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1 Introduction

The absence of accountability in government agences is often blamed for the disappointing
record of government provision of many public services. Performance measurement backed
by financial or other kinds of incentives have a surface appeal because they offer the hope
of aligning the preferences of governments’ stakeholders and its agencies. Advocates of such
accountability devices in government argue that by shifting the focus away from input-
monitoring, supervision, and rules toward objectives, these devices encourage government
agencies to use their local information and initiative to achieve more efficient outcomes.?
This is the argument behind recent legislation requiring the overseers of federal agencies to
identify and implement performance measures that track performance.* The intuitive appeal
of this argument, however, contrasts with the empirical evidence of its support.

One place to look for evidence is the incentive system in place in the federal govern-
ment’s largest stand-alone job training program for the economically disadvantaged. In the
early 1980s, federal legislation replaced many of the bureaucratic rules that regulated or-
ganizational conduct with objectively measured, financially-backed performance incentives
designed to influence outcomes. The central aim of this paper is to understand the influence
of job training performance incentives on organizational behavior and outcomes, and to test
whether incentives affected the delivery of job training services. Did the financially-backed
incentive system raise performance as its advocates claim or did it instead distort produc-
tivity? A natural experiment that exogenously varies cross-sectionally and across time the
incentives training agencies face allows me to identify the effect of incentives on productivity.

While a federal job training agency is its focus, this study sheds light on broader issues
of the incentive literature. The analytic basis of the study of performance measurement is
the principal-agent model, which has traditionally focused on the risk-productivity trade-
off in compensation. There is a trade-off because while pay-for-performance elicits higher
productivity it also imposes higher risk on the agent, which the principal pays for through
higher wages.® Recent extensions of the model address incentive problems that are charac-
teristic of government generally and government job training programs in particular. Baker
(1992, 2002) and Holmstrom and Milgrom (1991) consider the danger to the organization
of imposing explicit incentives when good proxies of worker effort are unavailable.® These
models show that when only poor proxies of agent effort are available, the optimal contract

is low-powered. The results reported here underscore the challenge government designers of
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performance measures face when organizational value-added is difficult to measure.

While the theoretical literature is well-developed, empirical evaluations of specific incen-
tive contracts in organizations remain rare. An empirical study of the incentives in this
program contributes to economists’ understanding of incentives in organizations in at least
three important ways. First, the basic assumption underlying the principal-agent model is
that agents respond to contracts that reward performance. Interestingly, with few exceptions,
the question “Do incentives in organizations matter?” has not been addressed empirically
using direct measures of agent-level incentives and outcomes.” My ability to relate precisely
formulated, agent-level incentives to precisely measured agent-level performance outcomes,
activities, and productivity sets this paper apart from most other empirical studies of incen-
tives in organizations.

Second, it is a widely recognized limitation of the incentive literature that it does not
explain well the relative scarcity of high-powered incentive systems in the private sector (e.g.,
Baker, Jensen, and Murphy, 1988). Because incentives play an important role in eliciting
optimal effort from workers in the theoretical literature, the scarcity of incentives is especially
peculiar. The possible explanations for the absence of incentives include the costs of writing
and enforcing contracts, risk-aversion of workers, and difficulty measuring performance. By
understanding how organizational incentives influence behavior in practice we may better
understand why they are scarce and under what circumstances various contractual forms
will arise. This paper is an empirical exploration of the problem of measuring performance.
Here, one observes exogenous variation in the rewarded performance measures, which are
not direct measures of the social value added of government agencies. This paper shows how
this variation changed agency activities, and how these changes in turn affected value-added.

Finally, in the data this paper exploits one observes the evolution of an incentive system.
The process by which incentives evolve is little studied in the incentive literature, but may
be crucial to how compensation systems arise in organizations and how management in
organizations can be improved (Bruns, 1992). Congress provided funds for the ongoing
scrutiny and monitoring of the effects of the incentives on the federal job training effort.
The program’s incentive designers, in an effort to improve the measurement of the program
objective, have from time to time overhauled the set of performance measures used to reward
training agency managers. An important contribution of this paper to show how these
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other words, one can observe whether the reforms yielded performance measures that are
less “misaligned” and “distortionary” (in the sense of Baker, 2002).

The remainder of the paper is organized as follows. Section 2 explains the organizational
environment in which the job training program agencies operated and the incentive system
they faced. A key point of this section is that the agency manager enjoyed extensive indepen-
dence from state and federal authority. Section 2 also briefly reviews the empirical literature
examining the effects of incentives in federal job training programs. Section 3 lays out the
model of incentive response and a strategy for testing it. The data used in this study and the
training agency’s training choices are described in Section 4. Section 5 details how the data
are used to implement the scheme outlined in Section 3. Section 6 describes the results of
the estimation of a model of incentive response and discusses the limitations on the analysis
imposed by the data. Section 7 uses the results reported in Section 6 to simulate the effects
of incentive changes on organizational behavior, performance outcomes, and a measure of

organizational efficiency. Finally, Section 8 concludes the paper.

2 Organizational environment: discretion and incen-
tives

The current federal effort to provide job training to the poor can be traced to the Kennedy
administration. The job training bureaucracy evolved from the initial enabling legislation in
the 1960s through the present. With the enactment of Job Training Partnership Act (JTPA)
in 1982, federal job training efforts became much more decentralized. In addition to permit-
ting unusual discretion at the local level, JTPA implemented a financially-backed incentive
system. Since July 2000, the Workforce Investment Act (1998) has governed these efforts.
The Workforce Investment Act retains the decentralized nature, most of the jurisdictional
borders (see below) and administrative entities, and, generally, the performance incentives of
JTPA. Because this paper focuses on the period under JTPA, however, this section sketches
the relevant features of JTPA.®

JTPA divided the U.S. into approximately 640 non-overlapping, collectively exhaustive
jurisdictions. Congress allocated the annual JTPA appropriation to the states by a formula
based on the states’ shares of the national JTPA-eligible and unemployed population and
by the states’ unemployment rates. Each state distributed its allocation among its job

training regions by the same formula used in the Congressional allocation to the states.
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Within each sub-state region, a single administrative agency managed the region’s budgetary
appropriation.

JTPA was not an entitlement. Thus, who among the eligible were enrolled was left to
the agency. Also, through the period that I study these agencies (the late 1980s), federal
rules did not limit the length, kind, or expense of training activities.” Thus agencies en-
joyed wide discretion over who they enrolled, how many they enrolled, and the kinds of
training they offered their enrollees. That agencies exercised their discretion is clear from
the cross-sectional variation in training strategies. Average expenditure per enrollee and the
distribution of services varied widely. For example, in 1986, across the sixteen states'® that
I study here, the average expenditure per enrollee varied from a low of approximately $300
to a high of approximately $3000. In one agency in California, 89 percent of enrollment
spells contained a classroom based training activity. By contrast, in one agency in Missouri,

1

94 percent of enrollment spells contained on-the-job training.'! This study examines the

influence of incentives on this variation.

2.1 Performance incentives

In the early 1980s, Congress restructured the federal job training effort to make more de-
centralized. By locating discretion within training agencies, Congress hoped to exploit case
workers’ specific knowledge of local economies and enrollees. This delegation, however, cre-
ated an agency problem. To encourage self-interested agencies to allocate training resources
in ways consistent with the program’s goals, Congress provided for a system of financially-
backed performance incentives. This subsection describes the incentive system.

Under the new rules, states were required to set aside six percent of their annual appro-
priation to fund an incentive system that rewarded successful agencies. For some agencies,
the size of the incentive award was substantial. In 1986, for example, the most successful
agency won the equivalent of almost 60 percent of its budget, while the median award was
equivalent to 7 percent of the agency’s budget.'? Awards training agencies won augmented
their budget in the following year.?

The act directed the U.S. Department of Labor to establish performance measures that
promoted JTPA’s mission. JTPA’s stated mission was to increase the earning ability of the
economically disadvanaged through job training (Section 106(a)).!* Measuring worker out-

put then required knowing what each trainee would have earned in the absence of training,



which of course is not observable. In the absence of a measure of human capital impact, the
Department of Labor used performance measures based upon easily measurable labor mar-
ket outcomes of trainees at or shortly after training. The Department of Labor attempted
to get from labor market measures to a measure of value-added by comparing the average
performance outcome to an outcome predicted for a hypothetical representative agency in
an identical economic environment and with the same enrollee population. In practice, the
Department of Labor computed predictions of outcomes—performance standards—as a fixed
percentile of the distribution of performance based on historical data for all agencies nation-
wide. These standards were then adjusted for local economic factors which were outside
the agency’s control and for characteristics of the participant population.!® In adjusting the
standards by enrollee characteristics, the Department of Labor meant to limit incentives for
the agency to choose enrollees based on enrollees’ projected scores on performance measures,
that is, to cream skim.'6

The incentive schemes were in effect for one year, which was coincident with the program’s
funding cycle, beginning on July 1 and ending on June 30 of the following calendar year.
This unit of time is referred to as a program year.!” In any program year, all agencies
within a state faced identical performance incentives. Table 1 defines all outcome-based
performance measures that were used in at least one state’s incentive scheme between 1987
and 1989. As Table 1 shows, performance measures had two characteristics in common:
all performance measures were (1) based on aspects of the enrollee’s labor market status
either at the date the enrollee officially exited—or terminated—from the program, at 90
days after termination, or over the 90 day period following termination; and (2) averages of
outcomes over the population of the program year’s terminees. Thus agencies were rewarded
annually according to their overall labor market success rates among enrollees terminated.
For example, the employment rate at termination (F'RT') for the fiscal year 1987 was defined
as the fraction of enrollees who terminated between July 1, 1987 and June 30, 1988 who were
employed on their termination date. The system’s other performance measures were the
average wage at termination (AWT), the cost per employment (C'E), the employment rate at
90 days after termination—i.e., at follow-up—(ERF), the average weeks worked at follow-up
(AWW F), and the average weekly earnings at follow-up (AW EF'). Adult enrollees who were
welfare recipients counted as adults in the measurement of all of the performance outcomes

described above. In addition, the employment rates of welfare recipients was sometimes



judged additionally under separate measures, the welfare employment rate at termination
(WERT) and the welfare employment rate at follow-up (W ERF'). The Department of
Labor imposed lower standards for the measures W ERT and W ERF than for the measures
ERT and ERF.

Table 2 reports which of the performance measures were in effect by state and year of the
study, identifying the sixteen agencies under study (see Section 4) by the name of the city,
county or region they serve. Table 2 shows that performance measures varied considerably
between states, and within a state across time. The years of their use across states were
not uniform because in some years the Department of Labor allowed states to choose from
a menu of measures. Table 2 documents two important trends in the use of performance
measures: the elimination of cost measures in many states, and the gradual de-emphasis of
measures based on labor market outcomes at the time of termination in favor of measures
based upon outcomes at follow-up. By measuring labor market outcomes after some time
had elapsed since training concluded and by dropping the cost measure, the Department of
Labor hoped to encourage agencies to offer more substantive training that would produce
longer-lasting impacts on enrollees’ skills. See Barnow (1992, 1993) for discussions of the
Department of Labor’s reasons for these changes. The Department of Labor required states
to make these changes, but gave states some leeway in how quickly they were implemented.!®
Thus, different states made these transitions in different years. This exogenous variation in
the performance measures is the basis of the methodology in this study.'”

Subject to the requirement that awards be paid only for performance that exceeded
standards,?® states determined how federal performance measures were to be translated into
incentive awards. Consequently the functional form of the award varied from state to state.
Nevertheless, the defining feature of the award for all states is that by simply meeting
the numerical standards corresponding to a set of performance measures agencies won a

substantial monetary award.?!

2.2 JTPA incentive literature

A small literature has grown up around the subject of JTPA incentives. One question ad-
dressed in this literature is whether JTPA bureaucrats responded to performance incentives.??
The effect of incentives on enrollment, i.e. the cream skimming issue, has been the focus of

this inquiry.?



The evidence that training centers chose enrollees based on their expected effects on
performance outcomes is, at best, mixed. Anderson, Burkhauser, and Raymond (1993) ex-
amined the enrollment patterns of training centers in Tennessee for evidence that JTPA
bureaucrats prefered persons who were likely to score high on a single JTPA performance
measure—the employment rate at termination. They find that some of the personal charac-
teristics that predict high post-training employment rates are positively correlated with the
likelihood of enrollment. Nevertheless, it is impossible to tell from their study whether this
relationship represents bureaucratic screening behavior, the applicant’s decision whether to
enroll, or a combination of the two. They do not consider performance measures other than
the employment rate.

Cragg (1997) contrasted the characteristics of a sample of about 200 JTPA enrollees
distributed across the fifty states to a sample of JTPA eligibles. He found some evidence
that in states in which the award was more challenging to obtain, training centers pursued
high-aptitude eligibles more aggressively.Because the eligible person’s decision to apply to a
program was not likely to be influenced by whether the state he or she resides in makes the
award easy or difficult to obtain, Cragg argues this is evidence of cream skimming and not
a depiction of the applicant’s decision.

Heckman and Smith (2002) investigated the cream skimming issue using a subset of the
data used in this study. In the training agencies they study, Heckman and Smith could
identify who among the accepted eventually enrolled in the program. They found that
applicants who were expected to produce low performance outcomes were less likely to enroll
conditional on acceptance. Their evidence also suggests a selection process that some would
consider inequitable: blacks and the least educated and experienced were less likely than
others in the applicant pool to enroll. Nevertheless, as was the case with Anderson et al.
and as the authors acknowledge, some or all of the evidence may be due to self-selection on
the part of applicants.

Heckman, Smith, and Taber (1996) studied the determinants of the enrollment decision
at a single Texas training center. For this training center, they had data not only on which
persons were accepted into the program but also on who applied. They argued that whether
the applicant reaches the acceptance stage mostly reflected the preferences of training center
bureaucrats, not the preferences of applicants. The authors found that applicants with

the lowest prospects for employment after training were more likely to be accepted in the



program. They also found that the applicants with the greatest expected earnings gain were
neither more nor less likely to be accepted.?*

Thus, the evidence as to whether training center bureaucrats expressed a preference for
eligible persons who were most likely to produce high measures of performance is mixed. The
best evidence that such cream skimming occurs comes from Cragg and Heckman and Smith.
Only the Cragg study is a test of incentive response—that is, only Cragg contrasts training
center behavior under two different incentive regimes—and his evidence is neither strong
nor consistent. Moreover, these studies test whether training agencies prefer to the enroll
the kind of person who would likely be employed whether or not they received training.
Yet training agencies who were motivated by awards cared how their enrollment choices
boost expected net employment, that is, expected employment in excess of the standard.
The Department of Labor’s adjustment model forced the training center to consider how
a person’s attributes not only raised the performance outcome but also the standard the
outcome was measured against. Thus, the absence of strong evidence of cream skimming
may be because the performance standard adjustment procedure was doing its job—that is,
reducing the incentive to cream skim—and not because JTPA bureaucrats did not respond
to incentives.

This paper’s empirical strategy contrasts with previous JTPA studies in three important
ways. First, this study examines the influence of JTPA’s performance on agencies’ training
choices. Because performance standards are not adjusted by training choice, the influence of
incentives on training choice is much simpler to model empirically. A two stage procedure
uses estimates of performance outcomes that reflect all performance measures to explain
training choice. The test conducted in this paper is a simple one: are training agencies
that are rewarded for high employment outcomes, say, encouraged to choose the kinds of
training that promote higher employment rates more often than training agencies who are
not so rewarded? Second, this study examines the influence of all-—mnot just the employment
rate-related—performance measures facing training agencies. Third, this study disentangles
bureaucratic response to incentives from enrollee behavior. The empirical strategy accounts
directly for enrollee preferences and allows them to act on the activity choice through a pre-
dicted earnings impact measure. This study also exploits the cross-sectional and longitudinal
variation in incentives to difference out the unmeasured influence of enrollee preferences. The

empirical methodology is explained fully in the next section.



3 The incentive scheme and training decision: an em-
pirical strategy

3.1 Training decisions and the award

In this subsection, I sketch a model of training agency behavior. Training agencies that
are strict award maximizers choose enrollees and training to maximize the probability of
meeting the performance standards they face subject to meeting their budget constraint.
Agencies choose from the applicant pool persons based upon observed characteristics. The
characteristics—education, age, and skills—of the enrollees they serve as well as the state
of the local labor market, are important to agencies because they interact with training to
influence outcomes. Between 1987 and 1989 the states in this study followed a Department
of Labor procedure that adjusted the performance standards each agency faced by the char-
acteristics of the enrollee population and the local economy (see Section 2.1). Assuming that
the adjustment procedure perfectly adjusted the standard for differences in the characteris-
tics of enrollees, agencies won no advantage by cream skimming, but because the standards
were not adjusted by the kinds of training offered they may benefit by carefully matching
training to enrollees. The agency chose from a discrete set of activities for each enrollee
a single training activity. Let X; be the vector of characteristics describing enrollee ¢ and
the area’s economy at the time of ¢’s training. Let 7; be the agency’s activity choice for
enrollee 7. Assuming that the performance standard adjustment procedure perfectly adjusts
the standard for differences in X;, only the training choice matters for the award, and the

agency matches enrollees to training, subject to its budget constraint, to maximize

(1) > WF Pril{mi,

where " is the award set aside for measure k.

The awards for the performance measures, {¢)*}, varied across states and over time. )"
was zero in some state-years and positive in others. My analysis exploits this variation
to identify the effects of incentives on the assignment of individual enrollees to training
activities. I take a reduced form approach in testing for incentive effects. I argue that if
incentives matter, one should observe that a performance outcome will more often guide

the training choice when it is compensated then when it is not compensated. I test agency
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incentive response by using the agency’s training choices to infer whether adding a measure to
the award increased the agency’s supply of the corresponding outcome through a reallocation

of enrollees across training activities.

3.2 Empirical model

I assume that the marginal contribution of a single enrollee 7 in an activity 7 to the agency’s

ex ante utility is

Uir = Q(Sm 1/’7 Am Rz‘,uw)

S;, is a 1 x K vector of expected performance outcomes. That is, the training agency makes
a prediction about i’s performance for each measure £ in each training activity 7, and these
are contained in the vector S;;. The training agency bases its prediction on the observable
characteristics of the clients and on the state of the labor market. 1) mediates the effect
of Si; on the award and therefore enters the agency’s utility. In addition, ¢(-) allows the
performance on a measure to have some value to the training agency unrelated to the award.
S, includes the expected cost of enrollee i’s activity 7 training. Any agency regardless of
its objectives and the cost-pay off in the award takes cost into consideration because of its
budget constraint.

A, and R;. capture non-award influences on training choices. Some writers have main-
tained that bureaucrats in the welfare bureaucracy, because of their training and the culture
of the social work profession, behave as their clients” advocates (e.g. Lipsky, 1980, p. 72).
The advocacy may take several forms. First, because it is a likely concern of enrollees, case
workers in training agencies may be influenced by earnings impacts. A;; is an estimate of
training activity 7’s impact on enrollee is earnings. Second, much popular writing and pub-
lic discussion about welfare workers and case workers in job training in particular imagines
social workers as benefactors to the least advantaged in their case load. The “social worker
mentality” impels them to save the most intensive and expensive training and schooling slots
for the enrollees who are welfare recipients or high school dropouts—that is, for enrollees
who have the most extreme labor market “barriers” to finding gainful employment. In fact
federal and state directives frequently exhorted training agencies to provide special atten-
tion to enrollees with these barriers. Heckman et al. test for the social worker motive in

the enrollment decision and find that case workers in one JTPA agency preferred to enroll
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applicants who were relatively disadvantaged, where disadvantage is indicated by low pre-
dicted earnings in the months following enrollment. R,; includes measures of disadvantage.
u;r are the unmeasured determinants of i’s contribution to the training agency’s utility from
activity 7.

To make the problem empirically tractable, let us assume that the marginal contribution

of a single enrollee in an activity 7 to the agency’s utility can be written as

(2) Uir = 070 + R0, + AiyOa + Siy Dy 4 + Si (I — D)y + iy,

where S’Z-T and R;, are defined as above, and 0, is a constant. D, is a K x K diagonal
matrix; the kth element on the diagonal is 1 if 7 is assigned to training under a scheme that
rewards the kth performance outcome (/% > 0), and zero otherwise (¥ =0). I'isa K x K
identity matrix. R; and D; are observed, but S’Z-T and AiT must be estimated. 0., 0., Oa,
T4, TN, are unknown parameters.

The agency selects choice 7; if it maximizes the agency’s utility for enrollee 7, i.e.
(3) 7 = argmaz{U; Y2_,.
T

u;, is an independently (across individuals and choices) and identically distributed stochastic
component of the agency’s utility. Further, the distribution of w;, is assumed normal with
mean zero, and variance o, . Under these assumptions, equations (2) and (3) produce a
conventional probit model.

The focus of the model’s estimation is the utility weights 74 and 7ty corresponding to the
predicted performance outcomes. By measuring the responses of the utility weights in (2) to
differences in {1*} T am able to test whether agencies respond to incentives. I test whether
ceteris paribus an increase in a performance outcome’s marginal return in the award leads
to an increase in its utility weight. That is, I test whether 7% — 7% > 0 for each measure
k. (For the cost measure, I test whether this difference is negative.) Although the above
approximating model is not an explicit structural model, it can shed light on whether the

estimation of a structural model is likely to be successful.

4 The sample and training options

The data source for this study is the National JTPA Study (NJS), an experimental study
of the effectiveness of JTPA commissioned by the U.S. Department of Labor and conducted
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between 1987 and 1989. Sixteen of the organization’s roughly 640 job training agencies
participated in the NJS.25 The study was conducted using a classical experiment methodology
according to which JTPA applicants were randomized into treatment and control groups.
The control groups did not receive JTPA training services for at least 18 months after random
assignment. 20,601 JTPA-eligible adults and youth participated in the study: 13,972 were
randomized into the treatment group and 6,629 into the control group.

The empirical analysis in this study is based on 13,338 usable adults from the set of
participants in the NJS. The data generated by the NJS are often likely equal in scope and
detail to the quantifiable information available to training center bureaucrats. The data
contain participant-reported information on his/her education level, labor market history,
family composition, welfare program participation and demographic characteristics, as well
as labor market, training, and schooling activities for approximately 18 months after random
assignment.?® In addition, the data contain enrollment and termination dates for all exper-
imental participants who received training services. These program dates can be used with
the participant employment spell, earnings, and wage data to produce accurate measures of
performance outcomes.?”

Before the experimental participants of the NJS were randomized into treatment and con-
trol groups, agency bureaucrats assigned each participant to one of three activities: classroom
occupational training (CTO), on-the-job training (OJT), or job search assistance (JSA).?®
Thus, T' = 3 in equation (3). The three activities varied significantly in the extent of con-
tact between enrollee and agency, the enrollment length, and training intensity. Enrollees
in classroom occupational training learned occupation-specific skills in a classroom environ-
ment. Classroom occupational training lead to the longest spells on average. Enrollees in
on-the-job training worked a maximum of 6 months, during which their employers received
as much as 50 percent of the wage they pay as a subsidy. The extent and character of
training undertaken during the subsidy period was at the discretion of the employer. Job
search assistance provided enrollees an “assessment of [their] job skills and interests, along
with training in job-finding techniques and help in locating job openings” (Orr et al., p. 4).
The mean enrollment lengths for classroom occupational training, on-the-job training, and
job search assignments were 7.2, 3.5, and 4.5 months, respectively.

Table 3 documents the variation in performance outcomes by training activity assign-

ment. The range was approximately 30 cents an hour for the wage measure and $10 per
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week for the earnings measure. The range in employment rates was more substantial: 16
percentage points, or about 27 percent of a base of 60 points. On-the-job training appears
to have produced the highest employment rates, earnings at follow-up, and weeks worked
outcomes, but yielded a low wage at placement. Job search assistance surpassed classroom
occupational training in all measures except for the employment at termination measure,
where the difference between the two training assignments was minor. This table suggests
that different activities were advantageous for different performance outcomes, implying that
if agencies behaved as budget-maximizers, we should see different mixes of activities under
different incentive schemes.

Of course, enrollee differences across training activities accounted for some of the differ-
ences in performance outcomes across training activities. Table 4 shows the distribution of
adults across activities by subgroup. (See Table 1 in the appendix for definitions of char-
acteristics.) Table 4 shows that training activity participation varied by the demographic
characteristics, earnings, education, and labor market history of participants in predictable
ways. For example, the never-employed were much less frequently found in OJT compared
to persons that had a recent history of employment. Classroom occupational training was
less frequently assigned to the least-educated groups, probably because classroom training
teaches advanced skills for specific occupations. Human capital models predict that older
persons, with fewer years remaining in the labor force, invest in less training. Thus it is
not surprising that the likelihood that someone was assigned to job search assistance—the
shortest and most employment-directed of the activities—increased slightly with their age.
It is also not surprising that the likelihood of assignment to job search assistance increased
with earnings—a measure of the opportunity cost of training—over most of its range. The
implication here is that whether for example classroom training was more suited to gener-
ating an employment than job search assistance depended upon the characteristics of the
enrollee. Because of the systematic relationship between enrollee characteristics that influ-
ence outcomes and training activity types, it is natural to model the agency’s expectations
of outcomes {S‘z’i} as functions of enrollee characteristics. The next section describes how

this study models the agency’s outcome expectations.
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5 First stage estimation

The estimation of (2) proceeds in two stages. In the first stage, I estimate for each non-
cost performance outcome the agency’s expectation of an enrollee’s performance in each
of the various training activities. These estimates become regressors in the second stage
multinomial probit.?? Although we do not observe 5‘{“7 we do observe the actual outcomes Sf:T
for each enrollee in the training option actually assigned. Assume that the actual outcomes

are related to the agency’s prediction in the following way.

(4) Szk,r = ng + Vk,

where Evf, = 0 for each k. The deviations v’ arise because bureaucrats lack full information
about all of the factors that influence outcomes.

The employment rates at termination and at follow-up measure the state of employment
at a point in time. These variables are binary: an enrollee is either employed or not em-
ployed on the measurement date. The other measures—of wages, earnings, and number of
weeks worked—are continuous. Let the superscript E denote employment measures and the
superscript C' denote continuous measures. The agency’s expectation for the employment
measures range between 0 (certain unemployment) and 1 (certain employment). Assume
SE

1,79

the agency’s expectation of i’s outcome for an employment measure, is described by

5 Xivr)
5 §F — p(X APy = X
5 L= PX) = T

where X ; is a vector of observed attributes of ¢ and of the labor market at the time of the
training assignment, and v is a vector of unknown parameters. Assuming that F'(-) is the
logistic distribution implies the third term in (5). Assume that the bureaucrat’s prediction

of the outcome for the continuous measure is given by

(6) Sir=Xn?

@,T

where v¢ is a vector of unknown parameters.
This framework implies that the agency forms its expectations according to (5) and (6)
but that the realized performance outcomes occur by (4). The realized outcomes differ from
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the expectations due to the incompleteness of the agency’s information set. My assumptions

imply that the realized outcomes arise from (4) after substituting in (5) and (6), that is,

SE exp(Xivr) + vZ . and
1,7 1—|—€Xp(XZ’7£‘) 1,7
SST = X{Yf + VST.

The use of exp(X;vF)/1+ exp(X;vE) and X;4¢ for SE. and S, is justified if consistent
estimates of 47 and 4¢ are available. An estimator of 4¥ from (5) is obtained under
the assumption that F' is the logistic distribution. ~% is then estimated using maximum
likelihood. An obvious candidate for 4 is the least squares estimator.3®

To summarize the first stage proceeds as follows. First, using the outcomes and enrollee
characteristics, 4" is obtained from estimating (5) under the assumption that F is the
logistic distribution. Similarly, 4% is obtained by estimating (6) by least squares. For each
individual 7 in the data, estimates for predicted values of SfT and SST for all activities are
formed from the 4, 4%, and the enrollee’s characteristics. Predicted earnings impacts in
each activity are estimated using the experimental participants’ earnings.?! Estimates of the
per capita cost of each activity are borrowed from an analysis of JTPA training contracts
with external vendors from a suburban Illinois training agency (Heinrich, Marschke, and
Zhang, 1998). These estimates of training costs vary with the characteristics of enrollees.

The second stage in the empirical strategy is to estimate equation (2) using maximum
likelihood, including as regressors the estimated performance outcomes, costs, and earnings
impact predictions for each training activity 7.32 The next section presents estimates of 74

and 7y, and the results of a test for an incentive response, a test of whether 7% > 7%,

6 Probit results

13,338 training choices under eight distinctive incentive regimes provide the basis for the
empirical analysis. My most important finding is that the set of performance measures in
place influences bureaucratic decision-making. In addition, I find that cost but not predicted
earnings impacts influence bureaucratic decision-making. Finally I find mixed support for the
hypothesis that JTPA bureaucrats allocated the least well-off among their enrollee population

to the most intensive training activities.
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Table 5 displays the results from the estimation of four alternate specifications of (2).%3

Model 1 displays the simplest specification, wherein the choice-specific predicted earnings
and costs are the sole determinants of training choice. Model 2 allows case workers to
take into consideration predicted earnings and costs but also measures of “disadvantage” or
“hardship”. Model 3 adds to this specification measures of predicted performance, i.e. award
concerns. Model 4 allows for more subtle effects of performance incentives on performance
outcome utility weights then does Model 3. The table includes the corresponding z statis-

34

tic under each coefficient estimate.”® The base of the table contains diagnostic statistics,

including the likelihood ratio index, a measure of fit.?®

6.1 Non-award determinants of choice

First consider column 1. The signs of the coefficients are consistent with a net earnings
maximand. The coefficients suggest that agencies prefer low-cost activities and activities
which promote the greatest boost to the enrollee’s earnings ability ceteris paribus. The
inference on costs holds across specifications. The coefficient estimates on earnings impact
are not statistically significant in more general specifications, however. Table 6 contains the
estimated elasticities derived from the coefficient estimates on the earnings impact and cost
variables (these estimates are computed from Model 4’s results). According to the estimated
elasticities in Table 6, a doubling of the training’s predicted cost will reduce the probability of
classroom training, on-the-job training, and job search assistance by 50, 47, and 42 percent,
respectively. Model 2 allows for the operation of a social worker motive in which case workers
seek to match the most disadvantaged enrollee with the most intensive and expensive services
(i.e., classroom training). Model 2 includes three measures of disadvantage: earnings in the
year prior to enrollment, high school completion, and welfare recipiency.>¢

A likelihood ratio test shows these characteristics are jointly significant at conventional
levels of significance. The z values are large for all coefficient estimates in all models except for
the variables “Previous year’s earnings less than $3,000” and “High School Dropout” in the
job search assistance choice, for Model 2. In the more general specifications, their coefficient
estimates are significant. Table 7 shows the average effect of these characteristics on the
relative probability of being assigned to classroom training. The average effects are computed
from estimates produced by Model 4. The signs of the effects of these characteristics on the

three choices are consistent across the specifications. A number greater (less) than one
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indicates that the relative probability of being assigned to classroom training falls (rises)
with the exhibition of the characteristic. Being on welfare raises the likelihood of being
assigned to classroom training relative to on-the-job training and to job search assistance.
The evidence shows that being on welfare lowers the ratio of the probability of on-the-
job training assignment to the probability of classroom training assignment by about one
half. Having low pre-training earnings had little effect on these probability ratios. Being a
high school dropout, however, lowers the probability of being assigned to classroom training
relative to on-the-job training and to job search assistance; being a high school dropout
raises the ratios by 46 percent and 15 percent, respectively. The finding that high school
dropouts were assigned less often to classroom training may not be surprising. Dropouts
may have rejected classroom training assignments because they disliked or lacked an aptitude
for classroom training. While the finding that welfare recipients were assigned more often
to classroom training is consistent with the social worker mentality hypothesis, the findings

taken together do not consistently support the social worker mentality hypothesis.

6.2 Performance incentives and training choice

Models 3 and 4 allow for the influence of predicted performance outcomes on the activity
choice. The coefficients on performance outcomes are allowed to be different for persons
assigned to training under incentive schemes that rewarded the outcomes and schemes that
did not reward them. Panel B presents only the estimated differences between the two sets
of coefficients. I interpret these estimates as showing the effect on the choice of training of
adding a performance measure to the set of rewarded measures. Panel B contains both the
estimated differences and their z statistics.

Panel B is laid out as follows. The far left-hand column contains the set of performance
measures whose status in state-years varied. In each line the second column corresponds to
a performance outcome whose utility weight should respond to the activation of the measure
in column 1. The third column contains the predicted sign of the utility weight response.
For example, in the first line, the columns headed by “(3)” and “(4)” present estimates of
the effect of activating the employment rate at follow-up measure on the value of increasing
the follow-up employment outcome for a single enrollee.

Model 3 tests for an effect of activating a performance measure on the corresponding

utility weight. Model 3 tests whether the utility weight is higher when the award places any
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weight on the measure then when it places no weight on the measure. Activating either of the
wage-based measures—AWT or AW EF—had little effect on the corresponding utilities. The
utilities are statistically indistinguishable at conventional criteria of significance. Likewise,
activating the cost measure had no significant effect on the cost outcome’s utility weight.
Nevertheless, the evidence of Model 3 provides some support for the simple model of incentive
response. The activation of the employment rate at follow-up (FRF') and average weeks
worked (AFW W) measures increased the value of their respective outcomes to the training
center (the coefficient changes are positive with p values close to zero).3” Model 4 produces
the same inferences for this set of variables.

It is perhaps not surprising that the activation of employment-based measures show a
greater effect on training decisions than does the activation of wage-related measures. As
Table 3 shows, the variation in wage-based performance outcomes is far less than the vari-
ation in employment-based measures, suggesting that through its training choices, training
agencies are able to exert more influence over employment than over wages.

Model 4 allows for more subtle effects of the incentives on utility weights. In the state-
years studied here, some agencies made their training selections under incentive regimes
that rewarded agencies separately for welfare recipients’ employment outcomes. Under these
regimes a welfare recipient’s end-of-training employment outcome counted twice, once toward
the overall employment outcome and again toward the separate employment outcome for
welfare recipients. Thus by adding the welfare employment at termination (W ERT') and the
welfare employment rate at follow-up (W ERF') measures, states added incentives to ensure
employment for welfare recipients, beyond the incentive imparted by the overall employment
rate measures (ERT and ERF). Lines 6 and 7 in Panel B describe the impact of activating
the two welfare employment measures on the utility weights of their employment outcomes.
The activation of the welfare employment rate at termination and welfare employment rate
at follow-up measures as predicted increase the estimated utility weights for the outcomes
WERT, and WERF, respectively, but these increases are insignificant by conventional
criteria.

In addition, Model 4 allows for activating the cost performance measure to affect employ-
ment outcomes. Because the activation of the cost measure increases the value of training
activities that more often terminate in employment, it should increase increase the value of

the coefficient on employment outcomes for all adults. This accounts for the predictions of
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positive effects on the utility weights for both employment rate at termination outcomes in
the last two lines of Panel B. Activating the cost measure increases the utility weights of
the two employment outcomes, FRT and W ERT', as predicted, and both p values are very

close to zero.?®

6.3 Discussion

The results reported in Table 5 support a simple model of incentive response. Nevertheless, it
should be emphasized that in the estimation of the cost (C'E) effects, the contrast is provided
by only two agencies; Omaha, Nebraska and Heartland, Florida; they are the only sites in
this study that operated under an incentive regime without cost measures. In the cases
where only two agencies are generating estimates of utility weights, the differences observed
in utility weights may not reflect differences in incentive schemes so much as differences
in non-award-related preferences for activities or differences in other factors not observed.
In the cases where the number of agencies providing the contrast is small, this unobserved
variation may not cancel out.?

While the cost results were produced by the Omaha and Heartland training agencies, the
other strong findings in the analysis described in Table 5 arise from contrasting the behavior
of two fairly representative groups of agencies. The effect of remunerating the employment
rate at follow-up on its utility weight was estimated by comparing choices made by 13
agencies where the measure counted in the award to the choices made by 9 agencies where
the measure did not count in the award. The average weeks worked at follow-up measure
impact was estimated by comparing 5 agencies where the measure was compensated to 12
agencies where the measure was not compensated. Because they arise from the training
choices of many more agencies, these results are more likely to be incentive-related.

Another concern is that states had (limited) discretion over which of the federal per-
formance standards they implemented. This opens up the possibility that the performance
measures were not exogenous to the training agency’s training assignment decisions. In his
investigation of JTPA incentives and cream-skimming, Cragg (1997), using 1986 data on the
JTPA incentive policies of all fifty states, also tests and rules out the hypothesis that in-
centives are endogenous. In a separate analysis, I test whether the variation in performance

measurement is endogenous and reach the same conclusion.*!
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7 Simulating the effects of incentive changes on agency
outcomes

Economists often argue that explicit incentives increase agent productivity because they tie
agent compensation directly to measures of agent output. Yet this argument has rarely
been tested using direct measures of performance and of incentives. This section explores
the economic implications of the incentive responses documented in Panel B of Table 5 by
simulating the effects of performance incentives on productivity.

The Department of Labor changed the set of performance measures during the 1980’s to
encourage agencies to offer lengthier and more intensive training activities. An important
dimension of the social product of JTPA is the improvement training brings to participants’
earnings ability net of training costs. Using the estimates from Table 5 one can test whether
these changes likely improved total earnings gains net of training costs.

I use the estimates in column 4 of Table 5 and from the first stage analysis to simulate
the effect of incentive changes on performance outcomes, earnings impacts, out-of-pocket
training costs, and activity choice. I first simulate a basic incentive regime that is typical
of the early years of JTPA. The basic regime consists of the cost per employment (C'E),
employment at termination (ERT), and wage at termination (AW T') performance measures.
These three measures were present in all states in the early years of the program. In addition
to the movement toward follow-up based measures and away from cost measures, the late
1980s saw the addition of performance measures of earnings and employment that measured
performance over the three months following termination, in contrast to snap-shot measures
of performance that measured employment and wage status on the last day of training.
Federal and state JTPA authorities hoped that these changes would encourage agencies to
offer more intensive training services that would produce longer-lasting effects.

To investigate the effects of these changes I contrast the base incentive regime with three
alternative regimes. The alternative regimes differ from the base regime by the addition or

elimination of one performance measure. The regimes are defined as follows.

1 Base regime (cost per employment at termination (C'E), employment at termination

(ERT), and average wage at termination (AWT)),
2 Base regime minus the cost measure (C'E),

3 Base regime plus employment at follow-up (FRF), and
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4 Base regime plus follow-up weeks worked (AW W F')

The comparisons I have chosen reflect the contrasts from Table 5 whose estimation are
statistically significant.

Table 8 reports the results of the simulation. The rows of the table display the outcomes
simulated. The outcomes shown are averages for the experimental sample of adult enrollees
who enrolled in the program and had valid data.*?> The first column displays the outcomes
under the base regime. The second, third, and fourth columns display the outcomes under
regimes 2, 3, and 4.

In comparing column 2 to column 1 we isolate the effect of dropping the cost measure.
Deactivating the cost measure reduces total earnings impacts by 16 percent, or by $160 per
capita. Interestingly, deactivating the cost measure decreased total programmatic costs (by
about .01 percent), but increased the cost outcome. This is possible if dropping the cost
measure leads to a sufficiently large decrease in employments at termination.*® The reduction
in earnings impact is partly a consequence of the rise in the use of classroom training and
a fall in the use of on-the-job training services. (This result is consistent with findings
of Orr et al. that classroom training is less effective than the other services at increasing
earnings after training.) The use of on-the-job training services falls because deactivating
the cost measure lowers the value to the training agency of an employment immediately upon
enrollment. The reduction in earnings impacts is also partly a consequence of the change in
the composition of persons within each training type; this is not displayed in Table 8. The
outcome changes reported in Table 8 generally result from both the overall change in the
number of assignments to each activity and the change in the person-types assigned to each
activity.

Column 3 shows the effect of adding a measure of the duration of employment over the
three month period following training. Column 4 shows the effect of adding a measure of the
employment status on the 90th day following training. In both cases, earnings impacts rise
with the introduction of the new measure—by approximately $241 and $189, respectively—
and costs rise slightly. Note that with the addition of follow-up measures, agencies use more
on-the-job training and less classroom training overall. The total increase in net impacts—
aggregate earnings impacts minus total out-of-pocket costs—due to the introduction of the
average follow-up weeks worked and employment rate at follow-up measures are, in per capita

terms, $232 and $183, respectively. Observe that the changes in per capita earnings impact
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are modest, at best only $13 per month.

The intention of this section is to provide some rough estimates of the effects of incentive
changes on agency productivity. These simulations provide credible estimates of the impact
of changes in incentives on earnings impacts, costs, and training choice, provided the agency
does not alter its screening rule and provided changes in the agency’s training strategies
do not substantially alter the applicant pool.#* The simulation shows that by reducing the
use of classroom training, introducing the follow-up measures increased per capita earnings
impacts. Dropping the cost measure increased the use of more intensive and lengthier train-
ing activities and reduced the use of job search assistance, as intended. Yet, because more
classroom training activities produced smaller increases in earnings over the 18 months fol-
lowing enrollment than other activities, deactivating the cost measure reduced the aggregate

earnings impact of training.

8 Conclusion

The job training agencies in JTPA faced varying sets of performance measures. This paper
shows that they responded to changes in performance measures by reallocating their resources
across inputs as would be predicted by a simple model of incentive response, and similar to
how multiproduct firms reoptimize their mix of products in response to changes in relative
output prices. Such evidence of incentive response in real-world principal-agent relationships
using direct measures of agent-level incentives and performance is rare.

The incentive-response findings raise the question of whether these incentive changes
affected program efficiency. Without observing the operation of the program in the absence
of an incentive system, we cannot shed much light on the question. A major concern of the
theoretical incentive literature, however, is the market for unobserved inputs, or the market
for effort. Holmstrom and Milgrom and Baker (1992, 1999) analyze this market in a multitask
or multigoal context. JTPA compensates agencies for a number of goals but earnings gains
is not one of them. This paper tests whether effort devoted to the performance objectives
and to social welfare objectives are substitutes. This paper reports—in the simulation this is
apparent—that when awards are provided for some measures, the return in earnings ability
on a dollar spent on training declines, indicating substitutability in efforts across goals; other
times, however, the return increases, indicating complementarity in efforts. Moreover, the

simulation results point out the difficulty of performance measurement. This exercise shows
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that some of the Department of Labor’s reforms in the 1980s may have reduced the net
earnings impacts of job training participants. That is, the Department of Labor appears to
have had some difficulty in devising performance measures that correctly track organizational
value-added, if indeed net earnings was its objective.?®

The failure of some of the reforms to improve productivity suggests a shortage of easily
identifiable performance measures that are aligned with the objectives of the organization

46 While one can take the general implications of this case study of a

and non-distorting.
government organization too far, this study lends some support to the argument that the
rarity of the use of performance incentives in the workplace (as noted by Baker, Jensen,
and Murphy, 1988, as well as others) and the dominance of fixed-wage contracts may be
a consequence of the unavailability of performance measures sufficiently correlated with
productivity. Until now the literature on this subject has focused on the risk-aversion of
enrollees as the primary cause of this phenomenon.

My findings that JTPA bureaucrats choose services partly to meet performance standards
are not inconsistent with the findings of Heckman, Smith, and Taber, who find no evidence
that training agencies choose enrollees on the basis of their predicted employment outcomes.
It is possible that the enrollee-selection decision is the domain of case workers, and the
service selection decision is the domain of training center managers. This interpretation is
bolstered by the case study of a training center done by Heinrich (1995), which describes
the process that managers follow in deciding which outside vendors of training services to
utilize. Moreover, as noted above, the two findings are not inconsistent because the incentive
system is designed to influence the selection of training activities, more than it is designed to
influence the selection of enrollees (see Section 2.1). Nevertheless, like Heckman et al., I do

not find that predicted earnings impacts play a role in the assignment of training activities.
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Notes

'Department of Economics and Department of Public Administration and Policy, Uni-
versity at Albany, State University of New York.

2This research was supported by NSF-SBR-91-31143 to J. Heckman, and grants from the
Upjohn Institute and the American Bar Foundation. I thank Steve Cameron, Pascal Courty,
Eric Gould, Hidehiko Ichimura, Robert Lalonde, Sherwin Rosen, Jeff Smith, Chris Taber,
and seminar participants at The University of Chicago, University at Buffalo, University
at Albany, Case Western Reserve, and the Upjohn Institute, as well as participants at
conferences organized by the North American Econometric Society and the Society of Labor
Economists. I am especially grateful to James Heckman and Canice Prendergast for many
useful suggestions. The usual disclaimer applies.

3The organizational case studied here was a prototype for the Clinton/Gore National
Performance Review initiatives, which makes this argument (Gore, Chapter 2, 1993).

“The Government Performance and Results Act of 1993 requires federal agencies (most
for the first time) to formulate measures of performance to improve public accountability
and permit closer scrutiny by Congressional oversight committees.

°At an empirical level, these models have been applied mostly in the analysis of executive
compensation contracts (see, e.g., Jensen and Murphy, 1990, Haubrich, 1994, and Garen,
1994).

bSee Dixit (1999) on why the worker output in the public sector is often more difficult to
measure than in the private sector.

"Exceptions are Lazear (2000) and Paarsch and Shearer, (1996). Much of the literature
on incentive response uses estimated or indirect measures of incentives, in larger part because
organizations are reluctant to divulge their compensation practices. See, for example, Kahn
and Sherer (1990) and Abowd (1990). Prendergast, 1999, and Gibbons, 1996 offer recent
and thorough surveys of empirical studies of principal-agent models.

8See, e.g. Johnston (1987) for a detailed description of JTPA.

9The two significant exceptions: agencies were not allowed to subsidize a client’s on-the-
job training for more than 6 months at a time, and the agency was not permitted to place
enrollees in public sector employment.

10Gee section 4 for a description of the data used here.

UThese figures are based on data collected by SRI, International and Berkeley Planning
Associates, which are described in Dickinson, et al. (1988). I thank Carol Romero of the
National Commission for Employment Policy for making these data available to me.

124bid.
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BEven though the Act required training agencies to use award money to provide addi-
tional training, it placed fewer restrictions on the use of award monies than on budgetary
monies. For example, training agencies were permitted to spend a larger fraction of their
award on staff compensation, although few training agencies appeared to use the awards
this way. Courty and Marschke (2002) argue that career concerns, the desire for professional
recognition, and political motivations also made training center bureaucrats covet the award.

“Other goals mentioned in the Act include reducing welfare dependency among the poor
(Section 106(a)), the equitable provision of services (Section 141(a)), and the placement of
women in non-traditional jobs (Section 141(d)(2)). This study construes social value-added
in terms of participant earnings impacts only. See Heckman, Heinrich, and Smith (1997,
2002) for discussions of the goals of JTPA and how they were expressed through the JTPA
incentives.

15Because the training agency’s performance standards were based on the past performance
of many training agencies, no single agency could appreciably lower its future standards by
suppressing performance. l.e., there was no ratchet problem in JTPA.

16The adjustment procedure is based on regression estimation of the determinants of per-
formance outcomes, with training center characteristics as dependent variables. See Barnow
(1992) or Johnston for a more complete description of this procedure.

"The incentive schemes in effect for a given year are set forth in policy letters on file in
state governors’ offices and available to the public. They document the exact performance
measures in place as well as the terms under which agencies received incentive money for
each program year.

18States added or subtracted a performance measure without changing the size of the po-
tential award. Each state set aside (roughly) six percent of its Congressional JTPA allocation
to be distributed among its training agencies as a financial award. Changing the kind and
number of performance measures did not increase the size of the potential award a training
agency won but simply changed the way the award pot was divided.

YThe exogeneity assumption is discussed in section 6.3.

20Job Training Partnership Act, Sec. 202(a)(1)(3)(B).

21Tn some states agencies received additional awards for exceeding standards. In some
states the performance-award relationship displayed many sorts of non-linearities, such as
piece-wise linear forms and nested qualifying conditions. Because of space constraints, I do
not describe these various functional forms but instead refer the interested reader to the
descriptions in Courty and Marschke (2002).

2For some findings on the effect of incentives in other public sector contexts, see Asch
(1990) on performance incentives facing Navy recruiters and Croxson, Propper, and Perkins
(2001) on incentives offered to doctors in the U.K.’s NHS to reduce health care costs.

25



BCourty and Marschke (1997 and forthcoming), however, have provided evidence that
training centers manipulate performance reporting in response to the incentives’ thresholds
and deadlines.

2 Another set of papers on JTPA have attempted to “validate” the job training perfor-
mance measures by correlating the performance measures in place in JTPA with various
economic measures of training agency value-added (e.g., Heckman, Heinrich, and Smith,
2002, and Barnow, 2000.) For a survey and discussion of such studies on job training per-
formance measures, see Heckman, Heinrich, and Smith.

%See Doolittle and Traeger (1990) for a description of the implementation of the National
JTPA Study, and Orr et al., 1994 for a detailed description of the its results.

26For one quarter of the experimental participants, data were collected for an additional
18 months. This paper utilizes only the 18 month data.

Y"Burkhauser et al. and Cragg did not have access to such precise measures of outcomes.

2 An appendix describing the construction and interpretation of the activity choice variable
is available from the author upon request.

BTo estimate a person’s outcome in each of the choices, I use the resulting outcomes
from the choices that persons actually make. Other researchers have used actual payoffs to
estimate payoffs for choices not taken, then used the resulting estimated payoffs in a second
stage to attempt to explain the choices in the first place. For example, Haveman, Wolfe, and
Warlick (1988) used expected income flows in alternative work and public transfer program
options to explain workers’ choices over those options.

30Because the enrollee is observed only in the training activity selected by the agency, one
has to be concerned with unobserved heterogeneity. If unobserved selectivity is present these
estimators may yield inconsistent estimates. In the analysis for each performance outcome
I test for and rule out the presence of selection. Because selection is based on more than
two choices, one cannot use the procedure proposed by Heckman (1979). Instead, I use
the procedure outlined by Lee (1983) to test for selectivity bias. This procedure involves
constructing the inverse Mills ratios for the three choice case. The inverse Mills ratios are
entered on the righthand-side of the performance outcome equations and their coefficients
are estimated along with the other coefficients of the models. (The employment equations
are estimated as linear probability models for the purposes of this test.) In no case did I find
that the coefficient estimate on the inverse Mills ratio approached statistical significance by
conventional significance criteria. These results are available upon request. The absence of
evidence of unobserved selectivity is not surprising given the richness of the each enrollee’s
description contained in the data. I therefore proceed with the estimation and argue that
these estimates are consistent.

31 Appendix 1 describes further details of the estimation of the predicted outcomes and
earnings impacts that serve as the regressors in the second stage estimation. The first stage
regressions’ right-hand-side variables, the characteristics of enrollees and of the local labor
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market, are described in Table A.1.
32 Appendix 2 describes in detail the likelihood function of the second stage estimation.

3The program I use to estimate this model was developed under NICHD Grant RO1-
HD19226 to James Heckman. Stephen Cameron and George Yates wrote the software. I
thank James Heckman for making this program available to me. Notes by Cameron and
Heckman (1989) describe this program and the estimation of a general version of the model
presented here.

31 The test (z) statistics are corrected for the estimated regressors using the delta method.
See Appendix 1 for an explanation.

35The likelihood ratio index reported is defined by

24 log-likelihood at maximum
r= log-likelihood at # =0’

which lies in the [0, 1] interval and higher values correspond to closer fit. The likelihood ratio
statistic is also reported.

36Tn selecting these measures, I have tried to follow the pronouncements of the Department
of Labor, Congress, and the states concerning special service to the “hard to serve.” Hard
to serve was a loosely-defined term that described persons among the JTPA-eligible who
had extraordinary difficulty finding employment, either because they had few skills, or some
“stigma” that made them poor employment risks (see Barnow and Constantine, 1988). The
persons most commonly described as stigmatized in this way included welfare recipients and
high school dropouts. Case workers likely also used earnings in the year prior to application
(or some similar measure of recent labor market history) as an indicator of the labor market
skills the applicant brought to JTPA.

3"The estimates of the utility weights that produced these differences are presented in
Table A.2 in the appendix. As Table A.2 shows, the utility weight estimates for several
outcomes under incentive regimes that did not reward them sometimes are positive and
significant. Nevertheless, the estimated utility weights for several outcomes under incentive
regimes that rewarded them sometimes have negative signs. That estimated utility weights
appear with surprising signs suggests that predicted outcomes in training activities are often
correlated with other determinants of choice that I cannot measure. By looking at how
choices change under different incentive regimes, however, we can detect the influence of
performance incentives. By comparing behavior across regimes we difference out the fixed,
non-award determinants of training choice that cannot be controlled for.

3The reader may wonder about the magnitude of the pecuniary incentive these agencies
are responding to. Although the marginal valuation of exceeding a standard varied by state
and training agency, we can illustrate its magnitude by considering the training agency in
Northwest, Minnesota. As Table 2 shows, the Northwest training agency faced the average
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weeks worked at follow-up (AW W F') measure for the first time in 1988. In exceeding this
standard in 1988, the Northwest training agency earned an additional $3,685 in training re-
sources for 1989. Note that its budget for 1989 for adults was $919,590. Taking Minnesota’s
incentive policy as representative, meeting or failing to meet a performance standard con-
cerned something less than one percent of the training agency’s budget.

39At least two sources of unobserved agency heterogeneity may be confounded with the
changes in incentives. First, the study lacks agency-specific measures of training costs.
Thus, two agencies with identical incentive schemes may have been driven by differences in
the relative input prices alone to choose different inputs. Second, important non-incentive
related objectives which I am unable to measure and thus account for in my empirical model
undoubtedly drove some of the behavior I am trying to explain. Possible preferences that
I cannot control for include preferences for service providers with political ties to the local
elected officials. (Westat, Inc (1985) and MDC, Inc and Grinker, Walker and Associates
(1984,1985) discuss the objectives of agencies and the influence of area politics on training
decisions.) The Act gave the locally elected executive politician (usually a city mayor or
county president in the city or county in which the agency is located) important authority
in the conduct of training operations. Such preferences, for example, may have led the
agency to favor a classroom training program operated by a large, influential community-
based organization, or to reward subsidized on-the-job training slots to local businesses that
have contributed to political campaigns. Thus, in the analysis depicted in Table 5, instead
of picking up incentive effects, in some cases I may be picking up differences in political
climate.

40 Another reason for confidence that the results reported in Table 5 are responses to
changes in incentives and do not suffer from a cross-sectional heterogeneity bias is by con-
ducting separate event studies for each agency that faced a change in incentives. For each
agency a separate model—similar to the model that generates the results reported in Table
5—has been estimated where the data are the persons randomly assigned in the two years
straddling the change. Four of the largest agencies in the study—Fort Wayne, Indiana; Jer-
sey City, New Jersey; and Springfield, Missouri—generated statistically significant shifts in
training strategies coinciding with the activation of the welfare employment rate, the cost
measure, the employment rate at follow-up, and the weeks worked at follow-up. The results
of the event studies, which are not susceptible to unobserved agency heterogeneity, support
the pooled analysis. These results are available from the author upon request.

“These results are available to the interested reader upon request.

“2Fach simulation is based on probabilities constructed for each observation from 500 draws
from a multivariate normal, the observations characteristics, and the parameter estimates
from Model 4 in Table 5.

3The net impact estimates I present are low in comparison to the estimates from the
National JTPA Study. The impact estimates, however, are similar. Using roughly the same
data Orr et al. estimate an average per-capita earnings impact of $877 (computed from
their table 4.6, p. 87). The differences between my estimates of net impacts arise from the
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cost calculations. Orr et al. derive daily cost estimates for each activity from expenditure
data obtained from the sixteen experimental sites covering all training dispensed in 1987.
Not having access to this data, this study instead borrows from an analysis of a set of
training contracts from a suburban Illinois agency with external training vendors (Heinrich,
Marschke, and Zhang). These data allow estimation of costs by demographic characteristics,
such as race, gender, and age. Orr et al. estimated that the activities classroom training,
on-the-job training, and job search assistance cost $1341, $1319, and $585, respectively.
The estimates for these activities used here, under the actual JTPA training assignments,
are $1956, $2064, and $1582, respectively. Clearly, using a different set of cost estimates
would change the magnitudes of this study’s outcomes. Nonetheless, because the relative
magnitude of training costs between the studies are similar, using their cost estimates would
not likely change the inferences seen in Table 5.

“The predicted total expenditure under the actual training assignments is $11,508,823.
Thus predicted outlays under any of the simulated incentive regimes are possible without
substantial additional funds. (The total predicted earnings impact under actual training
assignments is $6,610,389.)

45The finding that the follow-up measures produced more effective job training, however,
suggests that incentive-designers learn about the distortions caused by performance measures
and attempt to replace them with less-distorted measures.

%Indeed, Heckman, Heinrich, and Smith and Barnow (2000) show little statistical corre-
lation between JTPA performance measures and measures of social product.
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TABLE 1

JTPA Performance Measures i

n Effect in Years 1987-1989

Performance

Measure Name Definition

ERT Employment Rate at Termination Fraction of terminees employed at termination

WERT Welfare Employment Rate at Fraction of terminees receiving welfare at

Termination date of application who were employed at termination

AWT Average Wage at Termination Average wage at termination for terminees who
were employed at termination

CE Cost per Employment Training center’s year's expenditures on
adults divided by the number of adults employed
at termination

ERF Employment Rate at Follow-up Fraction of terminees who were employed at 13
weeks after termination

WERF Welfare Employment Rate at Follow-up Fraction of terminees receiving welfare at
date of application who were employed at 13 weeks after
termination

AWEF Average Weekly Earnings at Follow-up Average weekly wage of terminees who were
employed 13 weeks after termination

AWWF Average Weeks Worked by Follow-up  Average number of weeks worked by termineesin 13
weeks following termination

Notes:

1. The date of termination is the date the enrollee officially exits training. A terminee is an enrollee after he has officially

exited training.

2. All measures are calculated over the year's termineepopulation. Therefore, the average follow-up weekly earnings for
1987 was calculated using earnings at follow-up for the terminees who terminated in 1987, even if their follow-up period
extended into 1988. The follow-up period was the 13 weeks following termination. Likewise, persons who terminated in
1986 were not included in the 1987 measure, even if their follow-up period extended into 1987.
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By Training Agency and Y ear

TABLE 2

Performance Measures

Training Agency

Y ear

ERT

AWT

CE

WERT

ERF

AWWF WERF AWEF

Corpus Christi, TX

1987
1988
1089"

X

X

X X

Cedar Rapids, IA

1987
1988
1089"

X X| X X X

Coosa Valley, GA

1987
1988
1089"

X X X[ X X

X X X[ X

Heartland, FL

1987
1988
1989"

X| X X X

X X

Fort Wayne, IN

1987
1988
1989

Jersey City, NJ

1987
1988
1989

XX X X| X X X[ X X X[X X X|X X

X X X[ X X

Jackson, MS

1087
1988
1989"

Larimer, CO

1987
1988
1989

X XX X X| X X X[X X X[X X X|X X X|X X X|X X

X X| X X X

Decatur, IL

1987
1988
1989"

Northwest, MN

1987"
1988
1989"

Butte, MT

1987"
1988
1989

Omaha, NE

1987"
1988
1989

XX X X| X X X[X X XX X X|X X X|X X X[X X X

Marion Co., OH

1987
1988
1989

Oakland, CA

1987"
1988
1089"

Providence, RI

1987
1988
1989

Springfield, MO

1987
1988
1989"

X X X[X X X[ X X X|x X X|x X X|x X X[X x X|X X x|x X x|X x X[X X X[X X x|X x X|X x X|X X X[X X X

X X X[X X X[X X X|X X X|X X X|X X X[X X X[X X X

X X| X X X[ X X X[X X X

X XX X X[ X X X[X X X|X X X|X X X|X X X|X X X

Notes:

T indicates a year at a training center for which there are zero adult random assignments.
1. Source: state incentive policies. See Table 1 for definitions of performance measures.



TABLE 3
Performance Outcomes of JTPA Enrollees

By Training Assignment
(Based on adult men and women in treatment group who enrolled)

Performance Outcome
Weeks Worked Be-
Employmentat Employmentat Wageat tween Termination Weekly Earnings
Termination Follow-up  Termination and Follow-up at Follow-up

Training Assignment (ERT) (ERF) (AWT) (AWWEF) (AWEF) Obs.
All 0.58 0.58 5.75 8.16 240.70 6695
Classroom 0.53 0.53 5.82 7.55 235.48 2642
On-the-job 0.67 0.66 5.59 9.09 245.06 2356
Job Search 0.51 0.53 5.92 7.66 241.27 1697

See Table 1 for definition of performance measures.
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TABLE 4
Training Assignments By Participant Subgroup
(Based on adult men and women in treatment and control groups)

Fractionin
Characteristic Classroom Occup. On-the-job Job Search Obs.
Training Training Assistance
All 0.34 0.39 0.27 14908
Age 22-29 0.36 0.39 0.25 6539
Age 30-39 0.34 0.37 0.28 5227
Age 40-49 0.28 0.43 0.28 2015
Age50-54 0.25 0.48 0.28 483
Age>54 0.26 0.36 0.38 644
Male 0.23 0.46 0.30 6852
Female 0.42 0.33 0.25 8056
White 0.29 0.48 0.23 8181
Black 0.39 0.29 0.32 4501
Hispanic 0.39 0.29 0.32 1597
Asian, Pecific Islander, or Filipino 0.33 0.39 0.28 197
Other race 0.46 0.23 0.32 342
Highest grade completed < 10 0.28 0.43 0.29 2447
Highest grade completed 10-11 0.36 0.39 0.25 3069
Highest grade completed 12 0.36 0.39 0.25 5660
Highest grade completed 13-15 0.34 0.39 0.27 1945
Highest grade completed > 15 0.19 0.36 0.45 510
Married 0.30 0.46 0.24 3735
Divorced, widowed, or separated 0.35 0.39 0.27 4941
Single 0.34 0.37 0.29 5194
No children under age 6 at home 0.30 0.41 0.29 9571
Own children under age 6 at home 0.42 0.35 0.23 4078
Not receiving General Assistance 0.34 0.39 0.27 12419
Receiving General Assistance 0.29 0.45 0.26 1041
Not receiving Food Stamps 0.29 0.41 0.30 8538
Receiving Food Stamps 041 0.37 0.23 5740
Not receiving AFDC 0.29 0.43 0.29 11644
Receiving AFDC 0.52 0.27 0.21 3059
Currently employed 0.35 0.41 0.24 2081
Last employed 0-2 months ago 0.27 0.44 0.28 2900
Last employed 3-5 months ago 0.31 0.43 0.26 1970
Last employed 6-8 months ago 0.29 0.43 0.27 1171
Last employed 9-11 months ago 0.33 0.40 0.27 619
Last employed = 12 months ago 0.35 0.38 0.27 2335
Never employed 0.46 0.24 0.30 1792
Last year earnings < $3K 0.36 0.37 0.27 7897
Last year earnings $3K-6K 0.32 0.45 0.23 2194
Last year earnings $6K-9K 0.29 0.46 0.25 1141
Last year earnings $9K-12K 0.27 0.43 0.30 603
Last year earnings $12K-15K 0.29 0.39 0.32 268
Last year earnings > $15K 0.22 0.38 0.40 255

See Table A.1 for definition of variables.
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TABLE 5
Determinants of Training Choice
Probits ([z stat.[]in parentheses)

Observations = 13338

A. Non-awarddeterminantsof choice

Model
Variable Q 2 3) 4
Earnings impact ($1000) .028 .140 .004 .005
(2.118) (.023) (.001) (.001)
Cost ($1000) -.354 -.366 -.328 -.333
(22.039) (18.825) (16.344) (15.893)
Variablesconstantacrosschoices
OJT choice
Constant 071 .308 243 .237
(3.910) (2.803) (2.401) (2.484)
Previous year's earnings < $3K -.116 -.095 -.098
(2.803) (2.401) (2.484)
High school dropout 164 291 .293
(4.419 (8.020) (8.033)
Welfare recipient -.502 -.374 -.380
(12.869) (9.308) (8.833)
JSAchoice
Constant -.390 -432 -.355 -.374
(20.574) (11.493) (9.095) (9.316)
Previous year’'s earnings < $3K .029 103 .098
(.711) (2.504) (2.371)
High school dropout .099 .097 .106
(2.675) (2.504) (2.799)
Welfare recipient -.042 -.349 -.336
(.934) (7.273) (6.978)
(Continued)
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TABLE 5 (Continued)

B. Impactof activating performancemeasureon outcomeutility weight

Estimated impact on outcome utility weight

Activated Performance Predicted (Th—TRy)
measure outcome impact D 2 3 4
ERF ERF + 1.082 1.365
(4.126) (4.206)
AWT AWT + -.181 -.161
(1.407) (1.309)
AWEF AWEF + -.112 -.063
(1.557) (.872)
AWWF AWWF + 154 176
(6.052) (7.039)
CE CE - .018 .048
(.273) (.714)
WERT WERT# + 351
(.885)
WERF WERF + 120
(.201)
CE ERT + 1.315
(2.323)
CE WERT + 3.003
(3.319)
1) 2 ©) 4
Log likelihood -14196.847 -14105.278 -13870.513 -13619.277
Likelihood ratio index (p?) .031 044 .069 .070
Likelihood ratio statistic 912.89 1296.94 2020.82 2055.92
Notes:

1. “*Estimated impacts on outcome utility weight" are the differences in the estimated utility weights reported in Table
A.2. For example, the estimated impact of activating ERF in Model 3 (first row above) is 1.082 because the estimate
of the utility weight on the predicted ERF rises from -.518 to .564 with the activation of the ERF measure. The con-
struction of the remaining coefficients are explained in Table A.2.

2. [z statistics] based on asymptotic standard errors in parentheses. Standard errors are corrected for the estimated
regressors.

* Based on coefficients estimated off of welfare recipients only.

T Based on coefficients estimated off of persons assigned with the CE performance measure in effect. The data allow
this impact to be estimated off of persons assigned when the CE performance measure is not in effect. Either way the
impact is computed, the inference is the same.
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TABLE 6

Estimated Elasticities
O 1n Pr(Training choice = )

olnZ,
Z: Classroom Training On-the-job Training Job Search Assistance
Earnings impact .021 021 .027
Cost -.501 =473 -.444

Computed from model 4’s (Table 5) coefficient estimates by averaging effects over sample.

TABLE 7
Estimated Effects of Low Earnings, Low Education, and Welfare Recipiency
on the Relative Probability of Assignment to Classroom Training

. Pr(r=0JT|ERN<$3K) ,Pr(r=OJT|ERN<$3K) __
Low earnings Pr(r=CTO|ERN §$3K)/ Pr(r=CTO|ERN<$3K) 885
Pr(r=JSA|/ERN<$3K) /Pr(T:JSA\ERN§$3K) — 1007
Pr(r=CTO|ERN<$3K)/ Pr(r=CTO|ERN<$3K) ’

: Pr(r=OJT|DROP) ; Pr(r=0JT|DROP) _
High School Dropout  55=c755r0p)/ Pr(r=CTO[DROP) = 1455

Pr(q—:JSA\DROP)/Pr(T:JSA\DROP) = 1.148
Pr(r=CTO[DROP)/ Pr(r=CTO[DROP) -

Pr(T:OJT\WELF)/Pr(T:OJT\m) — 487
Pr(r=CTO|WELF)/ Pr(r=CTO|WELF) ’

Welfare Recipient

Pr(T:JSA\WELF)/Pr(T:JSA\m) — 558
Pr(r=CTO[WELF)/ Pr(r=CTOWELF) o

Notes:

ERN < $3K ( ERN < $3K ) indicates the enrollee earned less than or equal to (greater than) $3,000 in the
year prior to enrollment; DROP (DROP) indicates the enrollee is (is not) a high school dropout; and WELF
(WELF ) indicates the enrollee was (was not) a welfare recipient at the time of enrollment.

40



TABLE 8
Simulating the Effects of Incentive Regime Changes on
Social Net Benefit and Training Activity Choice
(The base regime contains the employment rate at termination (ERT),
the average wage at termination (AWT), and the cost per employment (CE))

E Base Regime
O
O - + +
E Cost per  Ave. Follow-up Employment Rate
Base Alone Employment Weeks Worked at Follow-up
(ERT, AWT,and CE) ' (CE) (AWWF) (ERF)
Outcome 1) 2@ 3 4
Efficiency g
Tota earnings impact ($1000) 6,051 0 5,081 7,511 7,194
per enrollee .999 U .839 1.240 1.188
Total cost ($1000) 11,478 511,349 11,515 11,529
per enrollee 1.895 O 1.873 1.904 1.901
Change in per enrollee net impact E
relative to Base Regime ($1000) 0 -.139 +.232 +.183
Performanceoutcomes H
CE ($1000/employed enrollee) 3.308 O 3.344
AWWF (wks/enrollee) 7.95 E 8.209
ERF (fraction) .573 0 .586
Assignedactivity: H
Classroom .364 O 371 .353 .349
oJt .368 E .340 .397 .386
Job Search .268 E .289 .250 .265
Notes:

1. 6056 enrollees used in simulation. Earnings impacts are cumulated, undiscounted earnings impacts over the 18 months fol-

lowing enrollment.

2. The simulation uses the estimates from Model 4 in Table 5.
3. See Table 1 for definitions of performance outcomes and text for definitions of training.
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Appendix 1: Constructing measures of expected outcomes and earnings impacts

Performance outcomes

Left-hand side variables. 1 ran separate regressions for each performance outcome, using
all participants in the experiment who were randomized into the program and had valid
enrollment and termination dates. The NJS data file contains participant-reported monthly
data on employment in the 18 months following random assignment. Participants in the
study supplied separate wage and employment information for each job held in the period
after random assignment. The data file also contains enrollment and termination dates
from agency records. I constructed all termination-based performance outcomes using the
enrollee’s reported employment status and wage in the month that the agency reported
his/her termination. I constructed all follow-up date-based performance outcomes using
the enrollee’s reported employment hours and wage information from the calendar month
containing the enrollment date through the calendar month containing the follow-up date
(the follow-up date occurs ninety days after the termination date).

[ ran the wage at termination and earnings at follow-up regressions using enrollees who re-
ported being employed in the month of termination and the month of follow-up, respectively.
I constructed the weekly earnings at follow-up from the total earnings reported for all job
spells occurring between the months of termination and follow-up, inclusive.*” For enrollees
employed by more than one employer at termination, I computed the wage at termination
from the spell with the highest wage.*®

Right-hand side variables. The agency conditions its expectations of outcomes on the
enrollee’s attributes and the state of the labor market. Thus, in addition to the enrollee’s
characteristics, the right hand side of each regression contains the local unemployment rate
at the month of random assignment, the fraction of the local population employed in the year
of random assignment, and the fraction of the local population working in the service sector
in the year of random assignment. Enrollee characteristics used in these regressions are the
same as those listed in Table 4 (Table A.1 defines the variables).?” These variables enter each
regression alone and interact with two training assignment dummies (for on-the-job training
and job search assistance—classroom training is the omitted training assignment).?

To estimate the relationship between an activity choice, 7, and the performance out-
comes, | estimate five models separately on the same data. The dependent variables in these
models were employment status at termination (FRT') and follow-up (FRF'), the wage at
termination (AWT'), the number of weeks worked in the ninety days following termination
(AWWEF), and labor market earnings in the ninety days following termination (AW EF).
The kth model is S¥ = F(X 4" + X5 ;0 + Xiv%s4). The set of five measures include
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both continuous measures, like wages and earnings, and binary ones, like employment status
at termination. For the continuous regressors, F' is linear and ~*, % .. and %, are
estimated using least squares. For the binary regressors, F'(-) is the logistic distribution,
and the coefficients are estimated using maximum likelihood. From %, 45,7, and 494,
and individual characteristics, predicted performance outcomes for each measure under each
activity are formulated for each individual.
FEarnings impact

Both treatments and controls are used to estimate earnings impacts. To produce activity-

specific estimates of earnings impact, the following regression model is estimated.
(7) Y; =00 + 1; X6 + T; diogr Xiboyr + Tidijsa Xidjsa + v

where Y is the the cumulated labor market earnings for the 18 months after random assign-
ment; 7; is an indicator variable equal to one if ¢ is assigned to training; d;o jr is an indicator
variable equal to one if 7 is assigned to on-the-job training; d;;s4 is an indicator variable
equal to one if 7 is assigned to job search assistance; X; is a vector of individual, training
and labor market characteristics; and v; is a normal i.i.d. error term. (7) is estimated using
least squares.5!

Conditional on i’s characteristics, the total impact of training on the earnings (A) is

equal to (suppressing the ¢ subscript)

E(A| X,d) = E(Y|T=1, X,d)— E(Y|T =0, X)
= Xé+dojyr Xdojr+djsa Xdjsa

Conditional on ’s characteristics, estimates of the total impact of training on the earn-
ings for classroom training, on-the-job training, and job search assistance are X ) , X 5+
XSO]T, and X6 + XSJSA, respectively.

The results of the first stage estimates are available from the author upon request.

Appendix 2: Likelihood function for second stage

For each enrollee, the agency chooses activity that yields the highest net utility, where
the net utility of a choice T7—there are three possible training choices here—is (equation 2
from the text)

(8) UiT = 97'0 + RZOT + AiTHA + SiTDiTrA + SZT(I - Dz>7TN + Uiz, T = 17 27 and 37

where all variables are defined as in the text. Because we do not observe outcomes in choices

not taken, Aif and S'Z-T are estimated. They are replaced by AZ-T and S’Z-T. The kth element of
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A

Sir S*f:T, is an estimate of the agency’s expectation of outcome k for individual ¢ in training

activity 7. It is a function of the estimated vector of parameters, ‘ylj computed from the first
stage estimation. Note that £ = 1,...,5 and predicted outcomes are estimated for AW EF,

AWT, AWWF, ERF, and ERT. A,, is a function of a parameter vector, 9;.

The optimal training choice is the choice that maximizes net utility

9) T = argmax{UiT}izl.
1 -0
R, 0,
Let Z,;, = A cand B, = | 6n |. The probability that activity 1 will be
S +D; A
S‘Z-T(I - D)) TN

chosen, conditional on Z; is

P1(Z;) = Pr{l=argmaxU; | Z;}

’ r=1,2,3

= Pr(uip < ZaBy — Zi235 + uin) X
Pr(ws < ZnBy — Zi3Bs + uin)
( (Z3181—Z33B3)touy €1 )

(Z3181—Zi2B2)tou €1 )
Tug

_ / / e (0, 1)d62/ $(0,1)desp(0, 1)de,
_ / ( ZiB1 — Ziofa) + 0y €1 0, 1) & ((Zilﬁl — Zisf3) + oy €1 0, 1) (0, 1)de,

Ouy Ouys

I have assumed that u;q, u;o, and u;3 are independent draws from normal distributions with
zero mean and variance o, , 7 = 1,2, and 3. Thus the above model is a multinomial probit
and ¢(ay,ay) and P(as;aq,ay) are the density and distribution functions for the normal and
ay, as, and az are the associated mean, variance, and limit of integration. The probabilities
of choosing activity 2 and 3 are calculated similarly. The contribution of the ith individual

to the single likelihood is

E —szr z ’LT?

where d;; = 1 if 7 is chosen, and zero otherwise. Assuming independent sampling across
persons, the full likelihood is obtained by producting £; across persons. I make the following
normalizations to achieve identification: 02 = o2 = o2 = constant (1, in this case), and

u3
97-0 =0 for 7 = 1.52
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TABLEA.1
Definitions of Variables Used in Analysis

Variable Definition

Race Whether participant black, hispanic, or other. ‘*White" is the omitted category in the
regressions.

Age Whether at application, the participants reported they were aged 30 to 39, 40 to 49, 50
to 54, or over 54.

Sex Whether respondent female.

Own children < age

6 a home

Marital Status
Receiving AFDC
Receiving Food Stamps
Receiving General
Assistance

WEelfare recipient

Highest grade completed

Last year's earnings

Employment status

Whether the participant has a child who is less than 6 years of age, and living in the par-

ticipant’s household.

Whether respondent single, or divorced, widowed or separated.'Married" is the

omitted category in the regressions.

Participant’s household at time of application is receiving Aid to Families with
Dependent Children (AFDC).

Participant’s household at time of application is receiving Food Stamps.

Participant or a member of participant’s family who lives with the participant at time of
application is receiving Genera Assistance, Home Relief or any other welfare other than
AFDC and Food Stamps.

Participant who is classified as either an AFDC or General Assistance recipient

or both.

Whether at application, participant’s highest grade completed was less than the 10th
grade, the 10th or 11th grade, 1-3 more years than high school, or 4 or more years
than high school. The omitted category in the regressions is 12th grade.

Whether participant’s labor market earnings before taxes and other

deductions in 12 months preceding application was less than $3,000, $3,000-$6,000,
$9,000-$12,000, $12,000-$15,000, or greater than $15,000. The omitted category in
the regressions is $6,000-$9,000 of earnings in the year prior to application.

Whether the last date of employment was less than 2 months, 3-5 months, 6-8
months, 9-11 months, or greater than 12 months before application, or never employed.

The omitted category in the regressions is ‘‘employed at application”.

(Continued)
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TABLE A.1 (Continued)
Definitions of Variables Used in Analysis

Variable

Definition

Unemployment rate at RA

Wage and sdlary
employment ratio at RA

Service industry share
of employment at RA

Fraction of the labor force looking and unable to find work in month of random
assignment. Constructed for county and metropolitan area of training center

service area using data from the U.S. Department of Labor publication ‘‘Labor
Force, Employment and Unemployment Estimates for States, Labor Market Areas,
Counties and Selected Cities" for the years 1987 to 1989. Where service areas
include more than one county or metropolitan area, rates are weighted by population
(population data taken from U.S. Department of Commerce Regional Economic
Information System (REIS) data).

Total wage and salary employment divided by total employed population in year of
random assignment. Constructed for county and metropolitan area of training center
service area using U.S. Department of Commerce Regional Economic Information
System (REIS) data.

Total persons employed in service sector divided by total population in year of
random assignment. Constructed for county and metropolitan area of training center
service area using U.S. Department of Commerce Regional Economic Information
System (REIS) data.

All characteristics used in regression analyses are the experimental participant’s characteristics on the date of appli-

cation.
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TABLEA.2
Estimated Utility Weights on Performance Outcomes from Model 4, Table 5

Variable E Coef. Est. (t stat.[)
1. dAwT AWT S -117 (8.775)
2. (1-dAWT) AWT E 044 (.346)
3. [(1-WELF)+WELF-(1-dWERT)] d°E dERT ERT E -.078 (.387)
4. [(1-WELF)+WELF-(1-dWERT)] (1-d°F) dERT ERT S -1.392 (2.945)
5. WELF-dWERT dCE dERT ERT E 273 (1.123)
6. WELF-dWERT (1-d°E) dERT ERT E -2.730 (3.248)
7. dCE CE o -332 (16515
8. (1-dF) CE 5 -330 (6.256)
9. [(1-WELF)+WELF-(1-d"ERF)] dERF ERF E 937 (5.311)
10.  [(1-WELF)+WELF-(1-dWERR)] (1-dERF) ERF E -439 (2.198)
11. WELF-dWERF dERF ERF E 1.057 (1.932)
12. gAWEF AWEF E 566 (10.427)
13. (1-dAWEF) AWEF g 629 (17.739)
14. dAWWF AWWF E 022 (1.152)
15. (1-dAWWF) AWWF H -154 (13.388)
Notes:

1. The estimated coefficients reported in Panel A and C of Table 5, and in this table together comprise the entirety of
Modéd 4.

2. Explanation of variables:

d“=1 if performance measure K is rewarded on the applicant's random assignment date, d“=0, otherwise, for
k=AWT,ERT,ERF,AWEF,AWWF,CE , WERT, and WERF.

AWT, ERT, ERF, AWEF, AWWF, CE describe the applicant’s predicted performance in the performance categories
conditional on their characteristics, local economic characteristics, and the training category (Table 1 defines these).

WELF=1 if the applicant is a welfare recipient, WELF=0, otherwise.
3. All applicants enrolled under incentive policies which rewarded ERT (i.e., the cell dERT=0 is empty).

4. All incentive policies that rewarded WERF, rewarded ERF also (i.e., the cell (1-dERF)dWERF=1 is empty).
5. Table 5's column (4) is created by contrasting the above coefficients as follows:

CActivated  Performance Line numbers from Subst. coefficients Result appearing
[Jmeasure outcome above table from above table in Table 5 0
ERF ERF 9) - (100 = 937 + 439 = 1.375 O
DAWT AWT (2) - 2 = -117 - 044 = -.161 0
CAWEF AWEF (12) - ) = .566 - 629 = -.063 0
DAWWF AWWF (24 - (15 = .022 + A54 = 176 0
CE CE (7) - ‘| = -.332 + 380 = .048 O
CE ERT 3) - 4 = -.078 + 13922 = 1.315 0
CE WERT (5) - ) = 273 + 2730 = 3.003 0
OWERT WERT (5) - B = 273 + 078 = .351 0
OWERF WERF (12) - 9 = 1.057 - 937 = .120 0
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