over 95 percent of legitimate jobs (i.e., not “under-the-table’
jobs) in most states are covered by the Ul system.® When a sample member is not employed in
a Ul-covered job during a quarter, zero earnings are recorded for that quarter. These zeros are
then included in tota earnings for each sample member’ s two-year follow-up period.

Because the random assignment dates for sample members vary both within and across
offices, two drategies were used to account for these timing differences. Firdt, to assure that all
earnings amounts are comparable over time, they were converted to constant 1996 dollars using
the CPI-U (Economic Report of the President, 2000). Second, to aign total earnings
temporaly the same way for dl sample members, each client’s earnings were calculated asthe
sum of her earnings for the first eght quarters after her quarter of random assgnment.

With comparable measures of tota follow-up earnings for each dient in every office, it
was possible to estimate the impact of each locd office as aregresson-adjusted differencein
the mean earnings of its program and control group members. Thisimpact represents the value
added by the program.

% Theclient survey, which collected information about service receipt, was administered in two officesin
one Pl county, and in one office in each of the remaining eight Pl counties (for atotal of ten offices). Fifteen
additional Pl offices (which have no service receipt data) were dropped from present study. In addition, the
client survey was not administered in the Butte GAIN office, so it was also dropped.

* About 98 percent of clientsin this office were Asian, 67 percent were female, and only 15 percent had a
high school degree or GED.

® Kornfeld and Bloom (1999) describe the types of data collected by the Ul system and assessits validity
for measuring earnings for low-income persons.
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Asadarting point for comparing office performance, Table 3 ligts the impact estimates
for the 59 offices in the present study. These are unconditional impacts; that is, interactions of
client characteristics with the program group indicator variables are not included in the Leved
One modd in this pecification (see Appendix B). Each office isidentified by alabe indicating
the evduation in which it participated and the rank order of itsimpact for that evaluation. Thus,
for example, office GAIN1 isthe GAIN office with the most positive program impact for
GAIN; NEWWS2 isthe NEWWS office with the second most positive impact for NEWWS;
and so forth.® Thislabeling scheme is used ingtead of naming each office, because the present
andydsis designed to study how program characteristics affect program performancein
genera, not to identify “best practices’ in afew select offices.

Thefirgt column in Table 3 ligs the impact estimate for each office; the second column
lists the standard error for each impact estimate; and the third column ligtsits p-vdue—a
measure of satigica sgnificance.

The impact estimates in the table range from alow of - $1,412 to ahigh of $4,217, with
amean of $883 and a standard deviation of $1,182 (dl in 1996 dollars).” This mean impact is
not insubstantial: it represents 18 percent of the average earnings of the control group. In other
words, on average, the programsincreased their clients' earnings by 18 percent above what
they would have been in the absence of the interventions. Viewed from another perspective, the
impact of $883 ranges from 6 to 13 percent of the maximum total AFDC benefits that afamily
of three could recelve during a two-year period, depending on the state of residence. Thirteen
of the impact estimates are negative, but their p-vauesindicate that none of them are Satidticaly
sgnificant at conventiond levels. Hence, thereislittle evidence that the local offices actudly
reduced clients earnings.

In contrast, twenty-four of the positive impact estimates are Satigticaly sgnificant at the
0.10 level and twenty of these are Sgnificant a or beyond the 0.05 leved. Furthermore, many of
these estimates are quite large. Hence, there is substantiad evidence that many of the locd offices
increased clients earnings.

It is especidly important for the present analysis thet the variation in impacts across
offices be subgtantia and gatigticaly sgnificant, because this varidion isthe bass for estimating
the relationships between program characteristics and program impeacts. Thus, for example, if
impact estimates were satisticdly significant and large for every office, but al estimates were the
same, there would be no variation for program characteristics to “explain,” and thus, no
information from which to determine how they influence program impacts. Fortunately, as

® These labels are the same for all tables that identify offices.

" This mean of $883 weights each site equally and is presented for descriptive purposes only. It differsfrom
the estimated grand mean impact, which is reported later in this paper, which weights each site according to
thereliability of itsimpact estimate.
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shown in Table 3, program impacts do vary substantidly across offices and, as documented in
Appendix B, thisvaridion is highly saidicaly sgnificant.?

Figure 2 provides another way to view the variation across offices. Thisfigure dso
shows the differences between observed and “true’ impacts, discussed in section 2.2.1. The top
pand of Figure 2 is a histogram of the observed program impacts, like those reported in Table
3. These are unconditiona impacts estimated by OLS. As described in section 2.2.1, the
observed impacts consst of two components. (1) estimation error, and (2) “true” impact. The
bottom pand of Figure 2 is a histogram of these unconditiond true, underlying impacts,
edimated by empirical Bayes methodsin HLM (Bryk and Raudenbush 1992, pp. 39-40).
These “true’ impacts, with estimation error removed, will be modded using client characterigtics
in Level One and program management, service receipt, and economic environment as
explanaory variablesin Leve Two.

3.4  TheProgram Management Measures

As previoudy discussed, Sx program management measures are used in the present
andysis (1) the degree of aprogram’s emphasis on rgpid employment, (2) the intengity of its
focus on persondized client attention, (3) the degree to which it emphasizes close monitoring of
client participation, (4) the consstency of frontline staff members perceptions about these three
program features, (5) the agreement between frontline staff and their supervisors about these
three program features, and (6) the size of staff casaloads. The first three measures represent
how caseworkers (i.e., the frontline staff) define the core dements of the service technology for
their programs. The next two measures represent the consstency of staff and supervisor views
about these dements. The final measure represents the availability of perhaps the most important
program resource—gtaff time and energy.

Because frontline staff play a centra role in determining the actud nature of the
intervention offered by awelfare-to-work program (Lipsky 1980), measuring the variation
across offices in their perceptions and practices is one important way of capturing how offices
differ dong critica dimengons that managers can influence. This variation, in turn, may help
explain differences in what clients actualy experience in their programs and, ultimately, variation
in the success of those programsin improving labor market and welfare outcomes.

The surveys administered to staff in each program office were the source of data for the
SX management measures previoudy discussed. Responses to these surveys provide information
about local organizationa conditions, interactions between staff and their clients, and
rel ationships between staff and their supervisors. Both caseworkers and their unit supervisors
responded to the surveys.

8 A Chi-Square test was used to assess the statistical significance of the variation in impacts across offices.
Bryk and Raudenbush (1992, pp. 54-56) discuss the computation and interpretation of thistest statistic.
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Casaworkers are the primary point of contact for most program clients, but in some
cases, supervisors dso see afew dientsregularly or fill in for saff when they are on vacation or
ill.° Responses from frontline staff were used to congtruct five of the Sx management measures.
Responses from both frontline staff and their supervisors were used for the sixth measure of the
difference in their perceptions. Appendix Section C.1.1 contains additiond information about
the surveys from which data for the measures were obtained.

To measure program emphasis on quick job entry (Scale 1), the present study uses
ascae based on frontline staff responses to the four staff survey questions paragphrased in the
first panel of Table 4. Appendix Section C.1.2 describes how these responses were combined
for each staff member and how responses were further aggregated to produce a measure for
each locd office. To fadilitate itsinterpretation in the analyss, the office-level measure was
standardized to have amean of zero and a standard deviation of one. Asshown in Table 5, its
vaues range across officesfrom alow —1.7 to a high of 2.5, with higher vaues indicating greater
emphasis on quickly moving dlientsinto jobs.

Program emphasis on personalized client attention (Scale 2) is measured using a
scale congtructed from responses to five staff survey questions (paraphrased in the second panel
of Table 4) concerning how much effort staff make to learn about the client’ s needs and
circumstances in depth and to tailor services accordingly. The congtruction of this scale was
samilar to that for the “quick job entry” scale, described above. Its values range across offices
fromalow of -2.0 to ahigh of 2.3, with higher vaues indicating greater program emphasson
persondized client atention.

To capture how closely staff monitor their clients' participation in program
activities (Scale 3), the sudy uses a scae condructed from five survey questions
(pargphrased in the third panel of Table 4) that pertain to the staff awareness of clients
attendance and performance problems. Vaues for the scae range across offices from alow of
—2.8to ahigh of 1.9, with higher values indicating more intensive monitoring.

To the extent that managers successfully indtill acommon vision within their own
organizations, saff views on the key dements of their service technology should converge. Two
different scales were constructed to measure the extent to which a common vison did or did not
exigt within an office. One of these measures the degree of inconsistency between staff and
supervisor views of the organization’s service technology (Scale 4). To the extent that
managers effectively impart a common message, the views of staff and their supervisors about
these issues should converge. A high office score on this measure reflects a high degree of
disagreement between frontline staff and their supervisors. A second scale measures
inconsistency in the frontline staff’ s views on those same dimensions of the program’s
service technology (Scale 5). A high office score on this scale means that the staff of that office

® Available data do not indicate the extent to which supervisorsinteracted with clients.
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differ widely among themsdves in how much emphasis they say they place on quick
employment, personaized atention, and closeness of client monitoring.

Appendix Section C.1.2.3 describes how these two scales were constructed. The first
one reflects the within-office difference between the frontline staff and their unit supervisorsin
their average regponses on each scale. The second reflects the within- office variation (measured
as asandard deviation) in responses among frontline staff on the three service technology
scales, pooled across those scales. Both scales were constructed to have a mean of zero and a
gandard deviation of one. Vaues for the “ staff/supervisor inconsstency sca€’ range from —1.5
to 3.2; vaues for the “ saff inconsstency sca€’ range across officesfrom —2.1t0 4.5. If a
manager’ s successin indilling a common vison of their program matters for program success
(performance), offices that rate lower on these scales (i.e., have less disagreement) will have
higher program impacts.

Findly, ameasure of caseload size (Scale 6) was constructed from responses of
frontline s&ff to the following question on the aff surveys. “How many clients are on your
casdload today?’ The average response to this question for each office provides a measure of
the sze of its average caseload. Based on these responses, the average office in the present
sample had 136 clients per caseworker. The standard deviation across offices was 67 and the
range was 70 to 367. In comparison to the Riversde GAIN experiment, the much higher
casdoads of gaff in many of the offices included in the present study makes it possible to test
whether a much wider variation in caseload size matters for program performance.

3.5 TheProgram-Induced Service Differential Measures

This section describes how three measures of the differencein rates of participation in
employment-related activities between the program and control groups—referred to here as
service differential measures—were constructed.

A random subsample of program and control group members from each locd office
was interviewed roughly two years after their random assgnment date as part of follow-up
surveysfor the origind GAIN, P, and NEWWS eva uations. Among other information
collected by the surveys, respondents were asked about their receipt of specific program
services during the preceding two years. The present andyss uses this information to
characterize the program-induced service differentid for each locd office.

To define these measures, it was first necessary to make two key decisons. Thefirgt
decision concerned the types of services to include. Three core types of services were
examined in the present andysis job search assstance, basic education, and vocationd training.
Each of these categories encompasses a broad range of specific activities: job search
assistance indudes both individual job search efforts and group- oriented job club activities;
basic education includes adult basic education classes, GED preparation courses, and classes
in English as a second language (ESL); vocational training includes classroom training, on-the-
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job training, unpaid work experience, and post- secondary or vocationd training. Clients may
participate in any number or combination of these activities.

The second magjor decision concerned how best to measure service receipt. For this
decison there were three basic aternatives: (1) measuring the services received by program
group members only, (2) measuring the services received by control group members only, or
(3) measuring the difference between the services received by the two groups. This latter
gpproach was chosen because it provides an estimate of the difference between services
actually received by program group members and what they would have received without the
program being tested. In other wordsiit represents their programinduced service differential,
which, in turn, should be directly related to their program-induced earnings gain (i.e., impact).

As background information, the first row in Table 6 lists the average percentage of
program group members who received each of the three basic types of services. It shows that
19 percent received basic education, 22 percent received job search assistance, and 27 percent
recelved vocationd training. (Some clients entered these activities on their own during the
follow-up period but after exiting the program or welfare.) The second row in the table ligs the
average percentage of control group members who received each type of service: 8 percent, 5
percent, and 22 percent, respectively. The third row lists the average difference between
program and control group receipt rates (i.e., their average program-induced service
differentid): 11 percentage points for basic education, 17 percentage points for job search
assgtance, and 5 percentage points for vocationd training.

As can be seen, even though the largest percentage of program group members
received vocationd training, its service differentid was the smallest because it was the most
popular self-initiated service (control group members were especidly likely to obtain it on their
own). At the other extreme, the program-induced service differentia was greatest for job search
assigtance, the activity that members of the control group were least likely to enter on their
own.*

The averages mask a subgtantid variation across offices. Summary measures of this
vaiation arelised in the last two rows of Table 6 and in the middle pand of Table 5, and values
for each individud office are provided in Appendix Table C7. The cross-office sandard
deviation was 13 percentage points for basic education, 12 points for job search assistance, and
10 points for vocationd training. This reflects a very broad range from negative double-digit
vaues (indicating service receipt rates that are higher for control group members than for
program group members) to pogtive vauesin the vicinity of 50 percentage points. Although
some of this variation represents estimation error, datistica testsindicate that the variation in

101t likely, however, that anumber of survey respondents forgot some of the independent job search efforts
they made or did not consider it as part of a program when they were asked about it during the client foll ow-
up survey. Thus, itsreceipt rateis probably understated for both program group and control group
members.



“true’ sarvice differentidsis highly satisticdly sgnificant. It isthis variation that makes it possible
to relate program+-induced service differentias to programinduced earnings gains.

3.6 TheMeasureof Economic Environment

The importance of the economic environment for the success of wefare-to-work
programs has been the subject of speculation for decades. However, little is known about this
potentia connection. To explore it, the present study uses the prevailing county unemployment
rate for each program office to measure the condition of its [abor market environment.
Unemployment data were obtained from monthly, county-level statistics provided by the U.S.
Bureau of Labor Statistics, Loca Area Unemployment Statistics; and the Cdlifornia
Employment Development Departmen.

Because random assignment dates vary within and across offices, the follow-up
period—and, hence, the relevant unemployment rate—varies across individuds within an office
aswdl as across offices. To account for this when congtructing the office-level measure of
average unemployment, an average rate was first computed for the two-year follow-up period
for each client. Client averages were then aggregated to office averages. Appendix Section C.3
provides further details about how this measure was constructed.

The average unemployment rate for the present sample of offices was 7.4 percent, with
astandard deviation of 3.1 and arange of 3.5t0 14.3 (seethelast row in Table 5). Appendix
Table C8 ligs the average unemployment rate for each office, plus the within-office standard
deviation, and the range of average unemployment rates faced by individud clients™

3.7 TheMeasuresof Client Characteristics

Asnoted earlier, including dient characterigtics in the present andys's serves two
purposes. (1) it provides information about how program impacts differ for different kinds of
clients, and (2) it controls for observable differencesin the client mix across offices (and thus
potentid differencesin the difficulty of serving their dients) when examining the reaionships
between program characteristics and program impacts.

Data on client characteristics were obtained from background information forms
completed during enrollment of the 69,399 sample members. These forms provide information
about their educationd background, welfare history, number of children, and other persond
characteristics.

' An additional measure of the local economic environment — county-level job growth during the two-year
follow-up period — was considered and constructed, but not included in the present analysis. Appendix
Section C.3.3 describes the construction of this measure and explains that it was not used in the analysis
due to concerns about its likely measurement error.
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Table 7 ligstheindividud client characterigtics used for the present andysis. All
characterigtics are specified as indicator variables with avaue of zero when the characteritic
does not apply to a sample member and one when it does. Thefirs columnin Table 7 ligsthe
percentage of clients with each characteridic in the full sample.

To describe how the client mix varies across offices, the second column in the table lists
the cross-office gandard deviation of the percentage of clients in each office having each
characterigtic and the third column lists the corresponding minimum and maximum percentages.

Putting these pieces together, firgt note that the top line in the table indicates that 56
percent of dl sample members had at least ahigh school degree or GED prior to random
assignment. The percentage of clients with thislevel of education varies across offices, however
from alow of 17 percent in one office to a high of 74 percent in another. The cross-office
standard deviation was 14 percentage points.

In addition, note that over half of the sample members had more than one child, and 46
percent had a child under Sx years old; 44 percent had received welfare in dl 12 months of the
year before random assignment, and over half had no earnings during that year. However, these
and the other characterigticsin the table vary subgtantialy across offices. Thus, it was important
to control for them in the analyss.
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Chapter 4
The Findings

This chapter presents results obtained by estimating the mode introduced in
Chapter 2 from the data described in Chapter 3. To facilitate the interpretation of these
results, they are presented a number of different ways.

41 TheHypotheses Tested

Embedded in the present model are a series of hypotheses based on theory, past
research, and professional judgment. Although expectations differ about how the factors
covered by these hypotheses are related to program performance (as discussed in Chapter
2), each hypothesisis Stated below in a particular way to establish abasis for testing it
(not to take a pogition on its expected outcome). The study thus examines whether each
of the following factors independently improves program performance, other things being
equd:

With Respect to Management Choices.
A gronger emphasis on quick employment
A greater emphasis on persondized client attention
Closer monitoring of client participation
Smaller saff casdoads
Lessinconggtency in frontline Saff practices and views
L ess disagreement between frontline staff and their supervisors

With Respect to Program Services:
Less use of basic education

With Respect to Economic Conditions:
Lower unemployment rates

The andyds dso tests whether the program impacts are larger for certain types of
clients. Specificdly:

With Respect to Client Characterigtics
Clients with moderately severe barriers to employment.

The following sections present the results of the andyses conducted to test each
of these hypotheses. When ng these findings, it will be helpful to compare the
effects of a change on each key independent variable to the average program impact on
earnings for the average sample member at the average program office, which is $879, or
18 percent of the average counterfactual (see bottom paned of Table 8). In other words,
the average program increased the average client’s earnings by 18 percent above what
those earnings would have been without the program.
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Before proceeding, it is interesting to note that client characteristics explain 16
percent of the variation in performance of loca program offices. Together, client
characteristics and program characteristics explain 80 percent of thisvariaionin
performance (see Appendix section B.5).

4.2 Management and Performance

Table 8 presents findings that test the hypotheses concerning management choices
and practices.

4.2.1 Client Employment Emphass: Take a Job Quickly

A greater emphasis on rapid employment has come to be seen by many as
contributing to a more successful wdfare-to-work program. Congistent with this
hypothes's, the estimated positive regression coefficient for the quick job entry scaeis
the largest and most statistically significant coefficient in the model. This coefficient
indicates that a one-unit increase in emphasis on quick job entry (which ismeasured asa
multi-item survey scae with a tandard deviation equal to one) increases program
impacts by $720, holding al other varigblesin both levels of the modd congtant (i.e,
“other thingsequd”). Thisimpliesa$720 increase in impact for a one standard deviation
increase in a program’ s rating on the quick employment scale. Put differently, because
the average program’ simpact is $879, this change on the quick employment scae would
raise that impact to $1,599 (i.e.,, $879 + $720). In percentage terms, this represents an
increase in the earnings impact from 18 percent of the counterfactud for the average
program to 32 percent—a very large effect when compared to the typical effects
measured by randomized experiments conducted on welfare-to-work programs.

Another way to present this finding (which is more relevant for some of the other
variablesin the mode) isto report it as a partially standardized regression coefficient
(column two in Table 8). This ample transformation of the origina coefficient represents
the projected amount (in 1996 dallars) by which impacts would change if a program’s
rating on the quick job entry scale were increased by one standard deviation, other things
being equal. Because the quick job entry scale was constructed to have a standard
deviation of one, its partidly sandardized coefficient isthe same asits origind
coefficient.

Thethird column in the table lists the p-vaue for each regression coefficient (both
originad and partidly sandardized), which isameasure of its satigtica sgnificance. This
measure helps to guard againgt concluding that an estimated coefficient represents atrue
relationship or effect when ingtead it was produced by random error. The smaller the p-
vaueis, thelesslikely the estimated coefficient is to represent only random error, and the
more likely it isto represent atrue reationship or effect (i.e,, the more satidicaly
ggnificant it is). A p-vaue of 0.05 or smdler is the conventiond criterion for judging a
finding to be satigticaly sgnificant, however, recent practice has been to accept 0.10 for

! The partially standardized regression coefficient equals the original coefficient multiplied by the standard
deviation of the independent variable that it represents.
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this purpose; the present analyss adopts this latter sandard. The estimated effect of client
employment focus on program impactsiis highly satisticaly sgnificant, with a p-vadue of
0.000 (the precise valueisp = 2 x 10°).

Thefind columnsin Table 8 report findings as * conditiona impact intervas’ in
dollars (column four) and as a percentage of the average counterfactua (column five).
This convention (devel oped for the present study) illustrates how projected program
impacts vary when the vaue of one program characteristic spansits inter-quartile range
(that is, when the value of that characteristic changes from one that is at the 25"
percentile to one that is at the 751" percentile) and dl other variables remain a their mean
vaues? Thus, it represents the conditional response of program impacts to a standardized
change in a program characteridtic for the average sample member a the average
program office. For the quick employment scale, thisinterva is $397 to $1,361, or 8.1
percent to 27.9 percent of the average counterfactud, which is avery large differencein
impacts for atwo-quartile (50 percentile) difference in the vaue of the scale.

To test the robustness of thisfinding, Appendix D reports the results of sengtivity
tests that selectively ddete program offices from the sample and re-esimate the fulll
model. Thefirg set of tests deletes the four Riversde GAIN offices (because Riversde
was the most successful GAIN site by far), then deletes the seven Portland NEWWS
offices (because Portland was the most successful NEWWS site by far) and lastly, deletes
al 11 of these Riversde and Portland offices. Even after deleting dl of these unusudly
successful programs, the estimated regression coefficient for the quick employment scale
was $525 and its p-value was 0.004.

A second series of tests was conducted by first deleting the four program offices
with the two most positive and negative impact estimates, then the six offices with the
three most positive and negative estimates, up through the ten offices with the five most
positive and negative impact estimates. Variants of this gpproach are often referred to as
“trimming” the data or omitting outliers. Once again, the basic finding for the quick
employment scae was quite robust. Even with al ten of the office outliers omitted, its
estimated regression coefficient was $399 and its p-value was 0.011.

A third series of sengtivity tests was conducted by deleting the 17 program
offices (ten from Pl and seven from NEWWS) that administered random assignment
early in the sample intake process—at the point of welfare gpplication or
redetermination—instead of later in the process when sample members attended a GAIN,
PI, or NEWWS program orientation (which was the point of random assgnment for the
other 42 offices). Because these 17 offices administered random assgnment early during
intake, there was a greater margin for fall-off between random assignment to the program
group and program participation. Hence, this experimenta design may have diluted the
program and control group trestment contrast and thereby produced program impact

2 To ensure consistent treatment of each independent variable, this calculation proceedsasif they were
distributed normally across offices and sets the lower value of the inter-quartile range to 0.67 standard
deviations bel ow the mean and the upper value to 0.67 standard deviationsabove the mean. This represents
the 25" and 75" percentile values, respectively, for anormal distribution.
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edimates that were sysematicaly different from those of the other offices. Nevertheless,
when the 17 offices were omitted from the sample, and the impact modd was re-
estimated, the coefficient for client employment focus was $455 and its p-vaue was
0.010 (Appendix Table D3). Thus, the finding is quite robust to the deletion of these
offices.

A find series of sengtivity tests was conducted by deleting a progressively
increasng number of offices with the most extreme positive and negative vaueson
selected explanatory variables: those with the largest magnitude and the highest Satistical
sgnificance of the program characterigtics reported in Table 8. The scale for “emphasis
on quick dient employment” was one of these variables, and as further described in
Appendix Section D.1.4, the estimate reported in Table 8 is robust to the deletion of
outlier offices measured by thisscale.

These findings consstently point to the same conclusion—that a strong
employment message to clients that encourages them to move into the labor market
quickly can be a powerful medium for increasing a program’ s success in raising their
earnings.

4.2.2 Personalized Client Attention: Getting “ Closeto the Customer”
Can Make a Difference

Findings for persondized client atention are aso griking, Satisticaly sgnificant,
and robugt. The regression coefficient for this variable suggests that increasing it by one
standard deviation will increase program impacts by $428, other things being equd. The
p-vaue for this coefficient is 0.0002, which indicates that it is very unlikely to represent
only random error. The conditional impact interva for this variable, $592 to $1,166 (or
12.2 percent to 23.9 percent of the counterfactual) indicates that a two-quartile changein
its vaue can lead to alarge change in program impacts. Lagtly, sendtivity testsindicate
that the regression coefficient for this variable is $334 (p-value = 0.016) without the 11
Riversde GAIN and Portland NEWWS offices, $267 (p-vaue = 0.011) without the ten
office outliers; $204 (p-vaue = 0.176) without the offices that conducted early random
assignment; and $441 (p = 0.008) without the offices with the highest and lowest values
on this independent variable. Hence, the basic finding of a positive relaionship between
emphasis on persondized client atention and program successis relatively robust.

Thisfinding indicates that the well-worn private sector adage about “ getting close
to the customer” may aso gpply to human service programs run by government agencies
and not-for-profit organizations.

4.2.3 Closenessof Client Monitoring: Information Aloneisnot Enough
Knowing in atimey way how well dients are atending and progressng in their
assigned activitiesis presumably essentid if frontline Saff are to enforce a participation

mandate more rigoroudy, or to provide dients with more helpful case management and
guidance through the program. It is therefore surprising thet this sudy findsthet, dl dse
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being equd, offices that more closdy monitor clients tend to have smaller impactson
earnings. However, this rdationship is not satisticdly robust.

The regression coefficient for this variable indicates that increasing the average
office s rating on the monitoring scde by one sandard deviation will reduce its earnings
impact by $197, other things being equa. Thisimplies a conditiona impect interva of
$1,011 to $747, or 20.8 percent to 15.3 percent of the counterfactua. However, the
underlying coefficient etimate just misses being datisticaly sgnificant (its p-vadueis
0.110).

Furthermore, sengitivity tests of the coefficient estimate produced mixed results.
On the one hand, deleting the 11 program offices from Riversde GAIN and Portland
NEWWS had little effect on the estimate’ s magnitude (which was - $173 after the
deletions), but by reducing the sample size, these deletions reduced its Satistical
sgnificance (to ap-vaue of 0.231). On the other hand, deleting the 10 office outliers, or
dternaively the offices with early random assgnment, caused both the magnitude and
datidticd sgnificance of the estimate to erode substantidly (although it remained

negative).

In interpreting this finding, it isimportant to understand that the monitoring
variable used in this study mostly measures the timeliness of staff knowledge or
awareness of clients participation patterns; it does not directly measure their effortsto
enforce compliance or to provide helpful assstance to facilitate that participation. For
example, theoreticdly, offices that took either avery tough or avery lenient stance
toward enforcement could have rated high on this scae. Perhaps what mattersis not just
daff awareness of participation problems and non-compliance, but what staff do with the
information they have on dients participation. Awareness by itsdf is not enough, and
those offices that most closdy monitor their clients may not o be places that take the
most productive steps to deal with participation problems that are detected.

424 Caseload Size Human Resources M atter

The estimated effect of caseload Sze on program impactsislarge, Satidicaly
sgnificant, and robust. For example, the regresson coefficient for this variable indicates
that program impacts on earnings decline, on average, by $4 per additiond client per
caseworker, other things equd. The p-vaue for this coefficient of 0.003 indicates thet it
ishighly satidicaly sgnificant.

To interpret this result, however, it ismore hepful to view it through the lens of
the partialy sandardized regression coefficient. This parameter implies that increasing
the casdl oad size by one standard deviation (67 clients) will reduce program impacts by
$268, which is a szable reduction. Thisimpresson is further reinforced by the broad
conditional impact interval of $1,058 to $700, or 21.7 percent to 14.4 percent of the
counterfactud.
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Sengitivity testsindicate that this finding is quite robust. Throughout dl of these
tests, the coefficient for caseload Sze remains negative and, in most cases, is Satigtically
ggnificant.

Thus, it appears that the alocation of the principa human resource on the
program side of awdfare-to-work intervention—frontline gaff—meatters a grest dedl to
its success. While in accord with conventiond wisdom, this finding conflicts with results
of the Riversade GAIN casdload experiment (Riccio, Friedlander, and Freedman, 1994),
which found no difference in earnings impacts between sample members randomly
assigned to staff with a standard caseload (averaging 97 clients per casaworker) and those
assigned to staff with areduced caseload (averaging 53 clients per casaworker).

However, the present andysis examines casel oads that typically are much larger
and vary much more than those for Riversde GAIN. The mean casdoad sze for a
program office in the present study is 136 and its standard deviation across officesis 67.
Thus, plus-or-minus one standard deviation from the mean spans arange from 69 clients
per caseworker to 203 clients per caseworker. It therefore seems reasonable that program
impacts would erode substantialy when casel oads begin to approach the higher end of
this range, where saff may have very limited time to devote to each client.

4.25 Congstency Within the Office: Mixed Results

Findings are mixed for the last two management variables— the scale measuring
saff/supervisor disagreement about key elements of their service technology and the
scae measuring inconsgtency in views among frontline staff. These variables (dthough
formulated in the negative) represent the extent to which program managers are able to
indtill acommon vision of what needs to be done for their clients and how best to
accomplish this task.

Findings for the staff/supervisor disagreement scale are satiticaly significant
and congstent with the hypothesis that a common organizationd vision can improve
organizationd performance. The regression coefficient for this variable impliesthat as
daff/supervisor disagreement declines by one standard deviation, impacts increase by
$159, other things equd. This coefficient is Satisticaly sgnificant (with a p-vaue of
0.102) and relatively impervious to sengtivity tests, except in the case when offices that
conducted early random assignment are del eted.

In contrast, no datigticaly significant relationship is found between anincreasein
the degree of inconsstency in views among frontline staff and office impacts on earnings.
Thus, these results appear to chalenge the hypothesized importance of the management
imperative to indtill acommon sense of misson and method. However, one possible
explanation for thisfinding is that the “ content” of that misson might be crucid. For
example, office performance may be enhanced, at least in the short run, not by cultivating
ahighly shared vison stressing education first over quick employment (which may even
harm short-run performance), but, rather, by cultivating a highly shared vison
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emphasizing quick job entry over education first. Thus, it may not be shared vison per s2
that matters, but, rather, shared vison built around an effective service technology.

4.3 Servicesand Performance: Increased Reliance on Basic Education
Reduces Short-Run Effects

Although many observers would agree that the best way to increase the earnings
of welfare recipients in the short run isto help them find ajob, views differ sharply
regarding expectations for the long run (see Chapter 2). The labor force attachment
approach, which advocates the use of job search assistance as an upfront program
activity, argues that even for the long run, finding ajob quickly isthe most effective
srategy because it gets clients into the workplace where they can learn on the job what
they most need to know to be successful. The human capita development approach
argues that only by first imparting new skills and knowledge to clients through upfront
formal education and training can a program prepare clients to obtain the kinds of jobs
that will move them toward economic sdf-sufficiency.

To assess these different perspectives, three service differential variables were
included in the program impact mode to represent the program:control group difference
in the percentage of sample members who received basic education, job search
assigtance, and vocationd training. Service differential estimates were used instead of
absolute service levelsto account for the large differences that exist across program
offices and by type of service in the degree to which control group members obtain
gmilar services on their own. As previoudy noted, the service differentid is lowest for
vocationd sKillstraining. Although a high proportion of program group members took
part in such activities (often on their own initiative), anearly as high proportion of
control group members did so aswell, but without any ass stance from the program.

Findingsin Table 8 are congstent with the hypothesis that basic education will
produce smdller-than-average short-run earnings gains. The regresson coefficient for this
vaiable, which is gatigticaly sgnificant (p-vaue = 0.017), implies that program impacts
decline by $16 for each one-point increase in the program+-induced change in the
percentage of clients who receive basic education, other things being equd. Another way
to ate thisfinding (based on the partially standardized regression coefficient) isthat
program impacts will decline by $205 if the program-induced change in the percentage of
clients who receive basic education increases by one standard deviation (13 percentage
points).

For another way to understand what this finding means, note again that the overal
average impact of $879 is defined for the average vaue for dl variablesin the modd (i.e.
for the average client at the average program office). If al other factors stayed the same,
but the basic education differential was one standard deviation above its current mean (24
percentage points instead of 11 points), the program impact would be $674 instead of
$879 (or 13.8 percent of the counterfactua instead of 18.0 percent). This sizable
difference illustrates the reduced short-run impacts when emphasizing basic education as
aprogram strategy.
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Although these short-run effects of basic education are consstent with prior
expectations, it is not clear why vocationa training does not depress impacts smilarly,
since both program strategies require time in the classroom and time out of the
workplace. One potentially important difference between these two activities, however, is
that basic education need not (and often does not) have an employment focus or a direct
connection to the world of work, whereas vocationa training usudly has both. In
addition, in many of the programs, clients were often required to attend basic education
asthar initid activity, or strongly pushed in that direction, whether they wished to
participate in that activity or not (and many did not). Thus, it is possible that basic
education, when incorporated into a program in this fashion, does not Smply delay
clients attachment to the job market but also imposes an opportunity cost of thetime
clients spend attending and preparing for class. A more selective use of basic education
may be more productive. (Recall that the most effective programs, such asthe Riversde
and Portland programs, did include some basic education among their service offerings).

Thus, it would gppear that more explicit employment-focused activities are the
key to successin the short run for clients of welfare-to-work programs. The question
remains, however, as to whether this key will open the door to their future economic self-
sufficiency.

4.4 Economic Environment and Performance: It’sHarder to Increase
Earnings When Jobs are Tougher to Find

Although it seems commonsensicd that the economic environment of awefare-
to-work program must affect its success, there are two opposing views about the direction
this effect takes. One view pogits that lower unemployment rates, which imply rlaively
more job openings, make it easier for programs to help clients whom they are preparing
for find jobs. Thus, program performance should be stronger in such environments. The
other view podgits that lower unemployment rates make it eeser for employable welfare
recipients to find jobs on their own. In other words, when demand for workersis high,
recipients need less help from a program to land a job, thereby limiting the value added
by participating in aprogram. A good economy may aso leave a harder-to-employ
segment of the welfare population on the rolls, which, in turn, might make it more
difficult for a program with limited resources to have an effect.

Fortunately, the settings covered by the present analysis span awide range of
economic environments due to varigtion in time and geography. Sample enrollment took
place for GAIN in Cdiforniafrom 1988 to 1990; for Pl in Florida during 1991; and for
NEWWS in Cdifornia, Georgia, Michigan, Ohio, Oklahoma, and Oregon from 1991 to
1994. As documented in Section 3.6, these data provide a strong empirical base for
studying the relationship between unemployment rates and program impacts on earnings.

3 See Hamilton and Brock, 1994.



The regression coefficient for the unemployment rate in the present modd, which
ishighly satidicaly dgnificant (p-vaue = 0.004), implies that a one percentage point
increase in the unemployment rate reduces program impacts by $94, other things equd.
Thus, if the average program in the sample experienced an increase of one standard
deviation in its unemployment rate (3.1 percentage points), the overal average impact of
$879 would fal by $291 to $588 (to 12.1 percent of the counterfactua). This sizable
edimated decline is quite robust and withstood amost dl of the sengitivity tests reported

in Appendix D.

Thus, it appears that other things being equd, the performance of wefare-to-work
programs will decline when unemployment rates rise and jobs for clients become harder
to find. This result has particular relevance for what might be expected during periods
when the U.S. economy is on the downside of the business cycle.

45 Client Characteristics and Performance

There is congderable interest in how the performance of wefare-to-work
programs differs for different types of dlients. Thisinterest sems from desres to achieve
both the equity and efficiency gods of these programs. In this regard, mogt attention has
been focused on how program performance varies with clients employability, which is
typicaly measured in terms of their level of forma education, amount of prior
employment experience, and extent of prior welfare dependence.

Although the connections between these characterigtics and the level of future
economic success iswell established (future employment and earnings go up and welfare
receipt goes down consstently as education and past employment experience go up and
prior welfare dependence goes down), their linkages to program impacts are far less
clear. As noted in Chapter 2, the two most relevant past studies of thisissue cometo
different conclusions, dthough they use evaduation findings from different kinds of
wefare-to-work interventions. Friedlander (1988) concludes that program impacts on
earnings are largest for welfare clients in the middle range of a distribution of background
characteristics related to employability, whereas Micha opoulos, Schwartz and Adams-
Ciardullo (2001) do not find a clear pattern of differences across such subgroups.

What is most distinctive about these two Sudiesisthat: (1) they were able to
compare the background characterigtics of welfare recipients to vaid estimates of
program impacts, and (2) they formulated their research questions in terms of client
subgroups defined mainly by specific categories of asingle client characteristic (e.g.
education leve).* Hence, they observed how program impacts varied when asingle
characteristic was varied. However, they did not focus on how impacts covary with one
characteritic, holding the others constant.

The anadysisin this section shares the firg feature of these sudies. It, too,
compares client characteristics to vaid estimates of program impacts. However it departs

* They also defined subgroupsin terms of specific combinations of categories for several characteristics.
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in afundamenta way from the second feature by not formulating the andyssin terms of
client subgroups. Instead it formulates the andysisin terms of conditional impact
variation, or how program impacts covary with each client characteritic, holding al
others congtant. In fact, given the structure of the hierarchica model used to produce
these findings, the conditiona impact variation reported not only holds al other client
characterigicsin the model constant, it aso holds constant the characteristics of program
management, program services, and the economic environment that are included in the
moddl.

Thefindings of the rel ationships between client characterigtics and program
impacts are presented in Table 9. Because client characterigtics are defined as smple
categories (represented by zero/one indicator variablesin the modd), it is only necessary
to report the regression coefficient for each variable and its p-vaue. These coefficients
represent the regression-adjusted difference between (1) the program impact for the
average sample member at the average program office with the specified category for a
given characteristic, and (2) the impact for a person who isthe same in al way's captured
by the mode except for one: she belongs to the “left-out” category for that characteristic
(the category that is not represented by an indicator variable in the modd).

Thus, for example, the regression coefficient of $653 for clientswith a least a
high schoal diplomaor GED implies that the impact for sample members with thisleve
of education is $653 greater on average than the impact for clients who are the samein
al other ways (and participated in programs that were the same in al measured ways)
except they had not attained this level of education prior to random assignment. This
finding is highly gatigticadly sgnificant (p-value = 0.001). In other words, athough
people who entered the programs without areaedy having ahigh school diplomaor GED
benefit from the program, those who entered with those credentias benefited more, dll
dse being equd.®

For characterigtics represented by more than two categories, it is Smple to extend
the interpretation of the regression coefficient in the table. For example, consider the
findings for number of children. The regresson coefficient for “had two children” (which
is not getigticaly sgnificant) estimates that the programimpact for dientsin this
category is $301 greeter than clients who are the same in dl other ways, except that they
had one or no children (the left-out category for this characterigtic). In addition, the
regression coefficient for “had three or more children” (whichishighly daiticaly
significant) indicates that the program impact for clientsin this category is $591 greater
than for clientswho are the same in dl other ways, except that they have one or no
children.

Note that the only other statidicaly significant individua-leve coefficient in the
modd suggests that, other things being equal, women who had received welfare for al 12
months during the year before they enrolled in the study sample (which may make them a
more disadvantaged group) experienced programtinduced earnings gains that were $444

® Findings for the typical sample person with and without a high school degree or GED were simulated
using the results of the model displayed in Table 9.
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larger than the gain experienced by women who had not received welfare this
consstently but were the same in dl other respects (and were exposed to programs that
were the samein all respects accounted for by the modd!).

Taken together, the findings on client characteristics present a mixed picture.
Program impacts are not consistently larger—or smalle—for individuds having
characterigtics that might be seen as making them easier or more difficult to employ.
Thus, these results do not provide evidence in support of efforts to target these kinds of
welfare-to-work programs for clients with selected characteristics.
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Chapter 5
Implications and Planned Extensions of the Analysis

This chapter summarizes the main implications of the present andysisfor the
design and implementation of wefare-to-work programs, in particular, and for the design
and conduct of research on the performance of human service programs, in generd. The
chapter concludes by outlining severa future extensons of the present andyss.

51 Implications of the Present Analysis

The findings outlined in Chapter 4 suggest that:

1. Management choices and practiceswith respect to how welfare-to-work
programs areimplemented and how their resources are deployed matter
agreat deal to program success. In paticular:

A strong employment message can be a powerful medium for
stimulating clients to find jobs. The present findings indicate that
programs that aggressively promote quick employment increase client
earnings by consderably more than programs that are less aggressve
in this regard. Thus, programs can be more effective when managers
make this message a centrd staff priority.

A clear staff focus on providing personalized attention to the needs,
desires, ahilities, and limitations of their clients can markedly increase
program success. The present findings indicate that programs that
emphasize persondized client atention are more effective than those

that do not. Thus, programs can be more effective when managers

indill in their gaffs afirm conviction thet “one Sze does not fit al”

and that “getting close to the customer” is very important.

Especially large caseloads limit the time available for staff membersto
work directly with their clients and thereby can undermine program
effectiveness. Current and past research indicates that while especiadly
small casdoads may not improve program performance, especidly

large casdoads can hurt performance substantially.

2. Increased reliance on basic education reduces short-run effects. The
present findings indicate that offices that rely more on basic education have
gmdler impacts. Programs emphasizing more explicitly employment-focused
activities appear to be more successful in the short run. However, the long-run
payoffs of such strategies remain to be determined.

3. Thelocal economic environment isa major factor in the determination of

program success. The present findings indicate that program-induced
earnings gains are larger when loca unemployment retes are lower. This
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underscores the importance of developing contingency plans that will help
welfare administrators anticipate the needs that will arise when the US
economy weakens.

4. Program effectivenessfor different typesof clients does not follow a clear

pattern. The present findings indicate that welfare-to-work programs can be
effective for many different types of dients—not just afew isolated

subgroups. Furthermore, they suggest that no clear overdl pattern exigtsin the
rel ationships between client characteristics and program impacts. Combined
with smilarly mixed findings from past research, this suggeststhat a sysem

of socio-economic “profiling,” which attempts to identify types of clients

mogt likely to benefit from a program and made the target of its efforts may be
very difficult to congruct.

5. A systematic multi-site strategy that uses natural variation acrosssitesto

compare valid and reliable measures of program characteristicswith
experimental estimates of their impacts can provide important insights
into the linkages between program implementation and program
performance. The present analyssillusirates the types of lessons that can be
learned from this approach and, thus, hel ps to demondirate its potentia for
future policy research. It istherefore hoped that by carefully laying the
framework for such comparative andyses through the design of future
experiments, researchers can begin to open the “black box” of human service
programs and thereby increase their ability to provide practica solutionsto
important rea-world problems.

5.2 Planned Extensions of the Present Analysis

As noted earlier, the present andysisisthe first step in amore comprehensive
program of research that will use the current gpproach and data to study the determinants
of effective wdfare-to-work programs. Hence, the present analysis does not address
severd potentiadly important issues that will be explored through future research.

5.2.1 Issuesto be Addressed

Two issues hot addressed by the present impact mode stem from its specification
as aseries of linear additive functions (Equations 1 through 4 in Chapter 2). This
gpecification was used to Smplify theinitid andyss and maximize its atistical power
by minimizing the number of parameters to be estimated. Nevertheless, the particularly
ample and mathematicaly convenient specification used may not fully reflect the
subtleties of how program characteristics are related to program impacts in practice.

Oneimplication of the present specification is that the change in program impacts
per unit change in each program characteristic is assumed to be congtant for al vaues of
that characteristic. A second implication is that the effect of each program characteristic
is assumed to be independent of the value of the others. While these assumptions may be
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reasonable approximations for gauging the implications of smdl changesin program
characterigtics, they may not be gppropriate for predicting behaviora responsesto large
changes!

Another way to think about these smplificationsisto note that they imply the
absence of threshold effectsand interaction effects. Threshold effects, which in some
contexts are referred to as “tipping,” 2 can occur when a program characteristic does not
affect program impacts until it exceeds or drops below a certain threshold leve, beyond
which impacts change precipitoudy. For example, it is possible that unemployment rates
do not affect program impacts until they approach avery low levd, a which point
impacts may increase subgtantidly. Smilarly, it is possible that saff casdoad size does
not affect program impacts until it exceeds a particularly high level, beyond which
program impacts drop sharply.

Interactions reflect synergies among program characteristics that can occur when
a specific combination of them has a pronounced effect that exceeds the sum of their
separate effects.® For example, vocationa training provided in the context of limited
emphasis on quick client employment and/or limited job search assstance might have no
effect on program impacts, whereas it might have a substantial effect when these other
factors are present to a greater degree and thereby help to convert new skillsinto new
jobs. Interactions can also occur between client characteristics and program strategies. It
may be that certain program drategies are very effective with clients having a broad
range of characterigtics, while other program strategies work well for only certain types
of clients.

A third issue for future research is the possibility that program services may be
intervening variables that mediate the rel ationships between other program
characteristics and program impacts. In other words, the present model does not account
for the possibility that management practices, the economic environment, and client
characterigtics have indirect effects on program impacts through their effects on what
program services are received by sample members, and the subsequent effects of these
services on program impacts. Insteed, the model specifies only the direct effects of
program characteristics (presumably through their influence on how employment
mandates promote client employment). A more complete model would specify both
direct and indirect effects, which would make it possible to estimate the total effect of
each program characterigtic.

A fourth issue for future research is the relationship between program
characterigtics and program impacts on other labor market and welfare outcomes, both in

! The present model is equivalent to approximating a nonlinear function with afirst-order Taylor Series
gGr%ne, 1997, pp. 452-453).

The best-known example of tipping involves racial transitions in neighborhoods. This concept appliesto a
broad range of other phenomena, however (Gladwell, 2000).
3 More generally, interactions represent any situation where the sum of the separate effects of agroup of
variablesislessthan or greater than their combined effect. In the present context, such interactions might
involve two or more Level One client characteristics, or two or more Level Two program characteristics, or
acombination of program characteristics and client characteristics.
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the short run and in the long run. The present andlysis focuses on one short-run
outcome—tota earnings during the firgt two years after random assgnment. However,
there is reason to believe that different types of outcomes may respond differently to the
same program characteristic. Furthermore, as noted earlier, there is reason to believe that
impactsin the long run may differ from those in the short run. Thus, the present analyss
represents only one piece of a potentialy much larger puzzle,

5.2.2 How Theselssues can be Addressed

Future research will address these outstanding issues by extending the present
andysis. For example, data are available for a number of additiona labor market and
welfare outcomes defined for the current two-year follow-up period and Table 10
illugtrates their potentia for expanding the scope of the present study.

The top pane of the table reportsimpact information for three additiona two-year
follow-up outcomes: the mean number of quarters employed during this period, the mean
tota amount of AFDC payments received, and the mean number of quartersfor which
AFDC benefits were received. The firgt column in the table indicates the overdl average
impact on each outcome and the second column reports these impacts as a percentage of
their counterfactud. Thus, for example, the overall average impact on mean quarters
employed during the two-year follow-up period was 0.36 quarters, which was 15.7
percent of its counterfactud (the number of quarters that would have been employed in
the absence of the programs). The third column in the table, which reports the Satistical
sgnificance of each mean impact, indicatesthat dl of the impact estimates are highly
sgnificant.

More important, however, are the remaining columns, which summearize the
variation in impact estimates across locd offices and thereby illustrate the potentia for
studying the effects of client and program characteristics on these impacts. Column four
reports the range of estimated impacts across offices. These estimates do not control for
differencesin client characteristics and thus are unconditional. Column five indicates that
unconditiona impacts vary highly sgnificantly across offices. Hence, thereis varidion to
be explained by differencesin client characteristics, program factors, and/or loca
economic conditions. Thefina column in the table reports the statistica sgnificance of
the variaion in conditiona impacts across offices, which control for client
characteristics. As can be seen, even after gpplying these contrals, there is till redl
variation to be explained by program factors and loca economic differences.

The bottom panel in the table reports corresponding information for program
impacts defined in terms of the labor market and welfare experiences of sample members
during the eighth quarter after their quarter of random assgnment. Thisinformation can
be usad to assess the extent to which program impacts are sustained during the first two
follow-up years. As can be seen, these impacts are dill fairly large, ranging, on average,
from 10.6 percent to 15.7 percent of their underlying counterfactuals. Of greater
importance, however, is the fact that the variation in both unconditional and conditiond
impacts across offices is Hill highly satigtically sgnificant. Hence, an opportunity is
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available to study how program and client characteristics and local economic conditions
influence these dimensions of program performance.

In addition to the preceding two-year follow-up measures, corresponding data for
afive-year follow-up period are currently available for GAIN and soon will be available
for NEWWS. Thus, future analyses will be able to explore how program and client
characterigtics affect longer-run impacts. As noted earlier, thisissue is especidly
important for providing guidance about the most effective mix of program services.

In addition to expanding the range of outcome measures considered, it will aso be
possible to explore the effects of program characterigtics that were not included in the
current andyss. One of the congraints on this option, however, istha not al staff survey
questions (the basis for measuring management characteristics) were asked for dl three
of the studies used for the current analysis. To expand the range of measures considered,
it therefore will be necessary to redtrict the sample to a subset of these studies, which in
turn will reduce the number of degrees of freedom and the statistical power for the
anayses. Y et another way to ded with this problem isto pool data for responsesto
survey questions that were asked in asimilar, but not identical, way across studies.

In addition to exploring other measures of program characteristics and program
impacts on other outcomes, it also will be possible to examine potentia threshold effects
for asmal number of specific program characteristics and examine potentid interactions
for asmal number of combinations of characteristics.

The smplest way to test for a threshold effect with respect to a program
characteridic is to convert its continuous measure to a series of categorica indicator
variables and subgtitute them into the program impact model. The estimated coefficients
for these indicator variables can then be used to identify any sharp changesin program
impacts that might occur when moving from one category to the next.*

The smplest way to test for interactionsis to add interaction terms to the impact
model. A two-way interaction term can be constructed as the product of measures for two
program characteristics; a three-way interaction term can be constructed as the joint
product of measures of three characteristics, and so on.® The estimated coefficient for
each interaction term measures the magnitude and sgn of its effect. This, in turn,
indicates how the effect of one program characteristic on program impacts varies with the
vaue of another characteridtic.

Because testing for threshold effects and interactions requires adding office-level
variables to the mode, the number of such nonlinear effects that can be studied will be
serioudy limited by the fact that there are only 59 offices in the present sample.
Consequently, it will be necessary to dradtically reduce the number of potentid candidate

* In principle, this approach could be extended to include “spline functions” (Greene, 1997, pp. 387-390),
but doing so is probably beyond the capacity of the current dataset.

® Itisnot likely that higher-order interactions will be useful or feasible given the limited number of
program offices in the present sample and the difficulty of interpreting findings for such interactions.
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variables through a careful assessment of the a priori arguments for each. Doing so will
help to mitigate the well-known pitfalls of data mining.

The fourth mgor extension of the present andysiswill be an atempt to estimate
the direct and indirect effects of program characteristics on program impacts. However,
thiswill be quite complicated because, in principle, it involves overlaying a system of
smultaneous equations on a hierarchica model. Nevertheless, it should be possible to
explore some of the implications of thisissue by estimating a series of modds that first
examine the separate relationships among program impacts, program service
differentids, and other program characterigtics, and then piecing together the implications
of these findings®

In closing, it isimportant to note that the most difficult-to-overcome limitation of
the present analysisisits potentid exposure to |eft-out variable bias. As noted earlier,
even though unbiased estimates of program impacts are obtained from arandomized
experiment for each office, the relationships between these impacts and program
characteristics are estimated non-experimentaly. Hence, they are only asvaid asthe
mode upon which they are based. To the extent that the rich array of data available for
the present analysis accounts for the most relevant determinants of program impacts,
findings from the modd provide valid causd inferences.” However, to the extent that
such variables remain outside of the andyss, their influence will be attributed mistakenly
to the variables that are included, thus biasang their causa inferences.

In theory, the ided way to diminate this problem is to randomly assign individua
sample members to one of many different configurations of program characteritics. This
ided design (which would require a very large number of random assignment groups)
would make it possible to distinguish the effectiveness of different program strategies for
different target groups under different conditions. Although thisisided in theory, it isnot
feasblein practice.

To date the random assignment gpproach has been used effectively to study a very
smdl number of program dternatives (for example, sandard versus reduced casdoadsin
GAIN; and integrated versus traditiona case management strategies, and human capita
development versus labor force attachment approachesin NEWWS). Thusit has
demondtrated a clear potentid for comparing afew specific aternatives. Nevertheless,
the random assignment gpproach is not likely ever to be feasble for identifying and
separating the influences of the many different forces, and combinations of forces, that
impinge on human service programs.

Therefore, even with its limitations, the present approach of using naturd cross-
gte variation in the characterigtics of programs tested by randomized experiments

® Thisanalysis could proceed by analogy to afully recursive model with one independent variable, X, one
intervening variable, Z, one dependent variable, Y, and independent error terms. See Baron and Kenny
$1986) for adiscussion of such an analysis.

Asnoted earlier, relevant variables are ones that produce left-out variabl e bias because they are
conditionally correlated with both program impacts and program characteristics in the model.
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ultimately may be the best feasible way to identify the factors that produce effective
human service programs. To do thiswell, however, will require alarge number of
program sites, a conscious effort to conceptuaize and measure relevant program
characterigtics consistently across these sites, and awell-devel oped modeling strategy for
relating the variation in these characterigtics to program impacts.
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Table1

GAIN, PI, and NEWW S

NEWWS:
GAIN: National
Greater PI: Evaluation of
Avenuesfor Project Weéfare-to-
I ndependence Independence Work Strategies
Period of Random March 1998 to January 1991 to June 1991 to
Assgnment June 1990 August 1991° December 1994
Number of Offices 22 10 27
Number of Counties 6 9 10
States Cdifornia Horida Cdifornia,
Georgia,
Michigan, Ohio,
Oklahoma,
Oregon
Notes:

a. Thesampleinthisanalysisisrestricted to femalesonly.

b. Pl random assignment occurred from July 1990 to August 1991. However, the present study restricts
the Pl analysis sampleto only those clients randomly assigned in 1991 because program conditions
changed in 1991, and the staff survey used to measure program characteristics was conducted in
September and October 1991 (see Kemple, Friedlander, and Fellerath, 1995; Kemple and Haimson,
1994). Therefore, the office-level measures most accurately reflect conditions faced only by clients
randomly assigned in 1991.
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Table2

Sample Sizes
GAIN Pl NEWWS TOTAL

Total number of program offices 22 10 27 59
Totd experimentd sample 18,126 4,296 46,977 69,399
Totd program staff survey sample 776 57 392 1,225
Tota client follow-up survey sample 3,163 692 11,380 15,235
Experimental sample per office

Mean 824 430 1,740 1,176

Standard deviation 488 166 1,390 1,117

Range 26010 2,212 177to764 289t04,418 | 1771t04,418
Staff survey sample per office

Mean 35 6 15 21

Standard deviation 19 2 14 19

Range 9to 83 2to8 lto 61 1t083
Client follow-up survey sample

per office®

Mean 144 69 421 258

Standard deviation 143 11 574 423

Range 36 to 656 541091 27102159 | 27102159
Note:

a.  Theclient follow-up survey was used to measure employment and training services received by

program and control group members.
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Table 3
Estimated Program Impacts on Mean Total Earnings
During the First Two Years After Random Assignment
By Local Program Office

Statistical
Sandard Error Significance of the

I mpact Of the Estimate

Office Egtimate® Egtimate® (p-value)
GAIN1 $4,217 $1,023 0.000
NEWWS1 3,775 1,212 0.002
GAIN2 2,968 655 0.000
GAIN3 2,904 1,201 0.016
GAIN4 2,765 480 0.000
NEWWS2 2,679 1,157 0.021
NEWWS3 2,486 628 0.000
GAIN5 2,261 789 0.004
NEWWA 1,914 549 0.001
GAING6 1,779 983 0.070
NEWWS5 1,758 333 0.000
GAIN7 1,740 803 0.030
GAINS 1,681 765 0.028
Pl1 1,668 1,062 0.116
NEWWS6 1,596 391 0.000
NEWWS7 1,573 792 0.047
NEWWSS8 1,422 1,068 0.183
NEWWSO 1,404 563 0.013
GAIN9 1,376 1,115 0.217
NEWWS10 1,369 566 0.016
P12 1,219 897 0.174
GAIN10 1,182 729 0.105
GAIN11 1,143 532 0.032
GAIN12 1,113 811 0.170
NEWWSI11 1,049 1,074 0.329
NEWWS12 925 295 0.002
NEWWS13 899 760 0.237
PI3 894 1,194 0.454
NEWWS14 811 292 0.006
NEWWS15 759 485 0.118
GAIN13 700 1,006 0.487
NEWWS16 609 365 0.096
NEWWS17 573 271 0.035
GAIN14 556 930 0.550
NEWWSI18 531 273 0.052

(continued)
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Table 3
Estimated Program Impacts on Mean Total Earnings
During the First Two Years After Random Assignment
By Local Program Office

(continued)
Statistical
Standard Error Significance of the

I mpact Of the Estimate
Office Estimate? Estimate? (p-value)
Pl4 525 1,614 0.745
NEWWSI19 494 294 0.093
NEWWS20 481 844 0.569
PI5 437 1,112 0.694
GAIN15 371 523 0.478
PI6 310 838 0.711
NEWWS21 309 412 0.454
Pl7 306 1,028 0.766
NEWWS22 200 327 0.540
NEWWS23 175 558 0.754
GAIN16 100 1,215 0.934
NEWWS24 -140 473 0.768
PI8 -201 1,057 0.849
GAIN17 -226 635 0.722
NEWWS25 -338 405 0.404
GAIN18 -342 670 0.610
GAIN19 -356 1,281 0.781
P9 -372 956 0.697
PI10 -716 732 0.328
GAIN20 -754 845 0.373
NEWWS26 -884 725 0.223
NEWWS27 -942 856 0.271
GAIN21 -1,233 994 0.215
GAIN22 -1,412 951 0.137
Average 883
Sandard Deviation 1,182
Range -1,412t0 4,217

Note:
a Vauesarein 1996 dollars.
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Table 4:

Survey Itemsfor the Management Scales
Related to Service Technology

Scale and Items?

Emphasis on moving clients into jobs quickly

- Does your unit emphasize helping clients build basic skills, or moving them quickly into jobs?
- Should your unit emphasize helping clients build basic kills, or moving them quickly into jobs?

- What would be your personal advice to aclient who can either take alow-kill, low-paying job OR stay on
welfare and wait for a better opportunity?

- What advice would your supervisor want you to give to such aclient?

Emphasis on personalized client attention

- Does your program emphasize the quality of its services more than the number of clients it serves?
- During intake, does your unit spend enough time with clients?

- During intake, do staff make an effort to learn about clients family problems?

- During intake, do staff make an effort to learn about clients' goals and motivation to work?

- How well is your program tailoring servicesto clients needs?

Closeness of client monitoring

- How closely are staff monitoring clients?

- If aclient has been assigned to adult basic education but has not attended, how soon would staff find out?
- If aclient has been assigned to vocational education but has not attended, how soon would staff find out?
- How closdly is your agency monitoring whether clients quit or lose part-time jobs?

- Once your agency learns aclient lost a part-time job, how soon would she be assigned to another activity?

Note:
a. Thequestionsin thistable paraphrase each staff survey question. See Appendix Table C3 for the exact wording

of each question and its response scale.



Table5

Summary of Local Program Characteristics

Standard
Program Characteristic M ean Deviation Range
Program M anagement
Emphasis on moving clients into jobs quickly 0.0 10 -17t025
Emphasis on persondized client attention 0.0 1.0 -20t02.3
Closeness of client monitoring 0.0 1.0 -281t01.9
Staff caseload size 136 67 70 to 367
Frontline staff/supervisor inconsistency about 0.0 1.0 151032
service technology
Frontline staff inconsistency about service 0.0 1.0 211045
technology
Service Differential
Basic education 11 13 -11t0 50
Job search assistance 17 12 -13to 47
Vocationd training 5 10 -21t0 35
Economic Environment
Average monthly unemployment rate (in percent) 7.4 3.1 3510143
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Table 6

Summary of Service Receipt Rates
and Service Differentials

Basic Job Search  Vocational

Education  Assistance Training
Mean Percentage of Program Group
Members Who Received Service 19 22 27
Mean Percentage of Control Group
Members Who Received Service 8 5 22
Mean Service Differential (the Program/
Control Group Difference in Service Receipt
Rates) 11 17 5
Standard Deviation Across Offices of the
Sarvice Differentid 13 12 10
Range Across Offices of the Service
Differentid -11to 50 -13to 47 -21t0 35

66



Table7

Client Characteristics®

Percent of Full Cross-Office  Cross-Office

At Random Assignment the Sample Sample of Standard Range
Member: Individuals Deviation (Per cent)
Was a high school graduate or had a GED 56 14 17to 74
Had one child 42 6 30to 56
Had two children 33 3 281050
Had three or more children 25 6 11t0 39
Had a child under six years old 46 23 71073
Weas less than 25 years old 19 11 1to 42
Was 25 to 34 49 7 23t0 57
Was 35t0 44 26 8 14 to 45
Was 45 or older 6 6 2to34
Was White, non-Hispanic 41 24 1to 87
Was Black, non-Higpanic 11 27 0to 98
Was Hispanic 14 22 0to 92
Was Native American 2 3 Oto21
Was Asian 2 3 Oto23
Was some other race/ethnicity <1 1 0to5
Was a welfare applicant 17 31 0to 99
Had received welfare continuously

for the past 12 months 44 27 0to 96
Had no earnings in the past year 56 13 291081
Had earned $1 to $2499 21 5 10to 30
Had earned $2500 to $7499 14 5 6to0 26
Had earned $7500 or more 9 6 2t0 27
Sample size 69,399
Note:

a. Thesampleinthisanalysisisrestricted to femalesonly.
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Table8

Effects of Local Program Characteristics
On Program Impacts®

Partially Statistical
Standardized  Significance of Conditional Conditional
Regression Regression Coefficient Impact Interval  Impact Interval
Local Program Characteristic Coefficient” Coefficient” (p-value) (in Dollars)® (in Percent)
Program M anagement
Emphasis on moving dlientsinto jobs quickly $720 $720 0.000 $ 397to0 1,361 8.1to 27.9
Emphasison personalized client attention 428 428 0.000 592 to 1,166 12.2to 23.9
Closeness of client monitoring -197 -197 0.110 1011to 747 20.8to 15.3
Staff casdload size -4 -268 0.003 1,058to 700 21.7to 144
Frontline staff/ supervisor inconsistency
about service technology -159 -159 0.102 986to 772 20.2to 159
Frontline staff inconsistency about service
technology 124 124 0.141 796to0 962 16.3to 19.8
Service Differential
Basic education -16 -205 0.017 1017t0 741 209to0 15.2
Job search assistance 1 12 0.899 871to 887 179to 18.2
Vocationa training 7 71 0.503 831lto 927 17.1to 19.0
Economic Environment
Unemployment rate -A -291 0.004 1074t0 684 221to0 140
Mean Program Impact on Earnings 879 0.000
Mean Counterfactual 4,871 0.000
Impact as Percent of Counterfactual 18.0
Notes:

a.  Resultsinthistable are based on a sample of 69,399 program and control group members from 59 local welfare-to-work program offices.
b. Vauesarein 1996 dollars.
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Table9

Relationships Between Client
Characteristics and Program | mpacts®

Regression Statistical Significance
At Random Assignment the Sample Member : Coefficient® (p-value)
Was a high school graduate or had a GED $ 653 0.001
Had one or no children (left-out)
Had two children 301 0.160
Had three or more children 591 0.003
Had achild under six years old A 0.841
Was less than 25 years old 206 0.557
Was 25 to 34 105 0.707
Was35to 44 305 0.376
Was 45 or older (left out)
Was White, non-Hispanic (left-out)
Was Black, non-Hispanic -178 0.369
Was Hispanic -213 0.527
Was Native American -696 0.115
Was Asian 353 0.560
Was some other race/ethnicity 726 0.487
Was a welfare applicant -145 0.532
Had received welfare continuoudy for the past
12 months 444 0.085
Had zero earnings in the past year (left-out)
Had earned $1 to $2499 -186 0.222
Had earned $2500 to $7499 72 0.787
Had earned $7500 or more 22 0.965
Mean Program I mpact on Earnings 879 0.000
Mean Counterfactual 4,871 0.000
I mpact as Percent of Counterfactual 18.0

Notes:

a Resultsinthistable are based on a sample of 69,399 program and control group members from 59 local
welfare-to-work program offices.

b. Coefficient estimatesarein 1996 dollars.

69



Table 10

Program Impacts on Other Outcomesto be Examined in Future Research®

Statistical Statistical
Significance  Significance
of the of the
Statistical Range of Variation in Variation in
Significance Unconditional Unconditional ~ Conditional
M ean of Mean I mpact Impacts Impacts
Mean Per centage I mpact Estimates  Across Offices Across Offices
I mpact I mpact Impact (p-value)  AcrossOffices (p-value) (p-value)
Total Impactsfor the Two-Year
Follow-up Period
Number of Quarters Employed 0.36 15.7 0.000 -0.19 to 0.92 0.000 0.000
Total AFDC Payments (in 1996 dollars) -757 8.0 0.000 -1,712 to 353 0.000 0.000
Number of Quarters Receiving AFDC -0.30 51 0.000 -0.61 to-0.04 0.000 0.000
Impacts During the Eighth Quarter
After Random Assgnment
Earnings (in 1996 dollars) 120 15.7 0.000 -25t0 332 0.000 0.013
Percent Employed 4.6 14.6 0.000 -2.31t0 10.8 0.000 0.000
AFDC Payments (in 1996 dallars) -99 10.6 0.000 -191to -23 0.000 0.000
Percent Receiving AFDC -4.3 13.7 0.000 -10.4 to -0.6 0.000 0.001

Note:
a Resultsin thistable are based on a sample of 69,399 program and control group membersfrom 59 local welfare-to-work program offices.
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Figurel

How Welfare-to-Work Programs Affect Client Earnings”

Program Management
Program Services
 ’ Program Impacts
on Client Earnings
Economic Environment

Client Characteristics

Note:
a  Thisdepictionisgreatly simplified. Undoubtedly, complex interdependencies exist anong these factors.
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Figure 2
The Distributions of Unconditional OL S Impact Estimates
and Empirical Bayes | mpact Estimates
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Appendix A

The Program M odels
for GAIN, PI, and NEWWS

GAIN served as Cdifornia s JOBS program. In contrast to earlier welfare-to-
work initiatives, GAIN was noted particularly for the importance it placed on basic
education for those determined to need remediation in basic reading or math skills or
ingruction in English as a Second Language. The program aso provided job search
assistance, unpaid work experience, and referrals for post- secondary education and
vocationd training (Riccio and Friedlander, 1992). Participation in GAIN, asin dl JOBS
programs, was mandatory for alarge part of the welfare caseload. * Those who were
required to participate but failed to do so without what was considered to be “good
causs’ wereto recalve afinancid sanction, i.e,, a pendty in the form of areduction in the
family’ swelfare grant. Welfare recipients who were mandated to participate in GAIN
and who attended a GAIN orientation were randomly assigned to either a program group
or acontral group; random assignment occurred at the GAIN orientation sesson.
Appendix Figure Al illustrates the flow of stepsin the GAIN program model.

Pl served as Florida s JOBS program. Although it, like GAIN, provided arange
of activities and services and included a smilar participation mandate, it focused
particularly on low-cost job search strategies and more limited access to basic education
(Kemple and Haimson, 1994). Also in contrast to GAIN, random assignment occurred a
an earlier point in P, when individuas first gpplied for AFDC benefits or when their
benefit digibility was determined or redetermined. Appendix Figure A2 illugrates the
flows of gepsinthe Pl program modd.

Sharp cutbacksin the provison of Pl services during the second half of the
origind study period are a digtinguishing agpect of PI’simplementation, which has
important implications for the present andys's. These cutbacks were aresponse to
funding reductions, astaff hiring freeze, and rapid welfare casdload growth that strained
limited exigting resources (Kemple, Friedlander, and Fellerath, 1995, pp. 6-9). Thus, two
enrollment cohorts, which were exposed to two essentidly different Pl programs, were
identified by the origind evauation. The “early” cohort contained sample members who
were enrolled and randomly assigned between July and December 1990; the “late” cohort
contained sample members who were enrolled and randomly assigned between January
and August 1991. Only the late cohort was included in the present analys's because the

! Mandatory GAIN recipients were originally defined as “single parents whose youngest child was six or
older and the heads of two-parent households” (Riccio and Friedlander, 1992, p. 11). The single parentsin
this group make up most of the GAIN sample membersincluded in the present study. However, it should
be noted that when GAIN became California’ s JOBS program, the mandatory population was expanded to
include those whose youngest child was at |east 3 years of age.

2 Asnoted later, Riverside GAIN offices conducted a special caseload size experiment to study the effect
of varying the caseload size. The present analysis does not include the sample members from this study.
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daff survey used to measure program characteristics was administered only during the
time when this group was in the program (see Appendix C).

NEWWS is a six-date evauation of dternative welfare-to-work strategies. The
programs included in this evaluaion offered arange of activities amilar to those offered
by GAIN and PI. All NEWWS sites have operated under JOBS program rules, and, in all
but two stes, random assgnment was conducted at the point of orientation for the JOBS
program. In two sites, however, random assgnment was conducted at the point when
clients applied for AFDC benefits or had their digibility redetermined (asin P1).

Perhaps the most unique feature of NEWWS is that three of its Stes—Atlanta,
Georgia; Grand Rapids, Michigan; and Riverside, Cdifornia—implemented a three-way
random assignment design in order to permit direct comparisons of the effectiveness of
labor force attachment and human capita development Strategies relative to a common
control group (see Table Al).

A fourth ste, Columbus, Ohio, implemented a three-way random assignment
design to assess different ways of organizing case management. Clients a this Ste were
randomly assigned ether to one program group for which case management and income
mai ntenance tasks were performed by separate case managers (the “traditional” Strategy);
a second program group for which case management and income mai ntenance tasks were
performed by the same case manager (an “integrated” Strategy); or a control group, which
was not subject to JOBS program requirements and did not receive JOBS services. Both
program groups placed a substantial emphasis on basic education and job skillstraining.

The three other NEWWS sites—Detroit, Michigan; Oklahoma City Oklahoma;
and Portland, Oregon—randomly assigned clients to their JOBS program or a control
group. The Detroit and Oklahoma City programs were mainly educationfocused, while
the Portland program emphasized |abor force attachment with amix of education and
training activities.
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Figure Al

The GAIN Program M odel
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SOURCE: Adapted from Riccio and Friedlander (1992), p. 4.
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Figure A2

The Pl Program M odel
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SOURCE: Adapted from Kemple and Haimson (1994), p. xviii.
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The NEWWS Program Models

Table Al

Grand Columbus, Oklahoma
Characteristic  Atlanta, GA Rapids, M| Riverside, CA OH Detroit, M1 City, OK Portland, OR
T f rand Three-way (2 Three-way (2 Three-way (2 Three-way (2 Two-way (1 Two-way (1 Two-way (1
ye?siio nrrir:an?m program groups,  programgroups,  program groups,  programgroups,  programgroup,  programgroup,  program group,
9 1 control group) 1 control group) 1 control group) 1 control group) 1 control group) 1 control group) 1 control group)
_ Welfare
Point of random Program Program Program lication or Program Welfare Program
assignment orientation orientation orientation rsggermin =tion orientation application orientation
Differentia
Differentia Differentia Differentia impacts of : . :
impactsof LFA  impactsof LFA  impacts of LFA integrated and Net |arEF:t;of Net |ang|lqgcqtesdof Net ';EF:ZO]C
Typeof study — ~“ond HeD and HCD andHCD ~ tradiiondl case XN ssblishe esteplisne
approaches approaches approaches management prog prog prog
strategies
Employment-
focused Yes. LFA group Yes LFA group Yes LFA group Yes
approach
Education- int\e(geétke)gtgnd
focused Yes. HCD group Yes. HCD group Yes. HCD group traditional Yes Yes
approach groups

Source: adapted from Exhibits ES-1 and ES-2 (Freedman et al., 2000).

Notation:

LFA: Labor Force Attachment

HCD: Human Capital Devel opment
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Appendix B

Measuring Program Performance as
Program Impacts on Client Earnings

This appendix describes how the performance of welfare-to-work program offices
was measured, where “performance’ is defined asimpact on mean client earnings for the
fird two years after random assignment. The appendix aso examines the Satistica
sgnificance of the variaion in impacts across program offices, and the extent to which
thisvariaionis“explaned” by client characteristics and program characteritics.

B.1 Linking Program and Control Group Membersto L ocal Program
Offices

Aninitid step needed to measure program impacts on client earningsisto link the
program and control group members of the sample with the relevant locad program office.
Matching clientsto officesis sraightforward for clientsin GAIN, in P, and for most
officesin NEWWS. program and control group members are linked to the local JOBS
program office where program group members received services (and where control
group members would have received services had they not been in the control group).

For the present andysis, aspecid procedure was needed to assign program and
control group membersto officesin two of the three NEWWS sites that conducted three-
way random assignment (see Appendix A for descriptions of sites).* First, because
different staff served the two program groups in these sites, the present analysis dassified
each of the two different program streams as a separate “local program office.” For
example, program group membersin the Atlanta LFA stream were assigned to a unique
office, and program group membersin the Atlanta HCD stream were assigned to a
different unique office. Second, the three-way random assgnment procedure in asite
crested asingle control group. To provide each of the loca officesin these Steswith an
gppropriate comparison group from which a counterfactua could be estimated in the
regresson anayss, the same control group members were used to construct impacts for
both the LFA and HCD programs. In the example above, the control group membersin
Atlanta were used once to estimate a counterfactual for the Atlanta LFA loca program
office, and again to estimate a counterfactud for the Atlanta HCD loca program office.

B.2 Measuring Earnings

Earnings data for the analysis were obtained from state Ul wage records, which
report quarterly information on earnings from al jobs * covered” by unemployment

! The exception is Grand Rapids. Because local office staff served both LFA and HCD program group
members, only one Grand Rapids office (combining both LFA and HCD stream clients) was constructed.
25,266 control group members were used twice as if they were independent individuals, and no
adjustments were made to the standard errors. Because this group constituted a small fraction of the full
sample, not adjusting standard errors for their duplicate use likely had a negligible effect on the findings.
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insurance:® Earnings for each follow-up quarter (including zeros for quarters with no
reported Ul-covered earnings) were used to compute total earnings for the first two years
after random assgnment for each sample member.

The random assgnment dates for sample members vary both within and across
offices, and two Strategies were used to account for these timing differences. Firg, to
assure that al earnings amounts are comparable over time, they were converted to
constant 1996 dollars using the CPI-U (Economic Report of the President, 2000). Second,
to dign tota earnings temporally the same way for dl sample members, the measure of
earnings used for each client was the sum of her earnings for the first eight quarters after
her quarter of random assignment. Quarterly earnings were top-coded at $20,000 to
reduce the potential for distortion produced by large data errors.

B.3 Estimating Program Impacts

Using comparable measures of tota two-year follow-up earnings, it was possible
to estimate the impact of the program at each loca office as a regressionadjusted
difference in the mean earnings of its program and control group members.

B.3.1 The Starting Point: Unconditional Program Impacts

Unconditional program impacts, which do not control for the relationships
between client characterigtics and program impacts, are the starting point for the present
andyss. These estimates were obtained from the following mode, which controls for
chance differences between observable characteristics of control group and program
group members.

Y, =Qa,L0@d); +a b,LOJ);P; +Q d,CCy; +A k,LO(J); RA, +e;  (BI)
J J k J

where client characterigtics are grand-mean centered(measured as the deviation from
the mean vaue for the full sample), and:

Yii = totd two-year follow-up earnings for sample member i from office |,

LOWJ); = 1if samplemember i isfrom locd office Jand zero otherwise (with a
separate indicator variable for each office J),

Pi = oneif sample member i from office | isa program group member and
zero otherwise,

CCyji = dient characteridtic k for sample member i from officej,

RA;i = azero/oneindicator varigble to digtinguish members of two sample

cohorts a office | that were subject to different random assgnment
ratios,

3 Kornfeld and Bloom (1999) describe the types of data collected by the Ul system and assessiits validity
for measuring earnings for low-income persons.
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aj = mean two-year follow-up earnings a office | for the typical control
group member from the full study sample,

b, = the unconditiona program impact at officej for the typical program
group member from that office,

dk = aregresson coefficient indicating how mean two-year follow-up
earnings vary with client characterigtic k,

Kj = theregression-adjusted difference in mean follow-up earnings for
control group membersin the two random assgnment cohorts at office |,

g = arandom error term for sample member i from locd officej, whichis

assumed to be independently and identically distributed across
individua sample members.

Of primary interest in this model are estimates of the b ; : the program impact for
the typical sample member from each office. Table 3 in the paper lists these unconditiona
impact estimates by office* They range from alow of - $1,412 to a high of $4,217, with
amean of $883 and a standard deviation of $1,182 (all in 1996 dollars).> As discussed
beow in Section B.4, the variation in unconditiona impacts across offices was highly
datigticaly sgnificant. Hence, there was red variation in impacts to be explained by
differencesin client characteristics and program characterigtics.

B.3.2 TheNext Step: Conditional Program Impacts
Conditional program impacts which control for office differencesin client
characterigtics, represent the next conceptual step in the andysis. These impacts can be

edimated from the following modd, which adds interactions between program/control
datus and client characteristics to Equation B1:

Y, =@a;L0(J); +a b;LO() ;P +3 d,CC,; + @ 9,CC,;iP; +a k ;LOW) ; RA; +e;
J J k k J

where the client characteristics are grand-mean centered and the variables are defined as
in Equation B1, with the following exceptions:

b = the conditiond program impact a officej for the typical program group
member from the full study sample,
&k = aregresson codfficient indicating how impacts vary with client

characteristic k.

Because client characterigtics are grand- mean centered, and the interaction terms
in Equation B2 account for how program impacts vary with client characteritics, b
represents the average impact for the typical member of the full study sample if she had

* These estimates were obtained using ordinary least squares.

® As stated in section 3.3, this mean of $883 weights each site equally and is presented for descriptive
purposesonly. It differsfrom the estimated grand mean impact, reported elsewhere in this paper, which
weights each site according to the reliability of itsimpact estimate.
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been in the program ét local officej. Thus, b; is conditioned on client characteristics® As
explained below, the variation across officesin conditiona impacts was aso highly
datigticaly significant. Hence, there was redl variation to be explained by differencesin
program characteritics.

B.3.3 The"Complete’ Impact Modd: Including Program Char acteristics

As described in Section 2.2 of the paper, the complete model of program impacts
has aLevel One component, plusaLevel Two component conssting of three equations
that describe how aj, b; and k; vary across offices. Thismodd is presented below in
notation for ahierarchica linear mode, which is somewhat different than the notation for
fixed effects modds used in equations B1 and B2 above. The Level One and Leve Two
components are estimated Smultaneoudy:

LEVEL ONE

Y, =a,+b,P,+3 d,CC; +Q 9,CC,P; +k RA, +e, (B3)
k k

inji

where al variables are defined asin Equation B2, client characterigtics are grand-
mean centered, and a;, bj, and k; vary randomly across offices.

LEVEL TWO
Conditional Program Impacts by Office
b, =b,+ap.PM, +&f.PS, +YEE, +m (B4)

where dl independent variables are grand- mean centered and:

b = the conditiona program impact at locd officej for the typica
program group member from the full sudy sample,

PMu,; = program management variable m for local office],

PS,, = program sarvice variable n for locd officej,

EE; = theeconomic environment varigble for locd office],

bo = thegrand mean program impact for atypica program group member
from the full gudy sample,

pm = theeffect of program management festure m on program impacts,

fn = theeffect of program service n on program impacts,

y = the effect of the economic environment on program impacts,

m = arandom component of the program impact for office].

® To simplify the analysis and keep its computations manageable, the present model specifiesinteractions
between client characteristics and program impacts that are constant across local offices. Future analyses
will consider more complex specifications, but they are not likely to change the present findings
appreciably.
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Conditional Control Group Mean Earnings by Office

a; =a, +|1 EE, +u; (B5)

J

where the economic environment variable is grand-mean centered and:

a;j = the conditiond control group mean earnings at locd officej for a
typica control group member from the full sudy sample,

EE = thevaue of the economic environment variable for local office],

ap = thegrand mean conditiond control group earningsfor atypica
member of the full Sudy sample,

I = the effect of the economic environment on control group earnings,

u; = arandom component of the conditional control group mean earnings

for officej.

Random Assignment Cohort Mean Earnings Differ ences by Office’

k | = k ot hj (BG)
where:

Ki = thedifference in conditiona mean earnings for the two random
assgnment cohorts a each office j (these cohorts were defined to
account for changes that occurred over time in the random
assgnment ratiosin locdl office)),

ko = thegrand meen differencein conditionad mean earnings for the two
random assignment cohorts, and

h; = arandom component of the difference in conditional mean earnings

for the two random assignment cohorts &t office].

The complete modd is discussed in Section 2.2 of the paper and compared to the
conditiona and unconditiona modelsin Table B1.

B.4 Assessing the Statistical Significance of the I mpact Variation

Satidicaly sgnificant (redl) variaion in impacts across officesis a prerequisite
for estimating the rel ationships between client characteristics, program characteristics and
program impacts. Without redl variation in impacts, there is no way to observe how
impacts covary with client characteristics and program impacts. For example, if impact
estimates are datidicdly sgnificant and large for every office, but they are the same
everywhere, thereis no variation for client characteristics or program characteristics to
explain, and thus no information to use to measure their influence on program impacts.

7 See Section 2.2.3 for additional discussion of this component of the model.
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Table B2 indicates that the variation in program impacts across officesin the
present sampleis, in fact, highly satigticaly sgnificant. The firgt column ligs the Chi-
Square gtatistic used to test this hypothesis and the second column ligisits corresponding
sgnificance leve or p-vaue (Bryk and Raudenbush 1992, pp. 54-56).

Thefirst row in the table indicates that unconditiond program impacts vary
sgnificantly across offices; so thereisred variation to be explained by dlient
characteristics and program characterigtics. The second row indicates that the conditiond
program impacts — that is, those obtained after controlling Satistically for observable
client characteristics— aso vary significantly across offices, so thereis dill a
datidicaly sgnificant amount of variaion in conditiona impacts that could potentialy
be explained by program characterigtics. The find row in the table indicates that even
after controlling for both client characteristics and program characteridtics, thereisa
datigticaly significant amount of variation that could be explained by factors that are not
inthe modd.

B.5 “Explaining” thelmpact Variation

At each stage of the preceding andysis there was a smdler and smaler amount of
variation in impacts across offices to be explained by adding further independent
variables to the modd. One way to represent this phenomenon is through a quas-“R-
quared” gatigtic. For example, results of the andysis indicate that the variation in
conditiona impacts was 15.6 percent smaller than the variation in unconditiona
impacts® Thus, dient characteristics (the basis for defining conditional impacts) by
themselves explain 15.6 percent of the variation in program impacts across offices. After
adding program characterigtics to the modd, the remaining unexplained variation is 79.9
percent less than the origind unconditiond variaion. Thus, dient characterigtics (in
Leve One of the modd) plus program characterigtics (in Level Two of the modd) jointly
explain 79.9 percent of the original unconditiona impact variation. Hence, the complete
two-level modd has subgtantia explanatory power.

8 Maximum Likelihood methods were used to estimate “real” variation in impacts, which is consistent with
standard practice for hierarchical modeling (Bryk and Raudenbush, 1992, pp. 39-44).
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TableB1

Independent Variablesin the Unconditional,
Conditional, and “Complete” M odels of Program I mpacts

Model

Unconditional ~ Conditional Complete

Independent Variablesin Level One

Client Characteristics v v v
I nteractions Between Client

Characteristics and Program/Control v v
Status

Independent Variablesin Level Two
Economic Environment as a Predictor of

Control Group Earnings (the v
Counterfactual)

Program Management, Program Services,

and Economic Environment as Predictors v

of Program Impacts

Note « indicates that the type of variable isincluded in the modd.



Table B2

Statistical Significance of the Variation
in Program Impacts Across Offices

Chi-Square Statistical Significance
Impact Variation Test Statistic (p-value)
Unconditiona Impacts 146.16 0.000
Conditiona Impacts 130.61 0.000
Residud Impacts from the
Complete Modd 61.63 0.089
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Appendix C

Measuring Program Characteristics

This appendix describes how measures were constructed for the three types of
program characteristics that are included in the present impact model: program
management, program services and the local economic environment.

C.1 Constructing the Program Management Measures
First consider how the program management measures were constructed.
C.1.1 The Data Source: Local Staff Surveys

Information about program management was obtained from surveys administered
for the original GAIN, PI, and NEWWS studies to staff members from each local office
in the sample. Staff responses to these surveys provide rich information about local
organizational conditions, how programs were implemented, interactions between their
staff and clients, and interactions between their staff and supervisors. Responses to most
of these questions were coded as five point or seven point Likert scales. In addition, staff
background information was obtained from questions about their personal characteristics.

A comparison of staff survey dates with the client random assignment dates
summarized in Table C1 indicates that the surveys were temporally aligned with the
program participation of clients in the present analysis sample.* Thus, staff responses to
these surveys reflect the conditions that prevailed when most of these clients were in the
programs being studied.

For example, the GAIN staff surveys were administered in two waves between
mid-1989 and mid-1991 (Riccio and Friedlander, 1992, pp. 17, 46, 190) and most
experimental sample members in the present analysis were randomly assigned during
1989.% The PI staff surveys were administered in September and October 1991 (Kemple
and Haimson, 1994, p. 32) and all Pl experimental sample members in the present
analysis were randomly assigned during the first three quarters of 1991. Lastly, the
NEWWS staff surveys were administered between August and December 1993
(Freedman et al. 2000, p. 21) and most experimental sample members were randomly
assigned in 1992 and 1993.

Both caseworkers (“frontline staff””) and their unit supervisors were included in
the staff surveys, and the local office sample size for each group is listed in Table C2.
Completion rates for these surveys were uniformly high, exceeding 90 percent in most

! As noted in Section 3.2, restrictions that were necessary for the present analysis produced samples that
differ in size from those used for the original studies of GAIN, PI, and NEWWS.

2 Some GAIN staff were surveyed in both waves of the survey. Unique individuals accounted for 82
percent of all questionnaires completed by frontline staff, and 86 percent completed by unit supervisors.
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offices. Because frontline staff members are the main point of contact with clients, their
responses were used to construct all but one of the program management measures.® For
the remaining measure, responses from frontline staff and their supervisors were used to
characterize their differences in perceptions.

C.1.2 The Measures

The present analysis developed six measures of program management that have
been hypothesized to influence program impacts (Riccio, Bloom, and Hill, 2000). These
include: three measures related to the service technology of each local program; one
measure related to a specific program resource—frontline staff availability; one measure
of the difference in views between frontline staff and their supervisors about their service
technology; and one measure of the inconsistency in frontline staff views about their
service technology.

C.1.2.1 Service Technology

Three constructs that were measured relate to key elements of a welfare-to-work
program’s service technology.* One construct reflects the employment message that its
staff members convey to clients—that is, whether they encourage clients to take a job
quickly, or to be more selective and take advantage of education and training
opportunities first, in the hope of getting a better job later.

A second construct concerns the emphasis placed by each local program on
providing personalized attention to its clients—that is, gaining an in-depth understanding
of clients’ personal histories and circumstances and trying to accommodate their
individual needs and preferences when making assignments and referrals to specific
program services and activities.

A third construct concerns how closely local staff monitor client participation in
assigned program activities in order to keep abreast of their progress, their changing
needs, and their involvement in the program.

To make each construct operational, a scale was developed for it using responses
to the survey questions listed in Table C3. There were five goals in creating these scales.
The first goal was to produce an interpretable measure, whose coefficient in the program
impact model would be as meaningful as possible, given that the information represented
by the scales has no natural metric. To help accomplish this, response values for each
guestion were standardized to a mean of zero and a standard deviation of one, based on
the individual responses of all frontline staff members in the sample. Then, a scale for
each staff person was constructed by averaging her responses for the items in the scale. If
a staff member did not respond to all items in a scale, her scale value was set to the mean

® In some cases, supervisors also see clients or fill in for frontline staff during vacations or illnesses.
However, it was not possible to determine the extent of supervisors’ interaction with clients.

* It is only possible to consider elements of local service technology that were addressed by the staff
surveys.
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of the items to which she did respond. Fortunately, as Table C4 illudtrates, item response
rates were typicaly quite high and thus, scale vaues for most staff respondents represent
the mean for dl itemsin the scale.

A second god for each scale was to characterize program offices in away that is
comparable across offices and controls for the possibility that different types of Saff
members perceive the same Stuation differently. To do so, aregresson-adjusted office-

level measure aj, was created for each scale by estimating the following modd!:

= é.ajl-o(‘])ji +a b, X +e; (CI)
3 k
where

the scale vaue for frontline staff member i from locd officej,

oneif staff member i isfrom locd office Jand zero otherwise (with a

separate indicator variable for each office J),

persond characterigtic k for frontline staff member i from office

(these variables are grand-mean centered), where the persona

characteristics are:

- age of the staff member,

- whether sheisfemale,

- whether she has forma education beyond a college degree,

- Whether she had previous experience in awdfare-to-work program,
- whether she had received wdfare in the past,

aj = the mean scde vduefor office |, adjusted for its saff characteridtics,

aregresson coefficient indicating how the scale value varies with saff

characteridtic k,

&ji = arandom error term for staff member i from local officej.

LO();i

Xii

O
=~
1

A third goa for each scae wasto provide areliable measure of the congruct it is
supposed to represent. The two indexes of rdiability reported in Table C5 indicate that
this god was substantially achieved. Thefirst index, “Cronbach’s dpha,” represents the
inter-item consistency of each scale. Its possible values range from zero (totd lack of
consistency) to one (perfect consistency).! Estimated index values for the three service
technology scaeswere 0.76, 0.83 and 0.84, indicating that they dl have fairly high inter-
item consstency.

The second index of reliability focuses on inter-respondent consistency. Its
possible vaues aso range from zero (tota lack of consistency) to one (perfect
consgtency). Index vaues were estimated by a variance components andysis of the
extent to which variaion in mean office scale scores are due to within-office variation in
daff scale values (lack of respondent consistency) versus between-office variation in the

1 Nunnally (1967), pp. 206-235 provides a detailed discussion of the reliability of ameasure.
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underlying construct.® The estimated values of this index are 0.76, 0.80 and 0.83 for the
three service technology scales, indicating that they have fairly high inter-respondent
consistency.

C.1.2.2 Staff Caseload Size

The average caseload size per frontline staff member is included in the present
analysis to represent the hypothesis that large caseloads reduce the amount of time that
caseworkers can spend with their clients or spend following up on their clients (Gueron
and Pauly, 1991) and thereby reduce program performance.

The caseload size for each staff survey respondent was obtained from her answer
to the following question: “How many clients are on your caseload today?”” and the mean
frontline staff response was used to represent the typical caseload size for each office.
The average caseload size for the present sample of offices is 136 clients per frontline
staff member; its standard deviation across offices is 67; and its range is 70 to 367.

C.1.2.3 Inconsistencies in Views Among Frontline Staff and Supervisors

The service technology scales described in section C.1.2.1 provide aggregate
measures of each program’s emphasis on quickly moving clients into jobs, on providing
personalized client attention, and on closely monitoring client behavior and activities. In
addition, they can be used to represent two other management-related factors that may
have important effects on program performance.

First, the scales can provide information about the inconsistency in views between
frontline staff and unit supervisor perceptions about these key elements of local service
technology. Disparate views about these elements can reflect a disconnect in the local
organizational hierarchy at a crucial point of service delivery. This disconnect may be
due to unclear messages from supervisors or fundamental disagreements between them
and their staff members. Regardless of its source, however, such a disconnect can
undermine the quality of services provided to clients. Therefore, it is important to account
for this factor when analyzing program performance. To do so, a scale of staff/supervisor
differences in views was created as follows:

» The mean value for each of the three service technology scales was calculated
separately for frontline staff and unit supervisors from each office,

* The absolute value was calculated of the difference between the mean staff
and mean supervisor values for each scale for each office,

® The reliability coefficient “measures the ratio of the true score or parameter variance, relative to the
observed score or total variance of [each office’s sample mean outcome]. The reliability...will be close to
1 when (a) the group means...vary substantially across level-2 units (holding constant the sample size per
group); or (b) the sample size ... is large” (Bryk and Raudenbush 1992, p. 40).
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* Assingle office-level measure was obtained by summing the mean
staff/supervisor differences for the three scales,’

¢ This sum was standardized to have a mean of zero and a standard deviation of
one.

A second important construct that can be captured by the service technology
scales is the inconsistency in views among individual caseworkers from a local program
office. Organizational performance can suffer when staff members are divided—whether
due to confusion or disagreement—over what the organization is or should be doing.
Thus, it is often argued that managers” most important job is to instill a commonality of
purpose, or “strong culture.” To represent this construct (in the negative) a scale of
caseworker variation in views was created as follows:

» The within-office variance of frontline staff responses was calculated for each
of the three service technology scales,

» These three variances were summed for each office and the square root of the
sum was computed,®

* The resulting measure was standardized to have a mean of zero and a standard
deviation of one.

Table C6 summarizes the preceding management scales by listing the values for
each by office plus their overall mean, standard deviation, and range across offices.

C.2 Constructing The Program Service Measures
Next consider how the program service measures were constructed.
C.2.1 The Data Source: Client Follow-up Surveys

As part of the original impact analyses for GAIN, Pl, and NEWWS, a follow-up
survey was administered to a random subsample of program and control group members
from every local program office within two to three years after random assignment. The
average size of the follow-up survey sample for an office was 258 persons; its standard
deviation was 423 persons; and its range was 27 persons to 2,159 persons. Response rates
for the survey ranged from 70 to 93 percent across the study counties.

Among the many issues addressed by this follow-up survey were a series of
questions about employment and training services received by respondents during their

" Five program offices had no information from unit supervisors. Thus, the overall sample mean scale
values were imputed for these offices.

& It was not possible to calculate the within-office variance for the one program office with survey
responses from only one line staff person. Thus, the overall sample mean scale value was imputed for this
office.
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fird two years after random assignment. These questions were used for the present
anaysis, as described below, to congtruct office-level measures of the program/control
group differentials in the receipt of three mgjor types of services

C.2.2 TheProgram Service Measures

Two primary sets of issues arose in the specification of the program service
measures. (1) what servicesto include and how to categorize them; and (2) how to
characterize and compare services received by program group members and control
group members.

With respect to the firgt issue, the primary god of the present andysswasto
capture the main streams of activities to which participants in welfare-to-work programs
are exposed: basic educetion, job search assstance, and vocationd training. Each of these
generd categories encompasses arange of specific activities. For example, basic
education includes adult basic education, GED preparation, and English as a second
language (ESL) classes; job search assistance includes both self-directed individud job
search and participation in group job clubs; vocationd training includes classroom
training, on-the-job training, unpaid work experience, and post-secondary or vocational
training. Clients may participate in none, one, or more than one of these types of
activities.

With respect to the second issue, the primary god of the present study was to
represent accurately the increment in service receipt that was caused by the program. This
was necessary in order to relate program+-induced service receipt to program-induced
eanings gans.

The best way to accomplish thistask is to compare the services received by
program group members to those received by control group members from each local
program office. This service receipt differential providesavaid estimate of the
difference between services that program members actudly received, on average, and
what they would have received on their own in the absence of the program—in other
words, program-induced service receipt.

An office-level messure b; of the service differentid for each of the three types of
sarvices was obtained by estimating the following linear probability model from client
follow-up survey data:

Y, =aa;Lod); +a b,LOW) P, +3 d,CC,; +e, (€2
J J k

where:

Yii = 100if dienti from officej received the service and zero otherwise,

! The service receipt rates and differentialsin the present analysis may differ slightly from thosein the
original MDRC reports, due to differences in the samples used plus adjustments made by the original
studies based on case file searches for some of the sites.
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LO(Q)); = oneifclientiis from local office J and zero otherwise (with a separate
indicator variable for each office J),

Pji = one if client i from office j is a program group member and zero

otherwise,

client characteristic k for client i from office j (each variable is grand-

mean centered), where client characteristics are the same as those in

Equation 1 of the program impact model,

a; = the percentage of control group members from office j who received
the service, controlling for client characteristics,

o
£
|

5 = the program/control group service differential for office j,
O = aregression coefficient for client characteristic k,
&i = arandom error term for client i from office j.

Table C7 lists the client survey sample size for each office and the values of its
three service differential measures obtained by estimating the model represented in
Equation C2.

C.3 Constructing the Measure of the Local Economic Environment

Lastly, consider how the measure of the local economic environment was
constructed.

C.3.1 Calculation of Office Unemployment Rates

To characterize the local economic environment faced by experimental sample
members during their two-year follow-up period, a measure of the local unemployment
rate was created for each local program office. Information for measuring the
unemployment rate was obtained from monthly, county-level data reported by the U.S.
Bureau of Labor Statistics (BLS), Local Area Unemployment Statistics and the California
Employment Development Department. Counties were used as the basis for measuring
the unemployment rate faced by clients of each program office because they are a
standard geographic unit and in many cases, they are the smallest unit for which
unemployment rates are reported. Hence, they were judged to provide the best match for
each office.

The measure was constructed in two steps. In the first step, the average
unemployment rate faced by each sample member over her two-year follow-up period
was calculated. For example, if an individual was randomly assigned in May 1991, then
her average county unemployment rate was calculated from monthly data for July 1991
through June 1993.

An office-level average of individual-level average unemployment rates was then
calculated as step two. Table C8 lists the average, the standard deviation, the minimum,
and the maximum unemployment rates for clients from each office. The table also
identifies the county within which each office is located.
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C.3.2 An Alternative Unemployment Measure That Was Considered

An alternative reporting unit that was also considered, but not used, is the local
“labor market area,” or LMA. The Bureau of Labor Statistics, which reports monthly
unemployment rates for LMAS, defines them as: “’an economically integrated geographic
area within which individuals can reside and find employment within a reasonable
distance or can readily change employment without changing their place of residence.’ In
addition, LMAs are nonoverlapping and geographically exhaustive” (BLS,
http://www.bls.gov/laugeo.htm).

LMAs can include a single county, multiple counties, or a combination of other
geographic units. To the extent that counties and LMAs differ, their unemployment rates
may differ as well. Thus, to help assess the implications of choosing one geographic unit
over the other, the correlation between their average unemployment rates for program
offices was estimated. This correlation was 0.96, which suggests that the distinction
between the two units was of little consequence for the present analysis.

C.3.3 An Additional Economic Indicator that Was Considered

At an early point in the study, an additional measure of the local economic
environment was considered, but not used, because of concerns about its likely precision.
This measure was based on estimates of the county-level job growth during the two-year
follow-up period for sample members from each office. As was the case for
unemployment rates, the job-growth measure was created in two steps; by first
computing a value for each sample member and then averaging the values for all sample
members from each office.

In the first step, the job growth rate for each sample member was computed from
the employment levels reported for her county by the Bureau of Labor Statistics, Local
Area Unemployment Statistics during the first and eighth quarters after random
assignment. Because reported employment fluctuates from month to month due in part to
sampling error, more stable measures for the beginning and end of the follow-up period
were obtained by calculating the average employment level over five months, centered on
the middle month of the beginning and ending calendar quarters. The employment
growth rate for each sample member was then calculated as the annualized percentage
change in the average employment level from the beginning to the end of her follow-up
period. In step two, the average percentage growth rate for all sample members from each
program office was computed to produce an office-level job growth measure.

Because the amount of job growth that occurs in a two-year period is likely to be
small relative to the amount of sampling error in the estimates of local employment levels
that “bracket” this period (especially for small areas, like counties) it was judged that the
“signal-to-noise” ratio or reliability of the final measure was probably too low for it to be
used in the analysis.*

19 This measure is likely to be more stable over longer periods (e.g., a five-year follow-up period).
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C.4  Assessing the Construct Validity of the Office-Level Measures
Of Program Characteristics

Another issue to consider when assessing the “quality” of the preceding ten office-
level measures is their construct validity; that is, the extent to which they represent the
constructs they are intended to measure. A simple and effective way to make this
assessment is to observe whether the estimated pattern of positive, negative and
negligible correlations among the measures approximates the expected pattern of
correlations for their hypothesized underlying constructs.

Table C9 facilitates this assessment by presenting the estimated correlation
coefficients for all pairs of office-level measures, with the p-value for each coefficient in
parentheses below it. When interpreting these findings, it should be noted that most social
science measures contain substantial random error, and many social science constructs
are only indirectly (and thus weakly) related to each other. Hence, one should not expect
to see many strong correlations between the measures being assessed. Thus, one should
rely on the pattern of correlations—not their absolute magnitudes—to judge whether a
given measure is performing as it should if it is measuring the intended construct.

The first measure in the table—program emphasis on quick job entry for clients—
is a four-item scale reflecting frontline staff perceptions about their programs. One would
expect this characteristic of a program to be positively related to its reliance on job search
assistance (which facilitates quick job entry) and negatively related to its reliance on
vocational training (which delays client job entry) and on basic education (which delays
client job entry and is not directly related to employment). Consistent with this
expectation, the perceived emphasis on quick client job entry is: (1) positively correlated
the program-induced increase in client receipt of job search assistance, and (2) negatively
correlated with the corresponding increase in client receipt of basic education or
vocational training.

The next three measures in the table—program emphasis on personalized client
attention, closeness of client monitoring, and average caseload size—are arguably related
to each other in predictable ways. One would expect that as caseload size increases, it
becomes less possible for caseworkers to provide clients with personalized service or to
monitor their activities closely. Thus, caseload size should be negatively correlated with
the other two program characteristics, which, in turn, should be positively correlated with
each other. As can be seen from the table, this is the case.

It is more difficult, however, to assess the last two management measures—
inconsistency among staff and between staff and supervisors about service technology—
because a priori expectations for their correlations with each other and with the other
office-level measures are less clear. Thus, the findings in Table C9 do not present
evidence for or against the construct validity of these two measures.

In general, this is also the case for the three service differential measures. The one
exception, however, is the finding cited above that program focus on quick job entry is
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positively correlated with job search assistance and negatively correlated with basic
education and vocational training. These correlations serve both to help validate the quick
job entry measure (as noted above) and the measures of program reliance on the three
types of employment and training services.

Lastly, consider the measure of unemployment rates, for which there also are not
strong a priori expectations in terms of correlations with other measures in the table.
Fortunately, however, there is an alternative basis for helping to validate this measure.
Specifically, one would expect that control group earnings would be lower in areas with
higher unemployment rates. And in fact, estimates of Equation 3 from the basic impact
model indicate that this expected relationship exists.

In summary then, for the eight office-level measures whose construct validity
could be assessed (at least in part) the present findings suggest that they are measuring
what they were designed to measure.™ For the other two measures, no assessment was
possible.

C.5 Assessing the Statistical Significance of the Variation in Program
Characteristics Across Offices

One final issue to consider when assessing the measures of program
characteristics that are used as explanatory variables in the present model is whether they
vary statistically significantly across offices. Table C10 indicates that this is the case for
eight of the ten measures. For each measure, the significance level or p-value used to test
the statistical significance of its across-office variation is listed.

The p-values for eight of the ten measures are 0.000, which means that they are
statistically significant at beyond the 0.001-level. For a ninth measure—staff/supervisor
inconsistency—the variation across offices was not statistically significant. This is
probably because of the extremely small samples of supervisors per office. Nevertheless,
the measure was included in the present model because it is the best available way to
represent the construct of interest. For a tenth measure—frontline staff inconsistency—it
was not clear how to test the statistical significance of its variation across offices. This is
because it was constructed as a pooled standard deviation from three scales. Thus, there
currently is no information about the statistical significance of the variation in this
measure.

1 Findings from the field research conducted for the original GAIN and NEWWS evaluations also support
the face validity of the quick job entry, personalized attention, and closeness of monitoring measures based
on the staff survey data. (Cross-validation of field research from PI is not available for the scales used in
the current analysis.) The field research was able to document corresponding differences in actual staff
practices across locations (and, in NEWWS, across treatment groups) that ranked differently on the
relevant staff survey scales. For example, the observation that certain California counties in the GAIN
evaluation had a higher or lower ranking than others on the quick job entry scale “made sense” when one
considered the differences in their implementation strategies described by the field research for that
evaluation.
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Table C1

Random Assignment Dates and Sample Sizes
for the Analysis Sample

Number of Percent of Cumulative Percent
Experimental Experimental of Experimental
Year and Quarter of | Sample Membersin  Sample Membersin  Sample Members in
Random Assignment | the Analysis Sample the Analysis Sample the Analysis Sample
GAIN
1988
Third Quarter 1,558 8.6 8.6
Fourth Quarter 2,458 13.6 22.2
1989
First Quarter 2,859 15.8 37.9
Second Quarter 2,518 13.9 51.8
Third Quarter 4,396 24.3 76.1
Fourth Quarter 1,941 10.7 86.8
1990
First Quarter 1,861 10.3 97.0
Second Quarter 535 3.0 100.0
Pl
1991
First Quarter 2,090 48.6 48.6
Second Quarter 1,780 41.4 90.1
Third Quarter 426 9.9 100.0
NEWWS
1991
Second Quarter 100 0.2 0.2
Third Quarter 1,241 2.6 2.9
Fourth Quarter 2,986 6.4 9.2
1992
First Quarter 4,235 9.0 18.2
Second Quarter 4,231 9.0 27.2
Third Quarter 4,589 9.8 37.0
Fourth Quarter 5,108 10.9 47.9
1993
First Quarter 6,417 13.7 61.5
Second Quarter 5,808 12.4 73.9
Third Quarter 3,760 8.0 81.9
Fourth Quarter 2,977 6.3 88.2
1994
First Quarter 2,538 5.4 93.6
Second Quarter 2,072 4.4 98.1
Third Quarter 891 19 99.9
Fourth Quarter 24 0.1 100.0
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Table C2

Staff Survey Sample Sizes

Number of Number of
Office Frontline Staff Supervisors
GAIN1? 12 3
GAIN2 31 4
GAIN3 46 9
GAIN4 49 7
GAIN5 27 4
GAING6 26 4
GAIN7 42 6
GAINS 50 7
GAIN9 15 2
GAIN10 40 4
GAIN11 54 8
GAIN12 30 4
GAIN13 48 7
GAIN14 20 2
GAIN15 59 9
GAIN16 10 2
GAIN17 83 14
GAIN18 50 9
GAIN19 9 2
GAIN20 41 6
GAIN21 24 3
GAIN22 10 2
Pil 2 1
P12 8 1
PI3 7 1
Pl4 3 1
PI5 4 1
PI6 3 1
P17 7 1
PI8 8 1
PI9 7 1
P110 8 1

(continued)
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Table C2 (continued)

Staff Survey Sample Sizes

Number of Number of

Office Frontline Staff Supervisors
NEWWS1 4 0
NEWWS?2 2 0
NEWWS3 14 1
NEWWS4 6 1
NEWWS5 16 4
NEWWS6 17 0
NEWWS7 9 2
NEWWS8 1 1
NEWWS9 11 2
NEWWS10 7 1
NEWWS11 3 0
NEWWS12 10 1
NEWWS13 3 2
NEWWS14 21 2
NEWWS15 4 1
NEWWS16 8 1
NEWWS17 40 8
NEWWS18 19 3
NEWWS19 14 2
NEWWS20 3 1
NEWWS21 7 2
NEWWS22 61 10
NEWWS23 18 4
NEWWS24 30 6
NEWWS25 38 7
NEWWS26 24 4
NEWWS27 2 0
Average 21 3
Standard Deviation 19 3

Range 110 83 Oto 14

Note:

a. The GAIN staff surveys were administered in two waves (Riccio and Friedlander 1992, pp. 17, 46, 190). The
sample within each GAIN office is roughly evenly split between the first and second waves. Unique individuals
accounted for 82 percent of all questionnaires completed by frontline staff, and 86 percent completed by unit
supervisors.
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Table C3: Scales and Survey Items for the Service Technology Measures

Scale and ltems

Response Scale

Emphasis on Moving Clients Into Jobs Quickly

» Based on the practices in your unit, what would you say is the more important goal of your unit: to help clients get 1 7
jobs as quickly as possible or to raise the education or skill levels of clients so that they can get jobs in the future? skills jobs
* In your opinion, which should be the more important goal of your unit: to help clients get jobs as quickly as possible 1 7
or to raise the education or skill levels of clients so that they can get jobs in the future? skills jobs
« After a short time in the program, an average welfare mother is offered a low-skill, low-paying job that would make 1 7
her slightly better off financially. Assume she has two choices: either to take the job and leave welfare OR to stay on welfare obs
welfare and wait for a better opportunity. If you were asked, what would your personal advice to this client be? )
. . . . . 1 7
. ? .
What advice would your supervisor want you to give to a client of this type? welfare jobs
Emphasis on Personalized Client Attention
1 7

* In our program, there is more emphasis on the number of clients served than on the quality of services.

strongly agree  strongly disagree
. . . S - . . 1 7
. ?
Do you feel that in your unit not enough time or enough time is being spent with clients during the intake process? not enough enough
- . . . 1 7
. ' ? .
During intake, how much effort does the staff make to learn about the client's family problems in depth* very little a great deal
_— . — . 1 7
. d ? .
During intake, how much effort does the staff make to learn about the client’s goals and motivation to work in depth? very little a great deal
* In your opinion, how well is the program tailoring the educational, training and work experience services that clients 1 7
receive to their particular needs, circumstances, and goals? very poorly very well
Closeness of Client Monitoring
- o . 1 7
. ?
How closely would you say the staff of your unit is monitoring clients? not very very
» Suppose a client has been assigned to Adult Basic Education (ABE, GED, ESL) but has not attended it at all. How 1 5
long would is usually take for staff to learn about this situation from the service provider? 1 or fewer weeks 5 or more weeks
* Suppose a client has been assigned to vocational education but has not attended it at all. How long would is usually 1 5
take for staff to learn about this situation from the service provider? 1 or fewer weeks 5 or more weeks
» Suppose a client has a part-time job that deferred her from other program obligations. How closely would you say 1 7
your agency is monitoring whether clients quit or lose part-time jobs? not very very
» Once your agency learned that a client lost or quit a part-time job, how long on average would it take before the client 1 8

was assigned to another program component?

1 or fewer weeks 8 or more weeks




Table C4

Item Response Patterns for the Service Technology Scales

Percent of all frontline staff
who provided responses to:

Scale? 5 4 3 2 1 0
items items items items item items
Emphasis on moving clients into jobs quickly n.a. 85.6 8.6 3.6 0.2 2.0
Emphasis on personalized client attention 847 7.0 1.5 2.4 2.0 2.4
Closeness of client monitoring 508 210 7.0 6.1 2.0 4.0
Note:

a. See Table C3 for a description of each item in these scales.
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Table C5

Reliability Assessments for the Service Technology Scales

Service Technology Scale

Emphasis on Moving Emphasis on
Clients into Jobs Personalized Client  Closeness of Client
Quickly Attention Monitoring
Internal consistency:
Cronbach’s alpha® 0.84 0.83 0.76
Inter-rater reliability” 0.83 0.76 0.80

Notes:

a. Cronbach’s alpha was estimated from the office-level means of each of the items in the scale.
b. Inter-rater reliability was estimated from the scale value for each staff survey respondent using a two-level

hierarchical model.
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Table C6

Values of the Program Management Measures
For Each Local Program Office

) Frontline Staff/

Emphasis on  Emphasis on Supervisor  Frontline Staff

Moving Clients personalized  Closeness of Inconsistency  Inconsistency

into Jobs Client Client Staff Caseload About Service About Service

Quickly Attention Monitoring Size Technology  Technology

GAIN1 1.59 0.01 0.23 70 0.50 0.01
GAIN2 0.89 -0.79 0.10 74 -0.10 -0.04
GAIN3 0.35 0.47 -0.18 70 -1.08 -0.03
GAIN4 1.22 -0.31 0.35 93 -0.08 0.14
GAINS 0.72 0.04 0.56 71 -0.16 -0.10
GAING -0.76 1.27 0.44 106 -1.01 -0.16
GAIN7 -0.05 0.40 0.28 102 -1.17 0.19
GAINS -0.68 0.80 0.35 109 -0.58 0.14
GAIN9 -0.63 1.33 0.91 109 0.43 -0.65
GAIN10 -1.05 0.71 0.19 116 -0.15 0.53
GAIN11 -1.36 1.12 -1.33 75 -1.34 0.05
GAIN12 -0.45 -1.03 0.46 131 0.23 -0.54
GAIN13 -0.68 -0.36 0.07 143 0.30 0.37
GAIN14 -1.28 1.88 0.70 85 -0.52 -0.34
GAIN15 -0.61 0.13 0.04 137 -0.86 0.14
GAIN16 0.03 1.86 0.73 99 -0.40 -1.34
GAIN17 -0.73 -0.22 0.25 103 -1.25 -0.01
GAIN18 -0.84 0.33 0.42 103 -0.59 -0.04
GAIN19 -0.91 1.80 0.73 132 0.70 -0.99
GAIN20 -1.34 -0.26 -0.35 135 -0.37 -0.28
GAIN21 -1.16 1.21 0.70 90 -0.32 -0.30
GAIN22 -0.78 0.47 -0.16 124 1.98 -0.22
PI1 -0.32 0.03 0.41 98 1.30 4.54
PI2 -0.50 2.04 1.89 250 -0.53 0.83
PI3 0.33 -0.20 0.34 135 -0.31 0.60
Pl4 1.14 -1.53 -1.65 222 1.23 -0.66
P15 0.08 -0.66 -0.60 326 0.11 3.30
Pl6 0.01 -1.22 -2.12 367 0.52 0.13
PI7 0.22 2.29 -0.33 298 3.14 -0.73
PI8 -1.67 -0.30 0.18 130 1.38 0.62
P19 0.01 -0.04 0.37 98 1.45 0.53
PI110 0.61 -1.21 0.60 153 1.98 -0.27

(continued)
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Table C6 (continued)

Values of the Program Management Measures
For Each Local Program Office

) Frontline Staff/
Emphasis on gmphasis on Supervisor  Frontline Staff
Moving Clients personalized ~ Closeness of Inconsistency Inconsistency
into Jobs Client Client Staff Caseload About Service About Service
Quickly Attention Monitoring Size Technology  Technology
NEWWS1 0.59 -0.40 -2.52 113 0.00 0.29
NEWWS2 -0.74 0.29 0.90 95 0.00 -0.24
NEWWS3 0.60 0.04 0.85 74 -0.95 0.04
NEWWS4 2.07 0.45 1.11 108 -0.63 -2.13
NEWWS5 1.73 -1.21 0.48 102 -0.81 -0.45
NEWWS6 -0.15 0.05 0.30 105 0.00 0.50
NEWWS7 0.38 -0.52 0.61 90 -0.39 0.95
NEWWS8 1.29 2.11 1.83 100 3.20 0.00
NEWWS9 2.50 -0.01 0.75 104 0.01 -0.60
NEWWS10 0.87 -0.40 0.25 122 0.47 1.55
NEWWS11 0.75 -0.96 -0.87 100 0.00 -1.36
NEWWS12 0.30 -0.04 -0.30 95 0.29 -0.56
NEWWS13 1.36 0.02 1.27 77 0.20 0.00
NEWWS14 0.55 -1.22 0.76 120 -0.17 -0.35
NEWWS15 1.97 -1.02 0.43 163 1.28 -1.11
NEWWS16 -0.62 -2.00 -2.81 118 0.22 -1.69
NEWWS17 -0.49 -1.11 -141 258 -0.68 0.78
NEWWS18 -0.37 -0.29 -0.57 167 -1.49 -0.40
NEWWS19 -1.02 0.60 -0.46 88 -1.27 -0.67
NEWWS20 0.74 1.13 0.81 128 -1.13 0.12
NEWWS21 -0.89 -1.26 -1.66 260 -0.32 -0.07
NEWWS22 -0.87 -0.68 -1.18 138 -0.96 0.03
NEWWS23 -1.04 -0.68 -2.04 293 0.46 0.79
NEWWS24 -0.88 -0.46 -0.55 200 -0.77 0.30
NEWWS25 -0.91 -0.90 -0.98 169 -0.60 0.42
NEWWS26 -0.94 -0.28 -0.75 162 -041 -0.11
NEWWS27 1.77 -1.32 1.22 115 0.00 -1.44
Average 0 0 0 136 0 0
Deviaton : : : 7 1 :
Range -17t025 -20t023 -28t0l9 70to367 -15t03.2 -21to45
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Table C7

Sample Sizes and Values of the Service Differential Measures
For Each Local Program Office

Service Differential for:
Number of
respondents to Vocational
Office client survey Basic Education Job Search Training
GAIN1 56 35 15.5 14.3
GAIN2 313 8.3 11.3 -11.0
GAIN3 36 -4.2 -13.1 -10.3
GAIN4 396 3 17.9 -10.4
GAIN5 131 53 7.7 15.0
GAING 55 18.2 35.7 14.7
GAIN7 104 19.3 6.6 -2.2
GAIN8 94 8.1 20.2 3.4
GAIN9 37 9.6 -1.2 16.0
GAIN10 94 11 16.1 3.1
GAIN11 656 26.4 11.2 5.5
GAIN12 62 21 8.3 4.1
GAIN13 39 -11 5.9 11.9
GAIN14 152 14.5 8.7 12.3
GAIN15 157 33 6.1 2.0
GAIN16 98 23.6 11.5 17.7
GAIN17 106 11.7 2.7 9.9
GAIN18 146 24.7 5.1 7.9
GAIN19 86 4.2 25.8 14.0
GAIN20 67 22 0.1 -3.2
GAIN21 122 23.2 21.9 24.7
GAIN22 156 20.4 15 3.3
PI1 70 0.1 30.2 9.0
P12 65 18.8 31 14.7
PI3 55 -2.9 15.6 2.8
P14 54 -7.3 22 -4.8
PI5 74 -1.5 135 -5.9
P16 77 -1 6.3 -0.3
P17 68 28.4 23.7 8.4
P18 64 15.3 21.3 -5.3
P19 74 -1.7 27.7 6.8
P110 91 7.8 13.2 4.2
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Table C7 (continued)

Sample Sizes and Values of the Service Differential Measures
For Each Local Program Office

Service Differential for:
Number of
respondents to Vocational

Office client survey Basic Education Job Search Training
NEWWS1 31 -1.7 18.4 -16.5
NEWWS?2 31 20.9 44.1 34.6
NEWWS3 110 6.9 34.6 22.6
NEWWS4 313 2.5 28.8 -1.7
NEWWS5 742 -0.3 31.8 0.1
NEWWS6 298 4.9 31.3 7.6
NEWWS7 53 -8.8 47.3 21.6
NEWWS8 30 7.4 34.6 -8.6
NEWWS9 268 -1.7 32.7 -1.1
NEWWS10 255 3.1 35.2 11.6
NEWWS11 27 6.3 11.1 18.9
NEWWS12 1,853 6.6 30.4 7.0
NEWWS13 264 28.4 26.7 51
NEWWS14 1,668 6.5 20.9 3.2
NEWWS15 614 39.3 19.1 3.8
NEWWS16 244 -1.4 7.9 2.6
NEWWS17 675 11.7 9.9 11.5
NEWWS18 681 12 11.4 9.6
NEWWS19 2,159 19.1 10.3 10.6
NEWWS20 205 49.6 10.7 -5.3
NEWWS21 173 3.3 55 14.4
NEWWS22 165 7.6 0.7 4.6
NEWWS23 61 11.9 59 -21.0
NEWWS24 84 16.6 17.6 9.4
NEWWS25 124 11.2 -1.9 7.2
NEWWS26 55 0.1 17.6 3.8
NEWWS27 197 40.3 18.1 -2.3

Average 258 10.9 17.0 5.5

Standard

Deviation 423 12.8 12.2 10.2

Range 2710 2,159 -11.0 t0 49.6 -13.1t0 47.3 -21.0t0 34.6
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Descriptive Statistics for the Unemployment Rate

Table C8

At Each Local Program Office

Standard
Office County Average Deviation Minimum Maximum
GAIN1 COUNTY4 8.10 0.53 7.24 9.00
GAIN2 COUNTY4 7.42 0.68 6.58 9.00
GAIN3 COUNTY3 4.58 0.36 4.10 5.15
GAIN4 COUNTY4 7.60 0.72 6.58 9.00
GAIN5 COUNTY4 7.42 0.78 6.58 9.00
GAING6 COUNTY3 4.56 0.37 4.10 5.15
GAIN7 COUNTY4 4.59 0.35 4.10 5.15
GAIN8 COUNTY3 4.59 0.36 4.10 5.15
GAIN9 COUNTY3 4.60 0.35 4.10 5.15
GAIN10 COUNTY3 4.63 0.36 4.10 5.15
GAIN11 COUNTY5 4.86 0.31 4.48 5.33
GAIN12 COUNTY?2 6.89 0.34 6.65 7.50
GAIN13 COUNTY?2 6.92 0.35 6.65 7.50
GAIN14 COUNTY1 14.05 1.26 12.35 15.79
GAIN15 COUNTY?2 6.81 0.29 6.65 7.50
GAIN16 COUNTY1 13.93 1.23 12.35 15.79
GAIN17 COUNTY2 6.98 0.34 6.65 7.50
GAIN18 COUNTY3 4.59 0.34 4.10 5.15
GAIN19 COUNTY1 13.92 1.24 12.35 15.79
GAIN20 COUNTY?2 7.01 0.36 6.65 7.50
GAIN21 COUNTY1 13.84 1.21 12.35 15.79
GAIN22 COUNTY1 14.29 1.16 12.35 15.79
PIl1 COUNTY14 6.81 0.02 6.79 6.83
P12 COUNTY?9 9.84 0.12 9.58 9.94
PI3 COUNTY13 8.06 0.07 7.89 8.11
P14 COUNTY12 8.68 0.14 8.59 9.08
PI5 COUNTY11 7.15 0.03 7.12 7.18
P16 COUNTY10 7.03 0.07 6.90 7.10
P17 COUNTY?9 9.83 0.12 9.58 9.94
P18 COUNTYS8 6.40 0.02 6.38 6.42
P19 COUNTY7 6.73 0.03 6.70 6.80
P110 COUNTY®6 6.47 0.05 6.35 6.51

(continued)
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Descriptive Statistics for the Unemployment Rate

Table C8 (continued)

At Each Local Program Office

Standard
Office County Average Deviation Minimum Maximum
NEWWS1 COUNTY?23 4.46 0.06 4.38 4.55
NEWWS2 COUNTY?23 4.45 0.07 4.38 4.55
NEWWS3 COUNTY?24 3.56 0.28 3.31 4.18
NEWWS4 COUNTY15 11.35 0.43 10.60 11.80
NEWWS5 COUNTY15 11.40 0.42 10.60 11.80
NEWWS6 COUNTY?23 4.96 0.25 451 5.35
NEWWS7 COUNTY23 4.46 0.08 4.38 4.68
NEWWS8 COUNTY23 4.46 0.07 4.38 4.68
NEWWS9 COUNTY15 11.37 0.42 10.60 11.80
NEWWS10 COUNTY15 11.35 0.41 10.60 11.80
NEWWS11 COUNTY?23 4.45 0.07 4.38 4.68
NEWWS12 COUNTY20 6.07 0.35 5.48 6.67
NEWWS13 COUNTY15 11.35 0.43 10.60 11.80
NEWWS14 COUNTY?22 5.19 0.84 3.91 6.78
NEWWS15 COUNTY15 11.39 0.43 10.60 11.80
NEWWS16 COUNTY19 6.77 0.73 5.93 8.52
NEWWS17 COUNTY21 3.62 0.40 2.95 4.32
NEWWS18 COUNTY21 3.63 0.40 2.95 4.32
NEWWS19 COUNTY20 6.07 0.35 5.48 6.67
NEWWS20 COUNTY15 11.37 0.42 10.60 11.80
NEWWS21 COUNTY19 6.91 0.79 5.93 8.52
NEWWS22 COUNTY17 5.33 0.15 4.99 5.51
NEWWS23 COUNTY18 3.51 0.04 3.40 3.62
NEWWS24 COUNTY17 5.33 0.15 4.99 5.51
NEWWS25 COUNTY17 5.33 0.15 4.99 5.51
NEWWS26 COUNTY16 5.73 0.12 5.47 5.95
NEWWS27 COUNTY15 11.33 0.40 10.60 11.80
Average 7.36
Standard Deviation 3.10
Range 3.51t0 14.29
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Table C9
Correlations Among Measures of Program Management,

Program Services, and the Economic Environment
(Correlations are followed by p-values in parentheses)

Frontline  Frontline
) Staff/ Staff Differential
Empha_5|s Emphasis Supervisor Inconsis- Differential Differential in
on MOV_'”Q on Inconsis- tency in Basic inJob  Vocational
Clients into personalized Closeness Staff  tency About About  Education Search  Training
J‘?bs Client of Client  Caseload Service Service  Participa- Participa- Participa- Unemploy-
Quickly  Attention Monitoring Size  Technology Technology  tion tion tion ment Rate
Emphasis on Moving Clients| 1.000 -0.209 0.296 -0.158 0.210 -0.208 -0.111 0.341 -0.238 0.278
into Jobs Quickly (0.000) (0.112) (0.023) (0.232) (0.111) (0.115) (0.404) (0.008) (0.069) (0.033)
Emphasis on Personalized | -0.209 1.000 0.500 -0.206 0.064 -0.035 0.309 0.169 0.239 0.258
Client Attention (0.112) (0.000) (0.000) (0.118) (0.629) (0.791) (0.017) (0.200) (0.069) (0.049)
Closeness of Client 0.296 0.500 1.000 -0.455 0.083 -0.028 0.290 0.424 0.285 0.341
Monitoring (0.023) (0.000) (0.000) (0.000) (0.530) (0.833) (0.026) (0.001) (0.029) (0.008)
Staff Caseload Size -0.158 -0.206 -0.455 1.000 0.211 0.220 -0.062 -0.163 -0.187 -0.057
(0.232) (0.118) (0.000) (0.000) (0.109) (0.094) (0.638) (0.216) (0.155) (0.668)
Frontline Staff/ Supervisor | 0.210 0.064 0.083 0.211 1.000 0.064 -0.089 0.268 -0.146 0.198
'”CO”S'StTe:;ﬁ’nAOE)‘;‘;f SeVICe| (h111)  (0.629) (0.530) (0.109)  (0.000) (0.632)  (0.504)  (0.040)  (0.270)  (0.133)
Frontline Staff Inconsistency| -0.208 -0.035 -0.028 0.220 0.064 1.000 -0.266 0.120 -0.075 -0.245
About Service Technology | (0.115) (0.791) (0.833) (0.094) (0.632) (0.000) (0.042) (0.363) (0.570) (0.061)
Differential in Basic -0.111 0.309 0.290 -0.062 -0.089 -0.266 1.000 -0.111 0.085 0.269
Education Participation (0.404) (0.017) (0.026) (0.638) (0.504) (0.042) (0.000) (0.404) (0.522) (0.040)
Differential in Job Search 0.341 0.169 0.424 -0.163 0.268 0.120 -0.111 1.000 0.288 0.148
Participation (0.008) (0.200) (0.001) (0.216) (0.040) (0.363) (0.404) (0.000) (0.027) (0.265)
Differential in Vocational -0.238 0.239 0.285 -0.187 -0.146 -0.075 0.085 0.288 1.000 0.065
Training Participation (0.069) (0.069) (0.029) (0.155) (0.270) (0.570) (0.522) (0.027) (0.000) (0.625)
Unemployment Rate 0.278 0.258 0.341 -0.057 0.198 -0.245 0.269 0.148 0.065 1.000
(0.033) (0.049) (0.008) (0.668) (0.133) (0.061) (0.040) (0.265) (0.625) (0.000)




Table C10

Statistical Significance of the Variation
in Program Characteristics Across Offices

Statistical
Significance

Across-Office Variation in: (p-value)
Emphasis on Moving Clients into Jobs Quickly 0.000
Emphasis on Personalized Client Attention 0.000
Closeness of Client Monitoring 0.000
Staff Caseload Size 0.000
Frontline Staff/Supervisor Inconsistency About Service Technology >0.500
Frontline Staff Inconsistency About Service Technology a
Differential in Basic Education Participation 0.000
Differential in Job Search Participation 0.000
Differential in Vocational Training Participation 0.000
Unemployment Rate 0.000
Note:
a: It was not possible to compute the statistical significance of the variation across offices for this

measure.
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Appendix D

Testing the Sensitivity of Findings
from the Impact Model

This appendix tests the sengtivity of key findings from the program impact
modd. For this purpose, the modd was re-estimated for samplesthat varied
systematically according to four srategies: (1) deleting the Riversde GAIN offices and
the Portland NEWWS offices separately and jointly; (2) deleting a progressively
increesang number of offices with the most extreme positive and negetive impact
esimates, (3) deleting 17 program offices that administered random assgnment &t the
point of welfare gpplication or redetermination instead of when sample members attended
aGAIN, Pl, or NEWWS orientation; and (4) deleting a progressively increasing number
of officeswith the most extreme positive and negative vaues of selected independent
variables.

Thefirst strategy deletesthe four Riverside! GAIN offices and the seven Portland
NEWWS offices because these sites produced the largest program impactsin GAIN and
NEWWS, respectively (Riccio, et d., 1994 and Freedman, et d., 2000). Thus, itis
possible that their unusudly high performance had a disproportionate influence on the
present findings. The second strategy takes account of the fact that not al high-
performing offices are from Riverside GAIN or Portland NEWWS. In addition, it
accounts for the possibility that offices with the most extreme negetive impacts may be
driving the present results. The third strategy deletes 17 offices that administered random
assgnment early during intake because their experimenta design may have created
program impact estimates that were systematicaly smaller than those of the other offices.
The fourth strategy deletes offices with the highest and lowest vaues of selected
independent variables to account for the possibility that these offices drive the coefficient
estimates.

This gppendix first examines the sengitivity of coefficient estimates for program
characteristics and then for client characterigtics. The results indicate that both sets of
coefficient estimates are quite robust.

D.1 Sensitivity of the Estimated Relationships Between Program
Characteristics and Program I mpacts

D.1.1 Deeting Riversde GAIN and Portland NEWWS

Table D1 presents sengtivity tests of the estimated rel ationships between program
characterigtics and program impacts produced by systematicaly deleting Riversde GAIN
and Portland NEWWS offices from the sample. The first column in the table repests the

! The NEWWS study also included offices in Riverside County, California, which are considered as
different offices from thosein the Riverside GAIN program.
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origind full-sample results reported in Table 8. This serves as a point of departure.
Column two ligts the results obtained when the four Riversde GAIN offices were deleted
from the sample (leaving 55 offices); column three ligts the results obtained when the
seven Portland NEWWS offices were deleted (leaving 52 offices); column four ligsthe
results obtained when both Riversde GAIN and Portland NEWWS offices were deleted
(leaving 48 offices).

Thelast rowsin the table list the overdl mean impact, the mean counterfactud
and the mean impact as a percentage of the mean counterfactua for each sample of
program offices. Note that the percentage impact drops from 18.0 percent for the full
sample to 11.6 percent without the high-performing Riversde GAIN and Portland
NEWWS offices.

Reading across each row makes it possible to check the sengtivity of coefficient
estimates for each program characteristic. For example, the full-sample coefficient
estimate for “emphasis on moving dlientsinto jobs quickly” is $720, with a p-vaue of
0.000. When the Riverside GAIN offices are deleted, it becomes $556 with a p-vaue of
0.001. When instead the Portland NEWWS offices are deleted, it is $740, with ap-vadue
of 0.000. Findly, when both Riversde GAIN and Portland NEWWS are removed, the
estimate is $525, with a p-value of 0.004. Thus, the basic finding is quite robust.

Similar patterns hold for most of the other program characteristics. Although
coefficient estimates change somewhat as offices are deleted, they tend to remain
datigticaly significant and support the same basic conclusion. For three variables—
caseload Sze, the basic education service differentid, and the unemployment rate—the
coefficient is Satidticaly sgnificant when either Riverside GAIN or Portland NEWWSis
deleted, but drops below the 0.10-levd when both sites are removed. This may be due to
the loss of datistica power produced by deleting roughly one fifth of the officesin the
full sample.

D.1.2 Deeting Positive and Negative Outlier Offices based on I mpact
Estimates

Table D2 presents sengitivity test results for program characteristics produced by
systematicdly removing offices with the highest and lowest impact eimates. Asin
Table D1, the first column repests the origind full-sample results. The second column
reports results for a subsample without the offices that had the two most positive and
negative impact estimates. The third column deletes an additiond office on each end of
the impact distribution, and so on, until the last column, which deletes atota of ten
offices.

The bottom row of the table indicates that the overd| average impact asa
percentage of the average counterfactua remains stable at 17 to 18 percent throughout
the deletion process. This suggests an approximate balance in the pogtive and negative
impact estimates that were deleted.
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Once again, the sengitivity of the coefficient estimate for each program
characteristic can be tested by reading across the row for that characteristic. And once
again, the sory isroughly the same: dthough coefficient estimates vary somewhat with
the sample, their sgns do not change and most coefficients maintain their Satigtica
ggnificance.

D.1.3 Deeting Officeswith Early Random Assignment

A third series of sengtivity tests was conducted by deleting the 17 program
offices (ten from Pl and seven from NEWWS) that administered random assignment
early in the sample intake process—at the point of welfare application or
redetermination—instead of later in the process when sample members attended a GAIN,
PI, or NEWWS orientation (which was the point of random assgnment for the other 42
offices). Because these 17 offices administered random assignment early during intake,
they had a greater margin for “fdl-off” between random assgnment to the program group
and program participation. Hence, their experimenta design may have diluted the
program/control group trestment contrast and thereby created program impact estimates
that were sysematically smaller than those of the other offices. Yet it is dso possble that
participation mandates may generate impacts even prior to program orientation through
what is commonly referred to as a“ deterrent effect.” Informing people that their
digibility for afull wdfare grant would henceforth be contingent upon their enrollment
in awdfare-to-work program may, in and of itself, encourage some to seek employment
on their own ingtead of enrolling in the program. In evauations where random
assgnment occurs at orientation, such deterrent effects are not captured by the reported
impact estimates.

Table D3 presents the results of re-estimating the coefficients for program
characteristics from data for this restricted sample. As can be seen from the bottom pandl
of the table, ddeting the 17 officesincreased the overdl average impact substantialy
from $879 (18.0 percent of the counterfactud) for the full sample to $1,134 (23.6
percent) for the restricted sample. Thus, overdl, early random assignment was related to
smdler program impeacts.

Nevertheless, the basic relationshi ps between program characteristics and
program impacts were gtill gpparent in the results for the restricted sample. Asthe table
indicates, athough coefficient estimates vary somewhat, their sgns do not change and
most coefficients maintain their Satidtical sgnificance. The fact that Sgnificance levels
decline overdl is probably due largely to the one-quarter reduction in the number of
sample offices.

D.1.4 Deleting Offices Based on High and Low Values of Selected
Independent Variables

A fourth series of sengitivity testsis presented in Table D4. This strategy

systematicaly removed offices with the highest and lowest vaues of five office-leve
independent variables. These five variables were selected because their coefficientsin the
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impact modd were the largest in magnitude and were the most datisticaly significant of
the program characteristics reported in Table 8.

Like the other tables in this gopendix, the first column repesats the origina full-
sample results, and reading across each row makes it possible to check the sengtivity of
coefficient estimates for the selected program characteristic. The second column reports
results for a subsample without the offices that had the two most positive and negetive
vauesof the particular program characteristic listed in each row of the table. The third
column deletes an additiona office on each end of the program characteristic distribution,
and so on, until the last column, which deletes atotal of ten offices.

Thus, unlike the other tablesin this gppendix, reading down acolumn in Table D4
is not meaningful: the entry in each cell represents the coefficient estimate for the
indicated program characteristic when offices with the highest and lowest vaues for the
program characteristic listed in that row were deleted from the sample. For example, the
first row shows that after deeting the offices with the two highest and two lowest values
for the scae “ emphasis on moving dientsinto jobs quickly,” the estimated coefficient for
this variable is $881 with a p-vaue of 0.000. The remaining entriesin this row show that
the coefficient estimate remains robust to deletion of additiondl offices on ether end of
the digtribution for this scale.

Overdl, Table D4 shows that the strong results for the five program characterigtic
variables remain robust to deletion of “outliers’ based on each characteridtic, with the
exception of the service differentid for basic education. For this variable, the magnitude
of the effect remains Smilar to the full-sample estimate, but the Satistical Sgnificance
grows weeker with the deletion of additiona offices.

D.2 Sensitivity of the Estimated Relationships between Client
Characteristics and Program I mpacts

D.2.1 Deeting Riversde GAIN and Portland NEWWS

Table D5 presents sengtivity tests of the relaionships between client
characteristics and program impacts produced by systematicaly deleting Riversde GAIN
and Portland NEWWS, as described above. Coefficients for these client characteristics
were estimated Smultaneously with those for the program characteristics examined in
TableD1.

Reading across each row of Table D5, one can see that the results for client
characterigtics are quite robust. In most cases, the coefficient estimates and their
datidica sgnificance change very little across subsamples, especidly coefficient
edimates that were highly significant for the full sample.
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D.2.2 Deeting Positive and Negative Outlier Offices based on I mpact
Estimates

Table D6 presents sengitivity tests of the relationships between client
characteristics and program impacts produced by deleting progressively more offices
with the highest and lowest impacts estimates. These findings for client characteristics
were estimated Smultaneoudy with those for program characteristics reported in Table
D2. Thefindingsin Table D6 indicate no notable changes in either the magnitudes of the
edimated coefficients, or in their Satistical sgnificance.

D.2.3 Déeting Officeswith Early Random Assignment

Table D7 presents sengtivity tests of the relationships between client
characterigtics and program impacts produced by deleting offices that conducted early
random assgnment. Coefficients for these client characterigtics were estimated
smultaneoudy with those for the program characteristics examined in Table D3. For
client characteridtics that were saidicdly sgnificant usng the full sample, the
coefficient estimates remain gpproximately the same magnitude and maintain thelr
datisticd sgnificance in the restricted sample. Some other coefficients switch sgns al
but one, however, ill do not atain gatistica sgnificance.

D.3 Conclusions

Tables D1 through D7 present strong evidence that most of the key findings for
the present study (especidly those that are highly satidticaly sgnificant for the full
sample) are robust to the deletion of program offices with the most extreme impact
estimates, with an especidly early point of random assgnment, or with the most extreme
vaues of the independent variables. Thus, the findings—and the conclusons they
suggest—appear not to be limited to afew idiosyncratic Sites. Instead, they represent a
farly pervadve phenomenon that might generdize to a broad range of welfare-to-work
programs in other settings.
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TableD1

Sensitivity Tests of the Relationships between Program Characteristics and Program I mpacts:
Deleting Riverside GAIN and Portland NEWWS

Without Portland

Without Riverside

Full sample Without Riverside NEWWS (n=52 GAIN and Without
Program Characteristic (n=59 offices) GAIN (n=55 offices) . B Portland NEWWS
offices) = :
(n=48 offices)
Statistical Statistical Statistical Statistical
Significance Significance Significance Significance
of of of of
Regression | Coefficient | Regression | Coefficient | Regression | Coefficient | Regression | Coefficient
Coefficient®* | (p-value) Coefficient* | (p-value) Coefficient® | (p-value) Coefficient* | (p-value)®
Program M anagement
Emphasis on moving clients into jobs quickly 720 0.000 556 0.001 740 0.000 525 0.004
Emphasis on persondized client attention 428 0.000 359 0.001 455 0.000 334 0.016
Closeness of client monitoring -197 0.110 -221 0.048 -178 0.1%4 -173 0.231
Staff casdload size -4 0.003 -2 0.041 -4 0.010 -2 0.311
Frontline staff/supervisor inconsistency 159 0402 1159 0.070 131 0251 1183 0.110
about service technology
Frontline staff inconsistency about service 124 0.141 80 0.278 156 0.072 6 0.462
technology
Service Differential
Basic education -16 0.017 -12 0.064 -19 0.006 -14 0.101
Job search assistance 1 0.899 15 0.167 -10 0.339 7 0.572
Vocetiond training 7 0.503 10 0.240 -5 0.700 -1 0.966
Economic Environment
Unemployment rate -A 0.004 -79 0.014 -68 0.061 -45 0.283
Mean Program Impact on Earnings 879 0.000 700 0.000 765 0.000 565 0.000
Mean Counterfactual 4871 0.000 4,946 0.000 4,794 0.000 4,861 0.000
Impact as Percent of Counterfactual 18.0 14.2 16.0 11.6

Notes:
a Coefficient values arein 1996 dollars.

b. Unlike values reported in most other tablesin this paper, the p-values listed here are not computed from robust standard errors due to the small sample size
at Level Two that resulted from the restriction imposed in this sensitivity test.
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TableD2

Sensitivity Tests of the Relationships between Program Characteristics and Program I mpacts:
Deleting Offices with the Highest and L owest | mpact Estimates

Without officeswith | Without officeswith | Without officeswith | Without offices with
Full Sample 2 highest and 2 3 highest and 3 4 highest and 4 5 highest and 5
Program Characteristic (n=59 offices) lowest impacts lowest impacts lowest impacts lowest impacts
(n=55 offices) (n=53 offices) (n=51 offices) (n=49 offices)
Statistical Statistical Statistical Statistical Statistical
Significance Significance Significance Significance Significance
of of of of of
Regression | Coefficient | Regression | Coefficient | Regression | Coefficient | Regression | Coefficient | Regression | Coefficient
Coefficient® | (p-value) | Coefficient’ | (p-value) | Coefficient’ | (p-value) | Coefficient® | (p-value) | Coefficient® | (p-value)
Program M anagement
Emphasis on moving clientsinto
jobs quickly 720 0.000 637 0.000 601 0.000 485 0.003 399 0.011
Emphasis on personalized client
attention 428 0.000 385 0.000 34 0.002 305 0.006 267 0.011
Closeness of client monitoring -197 0.110 -115 0.379 -71 0.568 -32 0.788 -80 0.477
Staff casdoad size -4 0.003 -4 0.011 -3 0.028 -2 0.089 -2 0.147
Frontline staff/supervisor
inconsistency about service
technology -159 0.102 -162 0.120 -171 0.096 -191 0.0%4 -153 0.103
Frontline staff inconsistency
about service technology 124 0.141 79 0.348 42 0.596 -24 0.749 -34 0.611
Service Differential
Basic education -16 0.017 -16 0.018 -13 0.031 -13 0.025 -9 0.063
Job search assistance 1 0.899 2 0.851 4 0.715 13 0.230 18 0.102
Vocetiond training 7 0.503 4 0.745 7 0.519 7 0541 17 0.089
Economic Environment
Unemployment rate -A 0.004 =77 0.023 -65 0.052 -57 0.078 -47 0.129
Mean Program Impact on
Earnings 879 0.000 866 0.000 847 0.000 845 0.000 818 0.000
M ean Counterfactual 4871 0.000 4,843 0.000 4,844 0.000 4,852 0.000 4,881 0.000
Impact as Per cent of
Counterfactual 18.0 17.9 175 174 16.8
Note: a  Coefficient valuesarein 1996 dollars.
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TableD3

Sensitivity Tests of the Relationships
between Program Characteristics and Program I mpacts:

Deleting Officeswith Early Random Assignment

Without officeswith
Full Sample Early Random
Program Characterigtic (n=59 offices) Assignment (n=42
offices)
Statistical Statistical
Significance Significance
Regression | of Coefficient | Regression | of Coefficient
Coefficient® | (p-value) | Coefficient® [ (p-value)®
Program M anagement
Emphasis on moving dlients into jobs quickly 720 0.000 455 0.010
Emphasis on persondized client attention 428 0.000 204 0.176
Closeness of client monitoring -197 0.110 -46 0.775
Staff casdload size -4 0.003 -6 0.098
Frontline staff/supervisor inconsistency about
service technology -159 0.102 -70 0.601
Frontline staff inconsistency about service
technology 124 0.141 155 0.343
Service Differential
Basic education -16 0.017 -21 0.027
Job search assistance 1 0.899 -2 0.861
Vocationa training 7 0.503 11 0.398
Economic Environment
Unemployment rate -A 0.004 -64 0.175
Mean Program Impact on Earnings 879 0.000 1134 0.000
Mean Counterfactual 4,871 0.000 4,796 0.000
Impact as Percent of Counterfactual 18.0 23.6
Notes:

a  Coefficient estimates arein 1996 dollars.

b. Unlike valuesreported in most other tablesin this paper, the p-values listed here are not computed from robust
standard errors due to the small sample size at Level Two that resulted from the restriction imposed in this
sensitivity test.
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Table D4

Sensitivity Tests of the Relationships between Program Characteristics and Program I mpacts:
Deleting Offices with the Highest and L owest Values of Selected I ndependent Variables

Without officeswith

Without officeswith

Without officeswith

Without officeswith

2 highest and 2 3 highest and 3 4 highest and 4 5 highest and 5
lowest values of the | lowest values of the | lowest values of the | lowest values of the
Independent Independent Independent Independent
Full Sample Variable Variable Variable Variable
Program Characteristic (n=59 offices) (n=55 offices) (n=53 offices) (n=51 offices) (n=49 offices)
Statistical Statistical Statistical Statistical Statistical
Significance Significance Significance Significance Significance
of of of of of
Regression | Coefficient | Regression | Coefficient | Regression | Coefficient | Regression | Coefficient | Regression | Coefficient
Coefficient® | (p-value) | Coefficient® | (p-value) | Coefficient’ | (p-value) | Coefficient® | (p-value) | Coefficient® | (p-value)
Program M anagement
Emphasis on moving cliertsinto
jobs quickly 720 0.000 881 0.000 832 0.000 860 0.000 893 0.000
Emphasis on persondized client
attention 428 0.000 519 0.001 435 0.005 164 0.004 141 0.008
Staff caseload size -4.3 0.003 -3.7 0.021 -3.3 0.048 2.7 0.094 -3.1 0.119
Service Differential
Basic education -16 0017 -10 0.141 -12 0.264 -11 0.391 -14 0.315
Economic Environment
Unemployment rate -4 0.004 71 0.048 -59 0.128 -89 0.019 -116 0.025

Note:

a  Coefficient values arein 1996 dollars.
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Table D5

Sensitivity Tests of the Relationships between Client Characteristics and Program | mpacts:
Deleting Riverside GAIN and Portland NEWWS

Without Riverside
GAIN and Without

Full sample Without Riverside Without Portland Portland NEWWS
Client Characteristic (n=59 offices) GAIN (n=55 offices) NEWWS (n=52 offices) (n=48 offices)
Statistical Statistical Statistical Statistical
At Random Assignment Regression  Significance | Regression  Significance | Regression Significance | Regression ~ Significance
the Sample Member: Coefficient*  (p-value) Coefficient?® (p-value) Coefficient? (p-value) Coefficient* __ (p-value)’
Was a high school graduate or had a GED 653 0.001 565 0.003 618 0.002 513 0.002
Had one or fewer children (left-out)
Had two children 301 0.160 250 0.267 388 0.061 348 0.039
Had three or more children 591 0.003 459 0.022 639 0.003 496 0.014
Had a child under six A 0.841 98 0573 -51 0.771 -9 0.961
Was less than 25 years old 206 0.557 34 0.814 221 0541 83 0.816
Was 25 to 34 105 0.707 5 0.988 69 0.811 -31 0.926
Was35to 44 305 0.376 180 0.615 219 0.540 4 0.803
Was 45 or older (left-out)
Was White, non-Hispanic (left-out)
Was Black, non-Hispanic -178 0.369 -153 0.452 -91 0.609 -26 0.886
Was Hispanic -213 0.527 -149 0.679 -250 0473 -180 0.487
Was Native American -696 0.115 -506 0.263 -967 0.039 -750 0.233
Was Asian 353 0.560 122 0.817 -520 0.375 -36 0.952
Was some other race/ethnicity 726 0.487 876 0.390 916 0.472 1,127 0.372
Was a welfare applicant -145 0.532 -219 0.383 -140 0.553 -181 0.453
Had received welfare continuously for
the past 12 months 444 0.085 217 0.196 426 0.120 283 0.100
Had zero earningsin the past year (left-out)
Had earned $1 to $2499 -186 0.222 -193 0.223 -120 0.449 -119 0.539
Had earned $2500 to $7499 72 0.787 104 0.705 143 0.608 192 0.402
Had earned $7500 or more 22 0.965 -330 0.488 70 0.8%4 -288 0.297
Mean Program Impact on Earnings 879 0.000 700 0.000 765 0.000 565 0.000
Mean Counterfactual 4,871 0.000 4,946 0.000 4,794 0.000 4,861 0.000
Impact as Percent of Counterfactual 18.0 14.2 16.0 11.6

Notes:

a Coefficient values arein 1996 dollars.

b. Unlikevaluesreported in most other tablesin this paper, the p-values listed here are not computed from robust standard errors due to the small sample size
at Level Two that resulted from the restriction imposed in this sensitivity test.
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Table D6

Sensitivity Tests of the Relationships between Client Characteristics and Program I mpacts:
Deleting Offices with the Highest and L owest Impact Estimates

Client Characterigtic

Full Sample
(n=59 offices)

Without offices
with 2 highest and 2
lowest impacts
(n=55 offices)

Without offices
with 3 highest and 3
lowest impacts
(n=53 offices)

Without offices
with 4 highest and 4
lowest impacts
(n=51 offices)

Without offices
with 5 highest and 5
lowest impacts
(n=49 offices)

. Statistical Statistical Statistical Statistical Statistical
At Random Assignment the Sample Regression | Significance | Regression | Significance | Regression | Significance | Regression | Significance | Regression | Significance
Member: Coefficient® | (p-value) | Coefficient® | (p-value) | Coefficient® | (p-value) | Coefficient® | (p-value) | Coefficient® | (p-value)
Was a high school graduate or had a GED 653 0.001 625 0.001 619 0.001 620 0.002 501 0.003
Had one or fewer children (left-out)
Had two children 301 0.160 310 0.151 295 0.180 272 0.223 260 0.259
Had three or more children 591 0.003 638 0.002 589 0.004 537 0.007 487 0.015
Had achild under six A 0.841 -8 0.965 27 0.875 48 0.780 61 0.732
Was less than 25 years old 206 0.557 299 0.400 301 0.409 261 0.480 229 0.553
Was 2510 34 105 0.707 161 0.573 211 0.472 221 0.456 213 0.499
Was 35 to 44 305 0.376 361 0.304 389 0.282 382 0.297 348 0.371
Was 45 or older (left-out)
Was White, non-Hispanic (left-out)
Woas Black, non-Hispanic -178 0.369 -201 0.324 -188 0.359 -183 0.374 -167 0.425
Was Hispanic -213 0.527 -237 0.499 -217 0.539 -191 0.589 -159 0.676
Was Native American -696 0.115 -529 0.224 -458 0.304 -475 0.348 -401 0.429
Was Asian 353 0.560 -447 0.465 -243 0.691 -180 0.771 228 0.660
Was some other race/ethnicity 726 0.487 1,237 0.261 1470 0.214 1,110 0.342 1,720 0.164
Was awelfare applicant -145 0.532 -125 0.597 -106 0.659 -134 0.589 -178 0.491
Had received welfare continuously for the
past 12 months 444 0.085 480 0.064 449 0.083 467 0.076 390 0.130
Had zero earningsin the past year (left-
out
Haj earned $1 to $2499 -186 0.222 -150 0.329 -123 0.420 -144 0.352 -125 0431
Had earned $2500 to $7499 72 0.787 135 0.643 180 0.507 172 0.528 202 0.467
Had earned $7500 or more 22 0.965 14 0.978 -38 0.938 -54 0.913 -138 0.778
Mean Program Impact on Earnings 879 0.000 866 0.000 847 0.000 845 0.000 818 0.000
Mean Counterfactual 4871 0.000 4,843 0.000 4,844 0.000 4,852 0.000 4,881 0.000
I mpact as Per cent of Counterfactual 18.0 17.9 175 17.4 16.8

Note: a. Coefficient values arein 1996 dollars.
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TableD7

Sensitivity Tests of the Relationships
between Client Characteristics and Program I mpacts:

Deleting Officeswith Early Random Assignment

Without Offices with
: - Full sample Early Random
Client Characteristic (n=59 offices) Assignment
(n=42 offices)
] Statistical Statistical
At Random Assignment Regression ~ Significance | Regression ~ Significance
the Sample Member: Coefficient® _ (p-value) | Coefficient®  (p-value)®
Was a high school graduate or had a GED 653 0.001 913 0.000
Had one or fewer children (left-out)
Had two children 301 0.160 153 0473
Had three or more children 501 0.003 457 0.053
Had a child under six 34 0.841 52 0.812
Weas less than 25 years old 206 0.557 -320 0.463
Was25t0 34 105 0.707 -177 0.631
Was 35t044 305 0.376 -103 0.784
Was 45 or older (left-out)
Was White, non-Hispanic (left-out)
Was Black, non-Hispanic -178 0.369 -367 0.117
Was Hispanic -213 0.527 -235 0.404
Was Native American -696 0.115 -612 0.486
Was Asian 353 0.560 -707 0.260
Was some other race/ethnicity 726 0.487 845 0.4%4
Was a welfare applicant -145 0.532 28 0.948
Had received welfare continuoudy for the past
12 months 444 0.085 625 0.002
Had zero earningsin the past year (left-out)
Had earned $1 to $2499 -186 0.222 -300 0.200
Had earned $2500 to $7499 72 0.787 52 0.861
Had earned $7500 or more 2 0.965 654 0.070
Mean Program Impact on Earnings 879 0.000 114 0.000
Mean Counterfactual 4871 0.000 4,7% 0.000
I mpact as Percent of Counterfactual 18.0 23.6

Notes:

a  Coefficient valuesarein 1996 dollars.

b. Unlikevaluesreported in most other tablesin this paper, the p-values listed here are not computed from robust
standard errors due to the small sample size at Level Two that resulted from the restriction imposed in this
sensitivity test.
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