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MEASURING THE EFFECT OF SUBSIDIZED TRAINING
PROGRAMS ON MOVEMENTS IN AND OUT OF EMPLOYMENT

By DAVID CARD AND DANIEL SULLIVAN!

Despite over two decades of U.S. experience in operating large scale subsidized training
programs for low income and unemployed workers, the effects of these programs are still
highly controversial. The controversy arises from the difficulty of specifying the model of
participant outcomes in the absence of training that is necessary in any nonexperimental
program evaluation. In this paper we suggest that some of these difficulties may be
overcome by focusing on a very simple measure of outcomes: namely, the probability of
employment. We present a variety of estimates of the effect of training on the probability
of employment for the 1976 cohort of adult male participants in the Comprehensive
Employment and Training Act (CETA) program. Our methods range from a simple
comparison of pre- and post-training employment probabilities between trainees and
nonparticipants, to a fully specified first-order Markov model of employment probabilities
with individual heterogeneity. There is consistent evidence across methods that CETA
participation increased the probability of employment in the three years after training by
from 2 to 5 percentage points. Classroom training programs appear to have had signifi-
cantly larger effects than on-the-job programs, although the estimated effects of both kinds
of programs are positive. We also find that movements in and out of employment for
trainees and nonparticipants are reasonably well described by a first-order process,
conditional on individual heterogeneity. In the context of this model, CETA participation
appears to have increased both the probability of moving into employment, and the
probability of continuing employment.

KEYWORDS: Program evaluation, selection bias, employment probability, Markov model,
individual heterogeneity.

DURING THE PAST TWO DECADES the U.S. government has sponsored a series of
large-scale subsidized training programs for unemployed and low-income
workers.? The precise impact of these programs, however, remains a source of
continuing controversy. At issue are the effects of training on the earnings of
participants. The measurement of training effects in the absence of classical
random assignment into treatment and control groups has proved exceedingly
difficult, in part because of the difficulty of modelling the process of selection into
training, and in part because of the difficulty of specifying a model of earnings in
the absence of training or selection effects.’

1We are grateful to Angus Deaton, John Ham, Robert LaLonde, and seminar participants at
Columbia University, Princeton University, and the National Bureau of Economic Research for
comments on earlier drafts.

2These programs were initiated by the Manpower Development and Training Act of 1962,
modified and expanded by the Comprehensive Employment and Training Act of 1973, and recently
restructured by the Job Partnership Training Act of 1982.

3Many of these difficulties were pointed out by Ashenfelter (1975). The reliability of various
econometric techniques for program evaluation has been studied by LaLonde (1986), who applies
nonexperimental estimators to data from the National Supported Work Demonstration. Comparing
the nonexperimental program estimates to the experimentally determined training effect, LaLonde
finds that the nonexperimental methods are sensitive to specification, and that conventional specifica-
tion tests do not always provide a clear basis to choose between the diverse nonexperimental
estimates.
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498 DAVID CARD AND DANIEL SULLIVAN

For any training program, the effect on participant earnings can be decom-
posed into an effect on the probability of employment, and an effect on the level
of earnings, conditional on employment. In this paper, we provide estimates of
the former effect for adult male participants in the 1976 Comprehensive Employ-
ment and Training Act (CETA) programs. Our motivation for focussing on the
employment probabilities is threefold. First, the data that we employ are nonex-
perimental. In a nonexperimental setting it is imperative to have an adequate
model of the process generating the data. Past attempts to directly specify models
for the level of earnings, however, have not been entirely successful. When, as in
Ashenfelter and Card (1985), goodness-of-fit tests are available, the models are
usually rejected. Moreover, the administrative earnings records that form the
basis for our analysis exhibit a variety of features not easily incorporated in the
simple variance components and time series models used in the literature. Many
individuals in our sample report spells of zero earnings, while the earnings
records for a significant fraction of the sample are censored. Indeed, it is our
belief that the simplest way to specify an acceptable model of these data may be
to combine the kind of employment probability models presented in this paper
with some relatively simple model for the level of earnings conditional on
employment.*

Secondly, we believe that it may be easier to model the effects of training on
the employment probabilities of the trainees than on the level of their earnings.
We focus on two distinct training effects on post-training employment probabili-
ties. The first is an effect on the labor market status of trainees at the completion
of training. To the extent that subsequent employment probabilities are affected
by this status, training provides a one-time shift in the pattern of post-training
employment probabilities. The second is an effect of training on the probability
that trainees remain employed, or move from unemployment to employment. By
modelling these two effects separately, we can provide a more complete descrip-
tion of the overall training effect.

Finally, there is evidence from a randomized trial evaluation of one recent
training program that most of the measured training effect in that program
resulted from increases in the post-training employment rates of the trainees.’
Thus our analysis of employment probabilities for CETA trainees can be ex-
pected to capture a significant fraction of the total effect of training.

Our empirical analysis uses Social Security Administration records on annual
earnings from 1970 to 1979 for a sample of trainees who entered the CETA
program in 1976, and a comparison group of nontrainees drawn from the March
1976 Current Population Survey. As is usual in any nonexperiment evaluation,
the analysis of training effects on employment probabilities is made more difficult

4The idea of separating out the effects of training on the probability of employment and the level
of earnings, conditional on employment, was suggested to us by Lars Muus. An earlier analysis of
training effects on employment probabilities is presented by Kaitz (1979).

5>This conclusion emerges from experimentally determined training effects for participants in the
National Supported Work Demonstration, and was pointed out to us in personal communication
from Robert LaLonde.
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by the fact that trainees are a nonrandom sample of the population. We use a
variety of techniques to control for differences between the trainees and controls.
In the first section of the paper, we perform a simple comparison between the
pre- and post-training employment probabilities of the trainees and the controls.
If the probability of remaining employed from one year to the next (the retention
probability) and the probability of moving from unemployment to employment
(the accession probability) are the same for a given individual, then a simple
comparison of relative changes in employment probabilities among the trainees
and controls provides a consistent estimate of the training effect in the context of
a linear probability model. With state dependence or with nonlinear probability
specifications, this technique will not necessarily eliminate permanent differences
between trainees and controls. Methods are presented in the third section of the
paper to handle both problems.

Before presenting these methods, however, we consider some estimates of the
training effect obtained by conditioning on the entire pre-training employment
history. That is, we compare the post-training employment outcomes of trainees
and controls with exactly the same pre-training history. Overall estimates are
obtained by weighting the results for the individual histories by the trainee
sample fractions. This simple technique also highlights many of the difficulties
involved in using observational data to evaluate the effects of training.

In the third section we explore a number of relatively parsimonious models for
the employment histories of the trainees and controls. These all express the log
odds of employment in terms of year, individual, state, and training effects. The
discrete nature of the data allows for simple goodness-of-fit tests that indicate the
relative success of alternative models. In modelling the effects of training, we
allow for separate effects on the accession and retention rates of trainees. We also
allow for a one-time impact of training on the probability of employment in the
year after training. A distinction between the one-time effect and the permanent
effect of training is important because, we argue, there are potentially important
biases that affect the former but not the latter.

We initially treat the individual-specific variables as fixed effects. The resulting
incidental parameter problem renders conventional maximum likelihood esti-
mates inconsistent. For the simplest model of employment probabilities with no
state dependence, this problem can be overcome by maximizing a conditional
version of the likelihood, as suggested by Raasch (1960) and Chamberlain (1980).
Unfortunately, this technique cannot be extended to the more complex models of
state-dependence which we believe are necessary to describe the data. We turn
instead to a random effects specification. Rather than specify some simple
parametric form for the unobserved heterogeneity, however, we treat the distribu-
tion of the individual effects as discrete. Our method is similar to and is
motivated by Heckman and Singer’s (1984) implementation of the technique of
nonparametric maximum likelihood.

The results obtained in the first and second sections suggest that CETA
participation had a small but significantly positive impact on the post-training
employment probabilities of the trainees. The more sophisticated methodology
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employed in Section 3, on the other hand, points to somewhat larger increases in
trainee employment rates. Irrespective of the methodology employed, we find
that the estimated effects are larger for classroom trainees than for other CETA
participants. The results also suggest that movements in and out of employment
are reasonably well described by a first-order Markov process, conditional on
individual heterogeneity. Judging by their fit to the data, relatively simple models
of the distribution of individual effects are quite successful in describing the
employment histories of both trainees and controls.

1. DATA DESCRIPTION AND COMPARISONS OF CHANGES IN
EMPLOYMENT PROBABILITIES

The CETA programs were federally-funded training and employment pro-
grams administered through some 450 city, county, and state agencies across the
U.S.® The Comprehensive Employment and Training Act provided funding for
two distinct types of programs: vocational and retraining programs for unem-
ployed or disadvantaged workers (members of households with incomes below
the federal poverty standard) administered under Title I of the Act; and
countercyclical job creation programs for recent job-losers in high unemployment
areas, administered under Titles II and VI of the Act. Participants under Title I
were mainly disadvantaged workers, and tended to have relatively lower levels of
schooling and labor market experience. A majority of these participants were
enrolled in classroom training (short-term vocational courses), on-the-job train-
ing, and “work experience” programs (subsidized public sector jobs emphasizing
work habits and skills development). Participants under Titles II and VI, on the
other hand, tended to have characteristics fairly similar to the overall population
of unemployed workers. These participants were mainly enrolled in public sector
employment programs, which, for the most part, offered little or no formal
training, and provided subsidized employment in the local public sector.

Total CETA enrollment in June 1976 was 806,000. At that time, roughly 20
percent of participants were enrolled in classroom training, 25 percent in work
experience programs, and 35 percent in public sector employment programs. The
costs of the CETA program to the Federal government in 1976 were $882 per
participant in the Title I programs, and $3049 per participant in Title II and VI
programs.’

Table I contains information on the characteristics and employment histories
of our sample of 1976 CETA trainees, as well as a comparison sample of
individuals in the March 1976 Current Population Survey (CPS). The trainee data
are drawn from the Continuous Longitudinal Manpower Survey (CLMS). The
comparison sample represents a merged file of CPS records with longitudinal
earnings information from the Social Security Administration. A more detailed
description of the data sources is provided in the Data Appendix.

SAn overview of the CETA programs in place during 1976 is presented in Employment and
Training Report of the President (1976, pp. 87-103).

"Data on enrollments and costs of the CETA programs in 1976 are summarized in Employment
and Training Report of the President (1977), Tables F-2 and F-3, pp. 262-263.
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TABLE I
DEMOGRAPHIC CHARACTERISTICS AND EMPLOYMENT RATES: TRAINEES AND CONTROLS

Classroom Nonclassroom Eligible Control
Trainees® Trainees® Trainees® cps¢ Sample®
) ) 3) (4) (5)

Demographic Characteristics:
1. Agein 1976 30.8 29.1 313 38.9 324
2. Education 11.5 11.1 11.6 12.0 12.8
3. Fraction Married in 1976 .50 .48 51 .83 .78
Employment Rates:*
4. 1970 .81 77 .83 .89 .88
5. 1971 .83 .82 .83 .89 .89
6. 1972 .87 .85 .88 .90 .90
7. 1973 .88 .86 .89 91 91
8. 1974 .87 .82 .88 91 .92
9. 1975 .81 .81 .81 .90 91
10. 1976 93 .86 .94 .90 .90
11. 1977 .87 .86 .87 .88 .90
12. 1978 .83 .85 .82 .84 .87
13. 1979 .78 .79 77 .76 .80
Sample Size 2153 481 1672 15245 4207

2Male CETA trainees 21 years of age or older who entered and completed training in 1976.

® Trainees enrolled in classroom training programs.

©Trainees enrolled in on-the-job training and public sector employment programs.

dMales 21 years of age and older in the March 1976 Current Population Survey, who were in the labor force during the
survey week and reported individual and household incomes in 1975 less than $20,000 and $30,000, respectively.

¢Stratified random sample of eligible CPS, drawn to have the same distribution of potential experience (age minus
education) as the trainees.

fProportion of sample reporting positive Social Security earnings.

In this paper we focus exclusively on the effects of CETA participation on
adult male trainees. The sample described in the first column of Table I
represents male CETA participants who were 21 years of age or older at
enrollment, and who entered and left the program in 1976.% The “employment
rates” in rows 4-13 of the Table give the fraction of the sample reporting
nonzero social security earnings in each year from 1970 to 1979.° Unfortunately,
we have no way of knowing whether an observation of zero earnings in this data
represents a year-long spell of unemployment, withdrawal from the labor force,
employment in the untaxed sector of the economy, or missing data.!® This is a

8Not all CETA participants actually completed their assigned training program. From the CLMS
data we know only the data of enrollment, the date of program termination, and the kind of program
into which the participant was enrolled. Evidence from administrative records on end-of-program
placements ( Employment and Training Report of the President (1977, p. 43) suggests that 5-10 percent
of participants moved to unsubsidized employment after only “intake, assessment and /or job referral
services from CETA.” Another 30-40 percent dropped out of training.

9Social Security earnings refer to earnings for which the individual (and his employer) paid Social
Security taxes.

0According to the Social Security Administration approximately 89.1 percent of wage and salary
and self-employed workers in 1970 were covered by Old-Age, Survivors, and Disability Insurance
(OASDI), and presumably reported Social Security earnings (Social Security Bulletin Annual Statisti-
cal Supplement, 1983, p. 61). This percentage was 89.3 in 1975, 89.3 in 1977, and 89.8 in 1979. The
major group of untaxed employees work in state and local governments.
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major limitation of the Social Security earnings records, which nonetheless
represents the only source of times-series earnings information for CETA par-
ticipants.

The second and third columns of Table I present the characteristics of two
distinct groups of trainees: participants in classroom training programs, and
other trainees.!! Classroom trainees were slightly younger than other participants
and had slightly worse employment records prior to training. After training,
however, the classroom trainees appear to have fared as well as or better than
other participants.

For comparison with these trainee samples, the fourth column of Table I
presents demographic characteristics and employment histories for a sample of
adult males in the March 1976 Current Population Survey. This sample, which
we designate the “eligible” CPS sample, includes only those adult males who
were in the labor force during the week of the Current Population Survey and
who reported individual and household incomes for 1975 of less than $20,000
and $30,000 respectively.!? Evidently, CETA trainees differ from other members
of the population in terms of age, education, marital status, and employment
history. Since the trainees are younger, however, a larger fraction of the trainee
group may have been out of the labor force in the pre-training period. To control
for this important difference in years of labor force attachment, we have drawn a
stratified random sample of the CPS with the same distribution of potential labor
market experience (age minus education) as the trainees.!> The characteristics of
this sample, which we designate as the “control sample,” are displayed in the fifth
column of Table I.

From 1970 to 1977 the fraction of the eligible and control samples with
nonzero Social Security earnings was approximately constant and equal to the
fraction of paid workers in the economy covered by the Social Security system. In
1978 and 1979, however, this fraction fell sharply. A similar decline occurred
among both groups of trainees. We believe that this measured decline is due to
long delays in filing and recording Social Security earnings.!* In the empirical
analysis reported below we control for reporting delay and other sources of

'Nonclassroom trainees include participants in on-the-job training programs, work experience
programs, and public-sector employment programs. The classroom trainees were mainly (over 95
percent) funded under Title I of CETA. The nonclassroom trainees were mainly (63 percent) funded
under Titles IT and VI of CETA.

12This comparison sample was provided to us by SRI International and was used by Dickinson,
Johnson, and West (1984) and Ashenfelter and Card (1985) to analyze the 1976 cohort of CETA
trainees. The restrictions on labor force status and individual and household income eliminate
apqroximately 21 percent of the overall CPS sample of adult males.

3The trainee and eligible CPS samples were divided into 26 potential experience categories:
0,1,2,...,14 years; 15-16 years; 17-18 years; 19-20 years; 21-22 years; 23-24 years; 25-27 years;
28-30 years; 31-34 years; 35-38 years; 39-43 years; and 44 or more years. The experience
distributions of trainees and eligible CPS members were computed, and then the control sample was
drawn from the eligible CPS sample by random sampling within experience strata so as to generate
the largest possible control sample with the same distribution of potential experience as the trainee
sample.

l‘P’I‘he earnings information for both trainees and controls was updated in October 1983 and
represents the most recent publicly available data.
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TABLE II
AVERAGE EMPLOYMENT PROBABILITIES: TRAINEES VERSUS CONTROLS

(Standard Errors in Parentheses)

Classroom Nonclassroom

Controls Trainees Trainees Trainees

1. Average 1970-74 .900 .853 .821 .862
(.004) (.006) (.013) (.006)

2. Average 1970-75 901 .846 .819 .854
(.003) (.005) (.012) (.006)

3. Average 1977-79 .855 826 .833 823
(.004) (.006) (.014) (.007)

4. Difference: —.046 —-.021 .014 —-.031
1977-79 less 1970-75 (.004) (.007) (.016) (.008)

5. Difference: —.045 -.027 011 —.039
1977-79 less 1970-74 (.004) (.008) (.017) (.009)

6. Difference Relative to Controls: — .025 .060 .015
1977-79 less 1970-75 (.008) (.017) (.009)

7. Difference Relative to Controls: — 018 .056 .006
1977-79 less 1970-74 (.009) (.017) (.009)

NOTE: See notes to Table I. Standard errors are based on sample variances of the averages and
differences reported in each row.

year-to-year variation in the fraction of nonzero earnings by a series of year
effects, which we assume to have identical effects on the employment probabili-
ties of the trainees and the controls.

Some indication of the relative changes in employment probabilities is pro-
vided in Table II, which compares pre-1976 and post-1976 probabilities for
trainees and controls. For the control group and for the trainees as a whole,
average employment probabilities fell after 1976. The drop is smaller for the
trainees, providing some evidence of a positive training effect. Comparing Col-
umns 3 and 4 of the table, it is clear that most of the improvement in the trainees’
relative position is concentrated among the classroom trainees. Nonclassroom
trainees’ employment levels follow those of the control sample rather closely.

An obvious question is whether the simple technique presented in Table 11 of
comparing relative changes in employment probabilities between trainees and
controls leads to a consistent estimate of the training effect in the presence of
unobserved differences between the two groups. Ashenfelter (1978) showed that a
similar comparison of relative changes in earnings for trainees and controls leads
to a consistent program estimate for the Jevel of earnings provided that (1) shocks
in pre-training and post-training earnings are uncorrelated with their own lagged
values and with the decision to participate in training and (2) the unobserved
individual effects enter linearly into the earnings equation.

The equivalent formulation of employment probabilities expresses P;,, the
probability that individual i is employed in period ¢, as a simple linear compo-
nents-of-variance structure:

(1) P,=a;+B,+6D,,
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where a; is an individual-specific component, B, is a year-specific component, D,
is an indicator for post-1976 trainee status, # is the training effect, and employ-
ment outcomes are assumed to be independent (conditional on the individual
effect) across years. Suppose further that pre-training employment outcomes are
independent of D,;, conditional on the individual effects ;. Let E;, represent an
indicator variable whose value is equal to unity if i is employed in ¢, and let E;
and E;, represent the individual-specific means of E, in the pre-training
(1970-75) and post-training (1977-79) periods, respectively. Then the expected
change in average employment rates for the trainees from the pre-training to the
post-training period is

E(Ez_EiﬂDns:l) =p*+4,

where B* represents the difference in the means of the year effects before and
after training. The expected change in employment rates for the controls, on the
other hand, is

E(Ezz - EllDi76 = O) =B
The expected “difference-in-differences” of the average pre- and post-training
employment rates for trainees and controls is

E(EiZ — E;|Dyrs = 1) - E(Ez - Ei1|Di76 = 0) =6.

1

A consistent estimate of 8 is therefore provided by the corresponding difference
in sample average changes in pre- and post-training employment rates for
trainees and controls.”> For CETA classroom participants, the difference-in-
difference estimate in row 6 of Table II is 6.0 percentage points, with a standard
error of 1.7, while the estimate for nonclassroom participants is 1.5 points, with a
standard error of 0.9.

There are a number of difficulties with the assumptions leading to the dif-
ference-in-difference estimators presented in Table II. First, experience suggests
that models that explicitly incorporate the restrictions P;, >0 and P, <1 tend to
better summarize discrete data than the linear probability model (1). For exam-
ple, models such as

(2) F‘I(P,-,)=ai+,8,+0D,-,,

where F is a logistic or Gaussian distribution function are guaranteed to produce
fitted probabilities inside the unit interval, while (1) is not. Unfortunately, the
simple differencing schemes employed here will not completely eliminate the
individual effects in a nonlinear model such as (2). In the third section of this
paper, we develop several models that incorporate a logistic specification for the
employment probabilities and that allow for individual effects.

A more fundamental difficulty is the assumption that the participation decision
is independent of pre-training outcomes. Various authors have pointed out that

15The difference-in-differences estimator is not the most efficient linear estimator of 8 in (1). Fully
efficient estimation of (1) requires a weighted least squares approach.
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pre-training earnings may be contaminated by transitory shocks that contributed
toward the decision to enter training.'® Evidence of this shows up in Table I as a
sharp decline in trainee employment rates in 1975. This evidence suggests that
1975 employment probabilities are not independent of training status, given the
individual effects. If we maintain the structure of equation (1), and assume that
employment probabilities prior to 1975 are independent of training status, then a
consistent program estimate is obtained by forming the difference-in-differences
without 1975 data. Such estimates are shown in row 7 of Table II. For both
groups of trainees, the estimated training effects are smaller when 1975 data are
excluded. For the classroom group the new estimate is 5.7 points with a standard
error of 1.7, while for the nonclassroom trainees the estimate drops to essentially
Zero.

This procedure can also be repeated to test the independence of training status
and pre-1975 employment probabilities.!” For example, if 1974 data are omitted
from the pre-training averages, the estimated training effects change only slightly
to .058 and .004, respectively, for classroom and nonclassroom trainees. These
results suggest that 1974 employment probabilities are not significantly biased by
transitory effects that contributed toward the decision to enter training in 1976.

A final difficulty with the specification of equation (1) is the assumption that
employment probabilities are independent of previous employment outcomes. A
simple tabulation of average retention probabilities (the probability of employ-
ment conditional on employment last period) and average accession probabilities
(the probability of employment conditional on unemployment last period) shows
that these two are very different. Moreover, evidence in the third section of this
paper suggests that accession probabilities are lower than retention probabilities
for the same individual. This suggests a lack of independence in employ-
ment probabilities over time that complicates the interpretation of the simple
difference-in-differences estimators. To begin with, if there is individual-specific
heterogeneity (i.e., if the a; vary across people), then the expectation of the
average employment probability for a fixed sample of individuals in a particular
year depends on the distribution of individuals between employment and unem-
ployment in the previous year. This phenomenon is especially relevant to the
transitions immediately after training. During the training period many more
trainees than usual may be counted as employed, thereby increasing the expected
employment probabilities immediately after training for CETA participants. On
the other hand, many jobs held by CETA trainees in 1976 were automatically
terminated with the end of program participation. Thus, state dependence in
employment probabilities together with the unknown effects of program par-
ticipation on employment status in late 1976 introduce unknown biases in the
post-training employment probabilities of the trainees.

16 The phenomenon of a relative dip in pretraining earnings for participants in subsidized training
programs was first pointed out by Ashenfelter (1975) and has been confirmed by subsequent analysts,
including Kiefer (1979), Bassi (1983), and LaLonde (1986).

VA similar specification test was suggested by Ashenfelter (1978) in connection with linear
components-of-variance models of the level of earnings.
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State dependence also implies that selection bias in the program estimates
cannot be eliminated by simply dropping 1975 data, even if 1975 employment
status is the only determinant of program participation. Given a particular value
for the individual effect, and given that the probability of training is higher for
those unemployed in 1975, the probability of employment is lower for trainees in
all previous years, since unemployed workers in 1975 are more likely to have
experienced unemployment in the previous years. In Section 3, we present
estimators that allow for selection bias with state dependence as well as individ-
ual-specific heterogeneity.

2. COMPARISONS OF EXACT MATCHES

As motivation for the estimates presented in this section, observe that if
assignment to training were random, then unbiased and consistent estimates of
the effect of training could be obtained by simply comparing trainee and control
post-training employment rates. Such estimates obtained from our data would
seem most unreliable: CETA participants are obviously a nonrandom sample of
the population and we therefore suspect that they differ from the controls in ways
other than participation in training. Indeed, this suspicion can be immediately
confirmed by an examination of the pre-training data—trainees had considerably
worse employment histories prior to training than did controls.

While it clearly does not make sense to directly compare the post-training
employment rates of trainees and controls who had markedly different pre-train-
ing employment histories, comparisons of trainees and controls with exactly the
same pre-training history have a definite intuitive appeal. Such comparisons are
made in Table III. Each row of the table corresponds to a different pre-training
history. For each history we have calculated the average post-training employ-
ment rates for the controls and the trainee groups. The estimated training effect
for a given history is simply the difference of the trainee and control employment
rates. The total effect (in the last row of the Table) is calculated by weighing the
results for the individual histories by the trainee sample fractions. There are four
histories, containing a total of 12 trainees, with no observations from the control
group. For purposes of calculating average training effects we have ignored these
cells and reweighted the remaining cells accordingly.

Compared to the difference-in-difference estimates, the estimates in Table III
show a smaller effect for classroom participants (.036 with a standard error of
.013 versus .056 with a standard error of .017) and a larger effect for nonclass-
room participants (.012 with a standard error of .009 versus .006 with a standard
error of .009), although the overall training effects from the two methods are
identical. Both methods attribute the larger training effect to classroom par-
ticipants.

The overall estimates do not, however, convey all the information in Table IIL
Turning to the individual pre-training histories, it is evident that there is a great
deal of variation in the size and even the direction of the training effect. For
instance, for trainees with a 000000 employment history (corresponding to no
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TABLE III

AVERAGE POST-TRAINING EMPLOYMENT RATE® AND TRAINING EFFECT
By PRE-TRAINING EMPLOYMENT HISTORY

(Standard Errors® in Parentheses)

507

Controls Classroom Nonclassroom All Trainees
Job History N Rate? N Rate Effect® N Rate Effect N Rate Effect
000000 109 .099 13 .769 671 32 635 538 45 674 .576
(024) (084)  (.088) (076)  (.079) (059)  (.064)
000001 27 716 19 895 179 23 754 038 42 817 .101
(073) (050)  (.089) (074)  (105) (048)  (.088)
000010 3 44 2 667 222 4 917 472 6 .833 .389
(:240) (236)  (.336) (072)  (251) (104) (262
000011 21 .841 2 .833 —-.008 12  .806 —-.036 14 810 -.032
(.053) (118)  (129) (073)  (.090) (065)  (.084)
000100 7 190 2 .000 -.190 3 .333 .143 5 200 .010
(092) (000)  (.092) (272)  (.287) (179)  (.201)
000101 4 667 3 .556 -.111 0 — — 3 .556 —.111
(118) (240)  (267) (240) (267
000110 1 .667 2 .667 .000 7 5N —.095 9 593 -.074
(.000) (236)  (.236) (111)  (111) (102)  (.102)
000111 37  .865 5 1.000 135 24 819 —-.045 29 851 -.014
(.035) (000)  (.035) (055)  (.0650) (.048)  (.059)
001000 4 .333 1 .667 333 2 .000 —.333 3 222 -.111
(:204) (000)  (.204) (000)  (.204) (181)  (273)
001001 4 1.000 1 000 -1.000 1 667 —.333 2 333 —.667
(.000) (000)  (.000) (000)  (.000) (236)  (.236)
001010 0 — 0 — — 1 .000 — 1 .000 —
(.000) (.000)
001011 3 .889 0 — — 3 .889 .000 3 .889 .000
(.091) (091)  (128) (091)  (128)
001100 1 .667 1 1.000 .333 4 917 .250 5 .933 267
(.000) (000)  (.000) (072)  (072) (060)  (.060)
001101 1 1.000 1 .667 —.333 4 583 —.417 5 .600 —.400
(.000) (000)  (.000) (182)  (182) (146)  (.146)
001110 7 5N 5 .800 229 9 .630 058 14  .690 119
(.146) (179 (231) (122)  (191) (108 (179)
001111 71 958 10 .833 -.124 39 829 -.129 49 830 —.128
(.013) (108)  (.109) (047)  (.048) (043)  (.045)
010000 3 .667 0 — — 0 — — 0 — —
(157)
010001 1 1.000 0 — — 1 .333 —.667 1 333 —.667
(.000) (000)  (.000) (.000)  (.000)
010010 1 .333 0 — — 0 — — 0 — —
(.000)
010011 3 .556 1 667 111 2 1.000 444 3 .889 333
(. 240) (000)  (.240) (000)  (.240) (091)  (.257)
010100 0 1 333 — 1 333 — 2 .333 —
(.000) (:000) (:000)
010101 2 .000 0 — — 0 — — 0 — —
(:000)
010110 1 1.000 0 — — 1 1.000 .000 1 1.000 .000
(.000) (000)  (.000) (:000)  (.000)
010111 11 758 1 1.000 242 3 .889 131 4 917 159
(114) (000)  (114) (091)  (146) (072 (135)
011000 3 333 1 1.000 .667 3778 444 4 833 .500
(272) (000)  (.272) (091)  (287) (083)  (.285)
011001 4 583 1 1.000 417 6 .889 .306 7 .905 321
(182) (000)  (.182) (064)  (.193) (057) - (.190)




508

DAVID CARD AND DANIEL SULLIVAN

TABLE III (Continued)
Controls Classroom Nonclassroom All Trainees
Job History N Rate? N Rate Effect® N Rate Effect N Rate Effect
011010 2 .333 — — 2 .667 333 2 .667 .333
(:236) (000)  (236) (000)  (.236)
011011 8 875 1 333 —.542 1 333 —.542 2 .333 —.542
(.082) (000)  (.082) (000)  (.082) (000)  (.082)
011100 0 — 2 .500 — 3 333 — 5 .400 —
(118) (157) (112)
011101 1 .000 2 167 167 7 810 .810 9  .667 .667
(.000) (118)  (118) (092)  (.092) (117)  (117)
011110 8 292 9 778 486 13 615 324 22 682 392
(124) 117) (17 (.088)  (.152) (073) (144
011111 149 888 26 .872 -016 76 .860 —.028 102 .863 —.025
(.019) (052)  (.055) (031)  (.037) (027)  (.033)
100000 32 146 2 .667 521 9 .63 484 11 .636 491
(.044) (000)  (.044) (122)  (130) (100)  (.109)
100001 6 .833 1 .667 —.167 4 750 —.083 5 733 —.100
(.104) (000)  (.104) (138)  (173) (112)  (23%)
100010 1 333 1 .333 .000 0 — — 1 333 .000
(.000) (000)  (.000) (:000)  (.000)
100011 5 .800 2 333 —.467 3 .667 —.133 5 .533 —.267
(119) (236)  (264) (272) (297 (202)  (235)
100100 0 — 0 — — 4 .333 — 4 333 —
(118) (118)
100101 1 333 0 — — 4 917 .583 4 917 .583
(.000) (072) (072 (072)  (072)
100110 6 .500 1 1.000 .500 3 .333 -.167 4 500 .000
(:204) (000)  (.204) (157)  (.258) (186)  (.276)
100111 24 875 1 000 -—-.875 19 .789 —.086 20 .750 —.125
(.047) (000)  (.047) (071)  (.085) (078)  (.091)
101000 3 .718 0 — — 1 333 —.444 1 333 —.444
(.091) (000)  (.091) (000)  (.091)
101001 1 1.000 1 .000 -1.000 1 333 —.667 2 167 —.833
(.000) (000)  (.000) (000)  (.000) (118)  (118)
101010 1 1.000 0 — — 1 333 —.667 1 333 —.667
(.000) (:000)  (.000) (:000)  (.000)
101011 1 .667 0 — — 6 .722 .056 6 .722 .056
(.000) (165)  (.165) (165)  (.165)
101100 1 .000 0 — — 4 750 750 4 750 750
(.000) (138)  (.138) (138)  (138)
101101 1 .667 1 1.000 333 5 4 —.267 6 .500 -.167
(.000) (000)  (.000) (174 (174) (171 (171)
101110 5 733 3 333 —.400 11  .667 —.068 14 595 —.138
(112) (272)  (294) (113)  (159) (113)  (158)
101111 67 .866 11  .970 104 33 .859 —.007 44 886 .021
(.032) (029)  (.043) (.038)  (.050) (030)  (.044)
110000 21 .190 2 .000 -.190 9  .667 475 11 545 355
(.073) (000)  (.073) (105)  (128) (115)  (137)
110001 9 741 1 .667 -.074 3 .778 .037 4 750 .009
(.136) (000)  (.136) (091) (164 (072) (154
110010 2 167 1 1.000 .833 2 167 .000 3 444 278
(.118) (000)  (.118) (118)  (.168) (240)  (.267)
110011 17 .804 2 1.000 .196 8§ .833 .029 10 .867 .063
(.088) (000)  (.088) (059)  (.106) (052)  (.102)
110100 4 583 1 .000 -—.583 1 333 —.250 2 167 —.417
(.072) (000)  (072) (000)  (.072) (117)  (138)
110101 5 .800 0 —— — 3 .889 .089 3 .889 .089
(.073) (091)  (117) (091)  (117)
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TABLE III (Continued )

Controls Classroom Nonclassroom All Trainees
Job History N  Rate* N Rate Effect® N Rate Effect N Rate Effect
110110 5 .600 1 1.000 .400 5 .866 267 6 .889 .289
(174) (000)  (174) (073)  (189) (064)  (.185)
110111 43 922 7 952 030 18 778 —.145 25 .827 —.096
(.033) (044)  (.055) (079)  (.085) (.060)  (.068)
111000 23 .406 5 .533 128 9 .704 298 14 .643 237
(.094) (202)  (223) (097)  (135) (098)  (.136)
111001 14 762 1 .000 —.762 9 .704 —-.058 10 .633 —.129
(.071) (000)  (.071) (110)  (131) (1200 (139)
111010 3 .556 2 333 —-.222 7 .810 254 9 .704 .148
(:240) (236) (336 (132) (274 (133)  (274)
111011 40  .892 6 .889 003 15 .867 -.025 21 873 -.019
(.034) (101) (107 (061)  (.070) (053)  (.063)
111100 36 .463 7 .524 .061 24 .694 231 31 .656 193
(.068) (148)  (163) (081)  (.106) (072)  (.099)
111101 27 802 14 .690 -.112 23 725 -.078 37 712 —.091
(.068) (079)  (.104) (064)  (.093) (050)  (.084)
111110 106 538 28 .857 319 136 .814 276 164 821 283
(.040) (054)  (.068) (027)  (.048) (024)  (.047)
111111 3200 918 267  .893 —-.026 1005 .864 —.054 1272 870 —.048
‘ (.004) (015)  (.015) (008)  (.009) (007)  (.008)
TOTAL 4207 481 .036 1663 012 2153 .018
(013) (.009) (.008)

2Average employment rate in the post-training period (1977-79).

b Difference between trainee and control rates.

°Standard errors are the maximum likelihood estimates under the assumption of random sampling from an unrestricted
multinomial for the eight possible post-training outcomes.

4 Total effect is the weighted average of the effects for the individual histories using the trainee sample fractions as weights.

Social Security earnings in the entire pre-training period) the estimated training
effects are very large. Recall, however, that zero Social Security earnings can
mean that a worker is unemployed, that he is employed in the uncovered sector,
or even that his data are missing.!®* Thus one explanation for the size of the
training effect for workers with the 000000 history is that a large fraction of the
controls with this pre-training history were actually in the uncovered sector. Most
of these workers would be expected to remain in the uncovered sector after
training, thereby depressing their measured employment rates in the post-training
period.

The estimated effects for trainees with a 111111 employment history (corre-
sponding to positive Social Security earnings in every period) are, on the other
hand, actually negative. It is quite likely, however, that many trainees in this
category suffered some setback before they elected to enter training. Trainees
who became unemployed part way through 1975, for example, are still recorded
as employed in 1975. In the absence of training such individuals would be
expected to have lower post-training employment rates than other individuals

18We believe that the extent of missing Social Security earnings data is relatively low in the period
before 1976.
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TABLE IV
ESTIMATED EMPLOYMENT RATE TRAINING EFFECTS BASED ON EXACT MATCHES

(Standard Errors in Parentheses)

All Trainees Classroom Nonclassroom
1. 1977 .026 .025 .027
(.009) (.015) (.010)
2. 1978 .0004 027 —0.007
(.010) (.016) (.011)
3. 1979 .026 .056 .018
(.011) (.018) (.012)
4. Average Post-Training .018 .036 .012
(.008) (.013) (.009)

NOTE: See notes to Table III.

with the 111111 history and the training effect for this history is therefore biased
downward.

Similar interpretations can be offered for many of the other histories. In
particular, the comments about the 000000 history also seem to apply to histories
100000, 110000, and 111000, while those for the 111111 history may also apply
to histories 011111, 001111, and 000111. In these cases and others we have reason
to suspect that there are important differences between trainees and controls with
exactly the same pre-training histories. We cannot, however, verify these suspi-
cions using the present data. For a given history, trainees and controls are
identical with respect to all measured characteristics.

One might hope that the overall training effects would be insensitive to any
individual history. Unfortunately, this is not the case. If the 000000 history is
deleted from the totals, the training effect declines substantially. For classroom
trainees it becomes .018, while for nonclassroom trainees it becomes —.006. On
the other hand, without the 111111 history, the overall effects increase to .114 for
classroom and .123 for nonclassroom participants. This sensitivity must be kept
in mind when interpreting the results of this or any observational study of
training effects.

Table IV contains separate exact match estimates of the training effect for each
post-training year. To save space only the total effects are shown.'® As can be
seen, there is substantial variation in the effect for the three post-training years.
For trainees as a whole the effects are .026 with a standard error of .009 in 1977,
.0004 with a standard error of .010 in 1978, and .026 with a standard error of .011
in 1979. The time pattern is quite different, however, among classroom and
nonclassroom trainees. While the two groups show approximately equal effects in
1977, the nonclassroom trainees drop to a negative effect in 1978 before recover-

19The pattern of training effects across histories for individual years is similar to that of the
averages shown in Table III. For instance, the effects for the 000000 history are always large and
positive and the effects for the 111111 history are always negative or insignificantly different from
zero.
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TABLE V
ESTIMATED TRANSITION RATE TRAINING EFFECTS BASED ON EXACT MATCHES

(Standard Errors in Parentheses)

All Trainees Classroom Nonclassroom
1977-78:
1. Retentions —.018 -.019 —.024
(.010) (.015) (.011)
2. Accessions .033 .031 .025
(.044) (.067) (.046)
1978-79:
3. Retentions .023 .098 —-.015
(.011) (.017) (.012)
4. Accessions -.014 —.081 —.012
(.034) (.062) (.036)
Pooled 1977-78, 1978-79:
5. Retentions .006 .002 —.0005
(.008) (.012) (.008)
6. Accessions .003 .040 —.009
(.029) (.055) (.031)

NOTE: See text for discussion. Estimates are maximum likelihood for the unrestricted multi-
nomial model for post-training outcomes. Estimated standard errors are obtained by the delta
method.

ing somewhat in 1979. The classroom trainees, on the other hand, show a
marginal increase in the training effect in 1978 and relatively substantial 5.6
percentage point training effect in 1979.

The technique of exact-match comparisons can easily be extended to measure
the separate effects of training on accession and retention rates. By using only
post-1977 transitions, we can also control for any one-time effects of training on
employment status in the year immediately after training. Exact-match compari-
sons of transition probabilities for trainees and controls are presented in Table V.
The training effect reported for the 1977-78 retention rate, for example, com-
pares the retention rates between 1977 and 1978 for trainees and controls with
identical pretraining histories. The differences in retention rates for each pretrain-
ing history are then weighted by the fraction of trainees with each history to
arrive at an average estimated training effect.

Formally, let p(110|h;) represent the probability of the sequence of post-train-
ing employment indicators “110” (i.e., employed in 1977, employed in 1978,
unemployed in 1979) conditional on the jth history of pre-training employment
indicators. Then the retention rate between 1977 and 1978 for the jth history is
the probability

p(110]k;) + p(1111h,)
(1101h;) + p(111k;) + p(100]k;) + p(101|h,)

1,(77,78) =
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An estimate of r,(77,78) can be obtained from estimates of the sample probabili-
ties of the various post-training outcomes. The difference in the weighted aver-
ages of these estimated retention rates between trainees and controls (weighted
by the sample fraction of trainees with the jth history) represents the estimated
training effect for the 197778 retention rate.”° Standard errors are obtained for
the average retention and accession rates from the estimated standard errors for
the retention and accession rates for each pretraining history. These, in turn, are
estimated by the delta method using the sampling variability of the estimated
probabilities of the post-training outcomes, conditional on the pretraining his-
tory.?

An estimate of the average post-training retention rate for the jth pretraining
history is obtained by forming a weighted average of r,(77,78) and r,(78,79). The
weights are simply the relative fractions of individuals with the jth pretraining
history who were at risk of remaining employed between 1977-78, and 1978-79,
respectively. The weighted average retention rate is therefore

p(110|r,) +2p(111|h,) + p(011],)

[2p(1101k,) +2p(111]k,) + p(100|A,)
+p(101]h,) + p(011|4;) + p (01014, )]

rj=

where each of the probabilities is conditioned on the jth pretraining history.

An estimate of the average training effect on post-training retention rates is
obtained by forming a weighted average of the differences between average
retention rates of trainees and controls with each pretraining history. Standard
errors for the average training effect can be obtained from standard errors for the
estimates of the average retention rates for each pretraining history, which in turn
are constructed by the delta method from the sampling variability of the
estimated probabilities of the various post-training outcomes.??

For all three groups of trainees the estimated training effects obtained by
pooling the 1977-78 and 1978-79 transitions are smaller than their standard
errors. The training effects for the individual years are somewhat poorly de-
termined and tend to change signs between 1977-78 and 1978-79. The classroom
trainees show a large positive training effect for the 1978—79 retention rate and a
large but imprecisely estimated negative training effect for the 1978-79 accession

20A difficulty can arise with this estimator if there are no observations in the control group from
which to estimate an accession or retention rate that is actually observed in the trainee sample. When
this occurred in our samples we ignored the trainee data and reweighted the trainees with available
match-groups accordingly.

21 The estimated standard errors for the accession rates are considerably larger than those for the
retention rates. This is due to the smaller sample sizes for measuring these rates—in any given year
more than half the population shows positive Social Security earnings. The problem is compounded
by the use of the trainee sample fractions as weights for the computation of the overall effect. Those
histories which had relatively more potential accessions in the post-training period tended to be the
ones that received small weights.

22Estimates of the average post-training accession rates and the corresponding training effects are
obtained by similar calculations.
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rate. Overall, these results suggest that the main effect of training may have
worked through the accession rate of the classroom trainees. This finding is
confirmed by a naive difference-in-differences of post-training and pre-training
transition rates between trainees and controls.> Such an analysis shows a sharp
decrease in accession rates for the controls between the pre-training and post-
training period (from an average of .36 over the 1970-74 period to an average of
.25 in the 1977-79 period) with no corresponding drop for the classroom trainees
(an average accession rate of .35 in both periods).

The strategy of these exact match procedures is somewhat different from that
of the other methods presented in this paper. Rather than specifying a distribu-
tion of employment outcomes in terms of unobservable individual effects, the
exact match procedure specifies the most general possible model of post-training
outcomes in terms of the observable data (pre-training outcomes and training
status). In contrast to the training effect estimates derived from equations (1) or
(2), which rely on essentially arbitrary functional form assumptions, the exact
match procedure relies on the assumption that the participation decision is
independent of any unobservable determinants of the probability of employment,
conditional on the observable pretraining data.?* As Heckman and Robb (1986)
have observed, this is a strong (and in the context of the model, untestable)
assumption. In the next section we present a model of training that allows for a
limited form of dependence between the unobservable components of the prob-
ability of employment and the unobservable determinants of the decision to
participate in training.

Finally, we note two other difficulties with the exact match procedures pre-
sented here. First, exact match estimators of the training effect use many degrees
of freedom, and result in potentially inefficient estimates. Second, the exact
match methodology cannot be used when there are continuous covariates, and
would be impractical when there were many more discrete variables than we have
here. Indeed, even in the present application, the sample sizes for many of the
individual histories are too low to give useful results. Nevertheless, approximate
match methods which group similar individuals into the same cells might still
prove useful in some program evaluation settings.?

B Differences-in-differences of transition rates must be interpreted cautiously since the expected
values of the transition rates depend on the distribution of individuals between employment states in
the ?receding year, and these distributions may in turn depend on training status.

24In this regard, the exact-match procedure is analogous to methods of program evaluation for the
level of earnings that simply regression-adjust for all observable characteristics (including pre-training
earnings). Such methods are described in Goldberger (1972) and their relative performance is
considered by LaLonde (1986).

25Rosenbaum and Rubin (1985a, 1985b) have recently advocated the use of the propensity score
(the conditional probability of assignment to treatment given a vector of observed covariates) in
constructing approximate matches. Heckman and Robb (1986) discuss the limitations of this
technique and its relation to more familiar methods. LaLonde and Maynard (1987) explore the
relative success of matched comparison group estimators of the effect of training for National
Supported Work Demonstration data (where a true experimental control group is available). They
conclude that the matched comparison group methods are generally no better (and in some cases
clearly worse) than other program estimators.
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3. NONLINEAR MODELS FOR THE EFFECT OF TRAINING ON
EMPLOYMENT PROBABILITIES

In Section I we noted that when employment probabilities are modelled as
nonlinear functions of the individual effects, or when state dependence is
allowed, the simple difference-in-differences estimator is not necessarily con-
sistent for the training effect. In this section we present estimators of the training
effect that allow for these complications. Specifically, we present a logistic
regression model of the employment probabilities that includes individual effects
and state dependence effects. We also present a model of participation in training
that permits interactions between the unobservable components of the employ-
ment probabilities and the individual-specific determinants of training status.

We first present a logistic regression model that assumes independence over
time in successive employment probabilities. Although this model incorporates a
very general specification of the individual effects, it provides a relatively poor fit
to either the control group or the trainee data. We then go on to present a class of
logistic regression models that include state dependence and a random-effects
specification of individual heterogeneity. We find that these models are much
more successful in describing the employment histories of the control group. This
gives us somewhat more confidence in their application to the problem of
determining training effects from nonexperimental data.

As a starting point, consider a model for the controls that assumes indepen-
dence of successive employment probabilities and is linear in the log-odds of
employment:

(3) Logit(P,) = a,+ B,

where Logit(z) =log(z/(1 — z)) is the inverse logistic distribution function, and
P, is, as before, the probability that individual i is employed in period ¢. For a
sample of T observations on each of N individuals, this model can be estimated
by maximum likelihood, treating «; and B, as parameters. It can be shown,
however, that the resulting estimates are inconsistent as the number of individu-
als (N) tends to infinity. The problem is that the number of parameters
(N + T - 1) tends to infinity with the size of the sample.?¢

Raasch (1960), Andersen (1973), and Chamberlain (1980) show that consistent
estimates of B, can be obtained by maximizing a conditional version of the
likelihood function in which the likelihood of a given employment sequence is
calculated conditional on the total number of years of positive earnings in the
sequence. In particular, equation (3) implies that the likelihood of a sequence of
employment indicators { E;, E,,,..., E;;} for individual i, conditional on S,;=
Y.E, is:

exp (ElEilBl)
Yie D(s,) SXP (X.d,B)

(4) f(Eil’Ei2""’EiT|Si)=

26See Chamberlain (1980, p. 228) for a more complete discussion.
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where D(S,) is the set of alternative sequences of employment indicators with
exactly S, years of positive earnings.?’ Since the number of “successes” is, for
every fixed set of B’s, a sufficient statistic for «;, in the logistic regression model
(3), the conditional likelihood does not depend on «;. Consistent estimates of the
year effects may therefore be obtained by maximizing equation (4).

In the absence of individual-specific time-varying covariates in equation (3),
the right-hand side of equation (4) is constant for every individual with a given
sequence of employment indicators. Maximization of the conditional log-likeli-
hood is therefore equivalent to maximizing

T
Z Z nk,sIOng,s(B)’

s=0 keD(s)

where n, ; denotes the number of individuals with the kth employment history
in the sth sufficiency class (i.e., with the same number of years of nonzero
earnings) and IT, (B) is the predicted probability of the kth alternative within
the sth sufficiency class, as determined by (4).

An appropriate goodness-of-fit statistic for the model of equation (3) is
therefore the likelihood ratio statistic

T
2y, X nk,slog(pk,s/Hk,s(ﬁ))’

s=0 ke D(s)

where p, . represents the fraction of observations with the kth employment
history in the sth sufficiency class, and ,é is the vector of conditional maximum
likelihood estimates of the year effects.?® For the case of the 10 year employment
histories of the control sample, the degrees of freedom of the test statistic are
1024 minus the number of sufficiency classes (11) minus the number of estimated
year effects (9).%°

The value of this test statistic for the fit of equation (4) to the control group
data is reported in the first column of Table VI. Evidently, the model does a
relatively poor job of describing the distribution of employment outcomes among
the controls. Inspection of the model’s residuals suggests that a major difficulty is
the inability to predict serial correlation in the observed sequences of zeros and
ones. Except for the influence of the year effects, the model predicts that
sequences of employment indicators with the same total number of years of
employment are equally likely. As the data in Table III show, however, a serially
correlated sequence of indicators like 000111 or 111000 is far more likely than an

2TThere are (g) elements in D(S,). Note that the sequences (0,0,...,0) and (1,1,...,1) are the
only ways of getting zero and 10 successes, respectively. These sequences therefore have conditional
likelihoods of unity.

28Gee Kendall and Stuart (1973, pp. 436-437).

2We are simultaneously fitting multinomial distributions to the sets of alternative sequences
within each of the sufficiency classes. The degrees of freedom within each sufficiency class is the
number of alternatives in that class, minus one. Adding over the 11 sufficiency classes, the degrees of
freedom is 1024 minus 11 minus the number of estimated parameters.
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TABLE VI

GOODNESS-OF-FIT, ESTIMATED TRAINING EFFECTS AND IMPLIED CHANGES
IN THE PROBABILITY OF EMPLOYMENT: CONDITIONAL LOGIT MODEL?

Controls and Controls and
Controls Controls and Classroom Nonclassroom
Alone All Trainees Trainees Trainees
1. Goodness-of-fit
Control Contribution 2687.6 2697.8 2690.4 2694.5
Trainees Contribution — 1426.4 516.6 1054.9
Total 2687.6 4124.2 3206.9 3749.3
(Degrees of freedom) (1004) (1250) (1250) (1250)
2. Estimated Training
Effect (6) — .467 .860 350
(Standard error) (.097) (.164) (:104)
3. Estimated Increase in
Employment Probabilities
Due to Training®
(a) 1977 — .037 .069 .027
(b) 1978 — .043 .078 .032
(c) 1979 — .062 114 .046
(d) Average 1977-79 — .047 .087 .035

2Estimated on 1970-79 employment outcomes for the control sample and 1970-74 and 1977-79 outcomes for
the trainee samples.
bWeighted average of predicted changes in employment probabilities within sufficiency classes.

alternating sequence like 001011 or 101010.%° An obvious explanation for this
finding is that individual retention probabilities are significantly higher than
accession probabilities. Individuals who are employed or unemployed are there-
fore more likely to remain in their previous state in the next year.

Before turning to models that incorporate state dependence, however, we give
the results of extending the model of equation (3) to the trainees. The complete
model can be written as

(5) Logit(P,) =a,+ B,+ 6D,

where D,, is an indicator for post-1976 trainee status and the other variables are
the same as in (3). Following the discussion in Section I, we also assume that the
probability that an individual entered training depends on his 1975 employment
status and /or the value of his fixed effect. In the absence of state dependence,
this assumption implies that pre-1975 and post-1976 employment outcomes are
independent of the decision to enter training, conditional on «,. The model can
then be estimated by maximizing the conditional likelihood function, using
employment outcomes from 1970-74 and 1977-79 for the trainees and from
1970-79 for the controls. The likelihood for the trainees is conditional on the

30 For example, of the 112 control observations with 3 periods of employment in the first 6 years of
the data, 23 have the history 111000, 7 have the history 001110, and 37 have the history 000111. The
other 45 observations are distributed over the 17 remaining histories with 3 successes in 6 periods.
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number of periods of nonzero earnings in 8 years, while the likelihood for the
controls is conditional on the number of periods of nonzero earnings in 10 years.

Estimation results for equation (5) are presented in columns 2-4 of Table VI.
For both groups of trainees the estimated training effect is positive and statisti-
cally different from zero. The implied increases in the average post-training
employment probabilities are 8.7 and 3.5 percent for the classroom and nonclass-
room trainees, respectively. These estimates are somewhat higher than the esti-
mates from either the exact match or difference-in-differences procedures of the
previous sections. The increasing magnitude of the estimated training effects over
the post-training period is due to the sharp decrease in the estimated year effects
in 1978 and 1979. Assuming that the training effect on the log-odds of employ-
ment is constant, the effect on the probability of employment is higher, the lower
the average probability of employment (provided that the average probability is
greater than one-half). The goodness-of-fit statistics for the joint model of the
trainees and controls, however, are very unfavorable, suggesting that the esti-
mated training effects must be interpreted cautiously.

State dependence can be introduced into the employment probability model
for the controls by including a term in the lagged employment indicator E;,_;:

(6) Logit(P,)=a;+ B,+ YE,_, for t>1970.

The parameter y represents the increase in the log-odds of employment in ¢,
conditional on employment in ¢ — 1. If retention probabilities are higher than
accession probabilities then we expect y > 0. The model of equation (6) is
completed by specifying the distribution of employment probabilities in 1970.
For simplicity we assume that the probability of employment in 1970, conditional
on «;, is equal to the “steady-state” employment probability implied by equation
(6):31

A
Pil

P =———a——  t=1970,
N l_PilR+Pi;4

(7)

where P/ and PR refer to the accession and retention probabilities for i in
period ¢, respectively, as determined by equation (6).

Unfortunately, estimation of the model implied by equations (6) and (7) is not
as straightforward as estimation of the model implied by equation (3). In the
Appendix we show that in the presence of state dependence the minimal
sufficient statistic for a;, is, for all but a few exceptional values of the other
parameters, the entire data vector for individual i. Thus the conditional likeli-
hood approach cannot be extended to the logistic probability model with state

dependence.3?

31The term “steady state” is perhaps misleading because we allow an unrestricted year effect in the
1970 employment probability specification.

32 The situation is analogous to estimation of a linear model of the form y, =&, + x,,8 + vy,,_, +
e,. If y=0, then ¥, y, is a sufficient statistic for a; and the conditional likelihood approach leads to
the usual analysis of covariance (see Chamberlain (1980)). If y # 0, however, other methods are
required to obtain consistent estimates of 8.
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We turn instead to a random effects specification. That is, we make the
additional assumption in equation (6) (and all subsequent models) that the «; are
independent and identically distributed random variables with some common
distribution function F. Rather than specify a parametric form for F, however,
we assume that F is a discrete distribution with a small number of mass points.
We allow the positions of the mass points and the associated probabilities to be
parameters of the likelihood function. This specification is intended to be an
approximation to the nonparametric maximum likelihood estimator of Kiefer
and Wolfowitz (1956). Actual nonparametric maximum likelihood estimates
would be obtained by jointly choosing F (unconstrained by any parametric
restrictions) and the structural parameters to maximize the likelihood function.
Laird (1978) and Lindsay (1983a, 1983b) show that for problems of the type
considered here, the maximum will occur at a distribution with finite support.
The technique has been applied to econometric models for duration data by
Heckman and Singer (1984).

After some experimentation we chose to use four mass points in the distribu-
tion function of the individual effects. For example, the first row of Table VII
summarizes the results of applying equation (6) to the control data with y =0
and four mass points. The estimated year-effects (not shown in the Table) are
identical, to two decimal places, to the estimates obtained from the conditional
maximum likelihood procedure summarized in the first column of Table VI. The
addition of extra mass points to this model brought only slight increases in the
maximized likelihood function, and negligible changes in the estimated year
effects.>* The four estimated mass points, and the estimated fractions of the
control group associated with each mass point, are described in the right hand
columns of Table VII. The restriction y = 0 implies that the estimated log-odds of
employment are independent of previous employment status: therefore the
log-odds in rows (1a) and (1b) are identical.

The second row of Table VII summarizes the estimates of equation (6)
obtained by our random effects technique with y unrestricted. The addition of
one extra parameter for state dependence reduces the goodness-of-fit statistic
shown in the second column of Table VII by 1746.3. The new value is actually
below the mean of the appropriate chi-squared distribution under the null
hypothesis of a correct model. The estimate of y is 2.75 with an estimated
standard error of 0.07.3* Clearly the model of equation (6) provides a better
description of the control group data than the model of equation (3).

The third and fourth rows of Table VII summarize the estimation results for
two additional models, both of which allow for interactions between the individ-
ual effects and the state effects. The estimates in the third row allow a “one

3With six mass points the estimated year effects are the same as the conditional likelihood
estimates to four decimal places.

34The estimation of appropriate standard errors for nonparametric maximum likelihood parameter
estimates is unsettled. We report estimated standard errors based on the inverse of the sample
information matrix, which are approximate under the assumption that the distribution of the fixed
effects is in fact a four-point distribution on a closed and bounded interval.



TABLE VII
SUMMARY OF ALTERNATIVE RANDOM-EFFECTS LOGISTIC MODELS (CONTROL GROUP ONLY)

Goodness-of-Fit . . .
Description of Estimated Mass Points®

Statistic®
Model? (Degrees of Freedom) Type 1 Type 2 Type 3 Type 4
1. No State Dependence 2695.4 (a) Log-odds of employment —3.39 —0.34 151 412
Logit (P,) =a; + B, (1007) (unemployed last year)
(b) Log-odds of employment —3.39 —0.34 1.51 412
(employed last year)
(c) Estimated weight 0032  0.065 0213 0.691
2. One-Parameter State Dependence 949.1 (a) Log-odds of employment —5.07 —1.66 —0.48 1.21
Logit (P;,))=a, + B, +vE,_, (1006) (unemployed last year)
(b) Log-odds of employment —2.32 1.09 2.27 3.96
(employed last year)
(¢) Estimated weight 0.017 0.051 0274  0.659
3. Two-Parameter State Dependence 900.4 (@) Log-odds of employment —2.50 —0.53 525 11.23
Logit(P,)=a,+ B, + (y+0a)E, (1005) (unemployed last year)
® Log-odds of employment 2.26 2.30 242 2.54
(employed last year)
(c) Estimated weight 0.080 0310 0.064 0.545
4. Four-Parameter State Dependence 832.5 (a) Log-odds of employment —2.61 —0.90 2297 -041
Logit (P,)=a; + B+ v,E;,_, (1003) (unemployed last year)
(b) Log-odds of employment 4.75 0.66 2.81 3.08
(employed last year)
(c) Estimated weight 0360 0.048 0179 0413

2See text for more complete discussion.
bLikelihood ratio test statistic against an unrestricted multinomial model of the distribution of control group earnings histories into 1024 cells.
®Log-odds are evaluated at the value of the year effect corresponding to 1970.
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degree of freedom” interaction:

(8) Logit(P,)=a;,+ B,+ YE,_, + 8¢, E,,_; for ¢>1970,
while the estimates in the fourth row allow a full interaction between the two:
(9) Logit(P,)=8,+a,+ v,E,_, for ¢>1970.

Both models again assume that 1970 employment probabilities for individual i
are given by the steady state probabilities corresponding to the transition
probabilities for that year.

The log-odds of the retention and accession probabilities for each of the four
types are presented in the right-hand columns of Table VII. The model of
equation (9) (in row 4 of the Table) imposes no restrictions on the relative
transition probabilities, while the other models impose various degrees of con-
straint. Comparison of the goodness-of-fit statistics suggests that the constrained
models do not do a particularly good job of matching the unconstrained fit. The
model of equations (6) and (8) can both be easily rejected in favor of the
unrestricted model in equation (9).

These goodness-of-fit comparisons suggest that the unrestricted model of
equation (9) should be used as the basis for a joint model of the trainees and
controls. On the other hand, the goodness-of-fit of the simplest state-dependence
model (equation (6)) is acceptable by conventional standards, and the computa-
tional burden is considerably lower. We have therefore chosen to use this
specification as our basic model.

The extension of the employment probability model represented by equation
(6) to the trainee data requires three steps. The first is a specification of the
training effects on the employment probabilities. We assume that the effects of
training are captured by four parameters: two parameters representing the
once-for-all effects of training on employment status in 1977; and two parameters
representing the permanent effects of training on the accession and retention
rates of the trainees after 1977.

Formally, we assume that the employment probabilities of the trainees are
given by

(10a) Logit (Pn) =a;,+ B,+vE,_;, 1971 <t<1975,
(10b) Logit (P,,;) = E;7s {Logit (P77 E;7s=1) + 6, }

+(1 = E;5) {Logit (P,77| E;75=0) + 6, },
(10c) Logit(P,) =1+ a,+ B+ (y+m —7)E,_;, t>1978.

In equation (10b), P,,;|E;;s=1 refers to the probability that individual i is
employed in 1977, given that he was employed in 1975, while P,,;|E,;s = O refers
to the probability that i is employed in 1977, given that he was unemployed in
1975.3 The parameters 6, and 6; measure the once-for-all effects of training on

35The probability P,;;|E;7s =1 is equal to P, PR, + (1 — PR )(P4,), where P! and PR are the
accession and retention probabilities of individual / in period ¢, rcspcctivey, as determined by
equation (10a). The probability P,,;| E,;s =0 is equal to P3¢ PR, + (1 — P%) P5,.
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the log-odds of employment in 1977, conditional on unemployment and employ-
ment in 1975 (using equation (10a)), respectively. The parameters 7, and 7;, on
the other hand, measure the permanent effects of training on the post-1977
accession and retention rates. We continue to assume that 1970 employment
probabilities are equal to the steady state employment probabilities implied by
equation (10a).

The second component of the model for the trainee data consists of a model of
the determinants of training status in 1976. We assume that the decision to enter
training is determined entirely by employment status in 1975 (and perhaps by the
value of the unobservable individual effects). In the presence of state dependence,
however, it is not sufficient to simply drop the 1975 employment outcome in
order to avoid selection bias in the pretraining data. Instead, we explicitly
parameterize the dependence of the training decision on employment status in
1975. As a first alternative, we assume that

(11) P(Training|E,,s =0, a;) = pP(Training|E,;s =1, a,),

where p represents the relative likelihood of enterlng training from unemploy-
ment, as compared to employment. Using the facts that

P(E,5,- -, E;75| Training, a;)
_ P(Training|E;q, - - Eizs, @;) * P(Eno, - - Epasle)
P(Training|a,)

and
P(Training|e,) = P(Training|E,;s=1,a;) - P(E;7s=1|a;)
+ P (Training| E;75s =0, ;) - P(E;75=0|a,),

we can write the probability of an observed sequence of pre-training employment
outcomes, conditional on training (and the value of the individual effect) as:

(12) P(E;s; .- E ;5| Training, a;)

P(Eno’ :75|“)
E;s=1,
P(Ens 1]a, ) +PP(E:75 1|a)

PP( 709 - ,75|a)
P( 75—1|°‘)+PP(E,75 0le;)’

E;35=0.

The probabilities in the numerator and denominator of equation (12) may be
readily calculated from equation (10a).

This parameterization of the participation decision assumes that selection into
training is independent of individual characteristics, conditional on observable
employment status in 1975. A more general model is one that allows for differing
relative selection probabilities for different values of the individual effect:

(13) P(Training|E,,s =0, ;) = p(«;) - P(Training|E;;s =1, ;).

This model implies that the probability of an observed sequence of pretraining
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employment outcomes, conditional on training and the individual effect, is
(14) P(E;, ... E;5|Training, a;)
_ P(E;, ... Ejs|a;)
P(E;s= le,) + P(ai)P(Ens =0]e,)’
_ p(0;)P(Eq, ... Eysla;)
- P(E;;5= l]a;) + P(ai)P(Ens =0le;)’

E;5=1,

E;35=0.

In our second model of training status we assume that the p(«;) are completely
unrestricted. If the individual effects take on 4 discrete values, this specification
introduces 3 extra parameters relative to the selection model of equation (11).

The final step in building a model for the trainee data is the specification of the
distribution of the a;’s. One alternative is to allow completely separate discrete
distributions for the trainees and controls. On the other hand, a very parsimoni-
ous alternative is to model the trainees as a sample from the control group
population, with the relative fractions of trainees and controls of each type
determined by the trainee selection process. We compromise here and force the
mass points to have the same positions for the trainees and controls, while
allowing arbitrary sets of weights for the two groups.

The two alternative models of the trainee data were estimated jointly with the
model for the control group data (equation (6)) by maximum likelihood. The
results are summarized in Tables VIII, IX, and X. For simplicity, we refer to the
model for the trainees consisting of equations (10a), (10b), (10c), and (12) as
model T1, and to the model consisting of equations (10a), (10b), (10c), and (14)
as model T2. These two models differ only in their specification of the relative
selection probabilities of employed and unemployed workers into training.

Estimates of the training effects, the state-dependence parameters (y), and the
goodness-of-fit statistics for the two models are presented in Table VIII. We have
estimated each model three times: once with the controls and all the trainees;
once with the controls and the classroom trainees only; and once with the
controls and the nonclassroom trainees. An obvious extension of our analysis
would be to model both groups of trainees simultaneously with some model of
the relative probability of entering classroom and nonclassroom training.

The estimates of the state dependence parameter y are very similar across
models and across trainee groups and are also very similar to the estimate
obtained on the control group alone. The estimated training effects, by compari-
son, vary somewhat between the models and between the different trainee groups.
In general the estimated training effects on the post-1977 accession and retention
rates (1, and 7,) are significantly positive, with the larger effect being on the
accession rate. On the other hand, the estimated training effects on employment
status in 1977 (6, and 4,) are significantly positive only for workers who had no
Social Security earnings in 1975. For workers with positive earnings in 1975, the
estimated training effects on employment status in 1977 are negative and small
relative to their standard errors.
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TABLE VIII
ESTIMATED TRAINING EFFECTS FOR MODELS T1 AND T2

(Standard Errors in Parentheses)

Classroom Nonclassroom
All Trainees Trainees Trainees
Model TI:
1. Training Effect on 1977 Employment, —.074 —.067 —.085
Conditional on Employment in 1975 (6,) (.123) (:216) (.126)
2. Training Effect on 1977 Employment, 671 .999 .616
Conditional on Unemployment in 1975 (6,) (.153) (.320) (.168)
3. Training Effect on Post-1977 274 591 169
Retention Rates (7;) (.084) (.152) (.088)
4. Training Effect on Post-1977 599 .907 .552
Accession Rates (7,) (.113) (:212) (.124)
5. Estimated State Dependence Parameter (y) 2.56 2.67 2.64
6. Goodness-of-Fit Statistic®
(degrees of freedom)
Controls 968.0 (1023)  954.1 (1023)  965.0 (1023)
Trainees 656.7 (511)  379.7 (511)  528.8 (511)
Total 1624.6 (1509) 1333.8 (1509) 1493.8 (1509)
Model T2:
7. Training Effect on 1977 Employment, -0.34 —.039 -.024
Conditional on Employment in 1975 (6,) (.092) (.191) (.083)
8. Training Effect on 1977 Employment, .543 .922 .463
Conditional on Unemployment in 1975 (6,) (.143) (.276) (.155)
9. Training Effect on Post-1977 235 .578 124
Retention Rates (1) (.109) (.149) (.084)
10. Training Effect on Post-1977 .681 936 .676
Accession Rates (1) (.109) (.210) (.115)
11. Estimated State Dependence Parameter (y) 2.57 2.67 2.61
12. Goodness-of-Fit Statistic?
(degrees of freedom)
Controls 967.5 (1023)  954.9 (1023)  964.3 (1023)
Trainees 636.2 (511) 376.5 (511)  509.3 (511)
Total 1603.8 (1506) 1331.4 (1506) 1473.6 (1506)

2Degrees of freedom for controls and trainees are unadjusted for parameter estimation. Degrees of freedom for total are
adjusted for parameter estimation.

This last result may reflect the potential bias identified in Section 2 with
respect to the 111111 pre-training history. That is, many of the individuals who
showed positive Social Security earnings in 1975 but who entered training in
1976 may have become unemployed during late 1975 or early 1976. Conditional
on employment in 1975, therefore, trainees would have been expected to fare
worse than nontrainees in 1977. One of the advantages of the training model
presented here is that this kind of bias does not affect the estimated permanent
effects of training. It merely complicates the interpretation of the parameters 6,
and 6,. In particular, the parameter §;, measures not only the effects of training
per se, but also the effects of any other events between 1975 and 1977 whose
probabilities are increased conditional on the knowledge that an individual
entered training (for example, the probability of unemployment in late 1975).
The same is true of 6,, although the impact of other events for trainees who were
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TABLE IX

ESTIMATED TRAINING EFFECTS ON THE PROBABILITY OF EMPLOYMENT:
RANDOM EFFECTS LOGIT MODELS T1 AND T2

Classroom Nonclassroom
All Trainees Trainees Trainees
Estimated Increase in Employment
Probabilities Due to Training?®
1. Model TI:
(a) 1977 .020 .036 .017
(b) 1978 .049 .089 032
(©) 1979 .071 130 .056
(d) Average 1977-79 .047 .085 .035
(¢) Steady-state® .063 115 047
2. Model T2:
(a) 1977 .030 .031 .014
(b) 1978 .063 .084 .034
(©) 1979 082 126 .047
(d) Average 1977-79 .058 .080 .032
(e) Steady-state® .063 114 051

2Difference between fitted probability of employment using estimated training effects, and fitted probability of
employment setting training effects to zero.

b Difference between steady-state employment probabilities with and without training effects, evaluated at the
1970 year effect.

unemployed in 1975 is less clear. The important point is that the estimates of T,
and 7,, the parameters describing the permanent effects of training, should not be
affected. The permanent effects of training should, moreover, dominate in the
long run.

As in the previous sections, the results in Table VIII suggest that the training
effects are larger for the classroom participants than other CETA participants.
The implied increases in the employment probabilities for both groups of trainees
are summarized in Table IX. The estimated training effects from both models are
quite similar, and are very close to the estimates presented in Table VI from the
conditional logit model. Since these effects incorporate both the permanent
training effects (7, and ), as well as the once-for-all effects (6, and 6,), their
interpretation is difficult. For comparison rows (1e) and (2¢) of Table IX present
estimates of the long-run effects of training that depend only on 7, and ;. These
estimates are again larger for the classroom than nonclassroom trainees, although
the combined training effect is a relatively substantial 6.3 percent increase in
employment probabilities from either model T1 or T2.

The evidence on the goodness-of-fit of models T1 and T2 suggests that the
latter model gives a statistically better fit, although the implied training effects are
very similar. The estimates of the relative selection probability parameters (p;)
and the values and probabilities of the individual effects are presented in Table
X. The estimated mass-points (the «,’s) and the estimated fractions of the control
and trainee groups of each type are very similar for the two models. The
estimated selection ratios for model T1 range from 1.37 (for the classroom
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TABLE X

ESTIMATED INDIVIDUAL EFFECTS, TYPE PROBABILITIES, AND
RELATIVE SELECTION RATIOS: RANDOM EFFECTS LOGIT MODELS T1 AND T2

Description of Estimated Mass Points

Type 1 Type 2 Type 3 Type 4
Model T1:
1. All Trainees
(a) Log odds of employment (a,)*  —3.70 -.90 .49 1.72
(b) Control weight® .026 184 352 438
(¢) Trainee weight® .001 374 .625 .000
(d) Selection ratio (p)¢ 1.74 1.74 1.74 1.74
2. Classroom Trainees
(a) Log odds of employment (a,)*  —4.50 -1.14 37 1.86
(b) Control weight® .020 .145 469 363
(¢) Trainee weight® .000 .395 .605 .000
(d) Selection ratio (p)¢ 1.37 1.37 1.37 1.37
3. Nonclassroom Trainees
(a) Log odds of employment (a,)*  —3.44 -.79 .51 1.43
(b) Control weight® .028 220 206 .546
(¢) Trainee weight® .003 .394 .603 .000
(d) Selection ratio (p)¢ 1.83 1.83 1.83 1.83
Model T1:
1. All Trainees
(a) Log odds of employment (a,)? -3.70 —-.86 .85 2.28
(b) Control weight® .026 202 571 201
(¢) Trainee weight® .002 .446 552 .000
(d) Selection ratio (p,)¢ .63 1.19 410 1.17
2. Classroom Trainees
(a) Log odds of employment («a;)® -4.70 -1.16 44 2.04
(b) Control weight® 019 144 527 .000
(c) Trainee weight® .000 .396 .604 .000
(d) Selection ratio (p,)¢ .64 1.07 2.26 1.15
3. Nonclassroom Trainees
(a) Log odds of employment (a,)? —3.28 —.69 1.24 1.26
(b) Control weight® .030 259 515 196
(¢) Trainee weight® .006 .541 AS3 .000
(d) Selection ratio (p,)? 33 1.25 6.72 111

2Log odds of employment, conditional on unemployment in the previous year and assuming a 1970 year effect.

bEstimated fraction of control group of each type.

“Estimated fraction of trainee group of each type.

dEstimated ratio of the probability of entering training conditional on unemployment in 1975 to the probability of
entering training conditional on employment in 1975.

trainees) to 1.74 (for the nonclassroom trainees). The estimated selection ratios
for model T2 vary with the value of the individual effects, and suggest that the
relative probability of entering training from employment is lower for individuals
with higher value of the individual effects. The exception to this pattern is the
highest effect type (Type 4 in the table), for whom the estimated selection ratios
are close to unity. For both groups of trainees the fraction of the trainee group
assigned to the highest type is very small, however,
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In summary, our estimates from the nonlinear employment probability models
suggest three conclusions regarding the impact of training on the 1976 CETA
cohort. First, the estimated effects of CETA participation on subsequent employ-
ment probabilities range from 3 to 8 percent, on average, with most of the
increase concentrated among classroom trainees. Second, the effects of CETA
participation include both transitory effects on 1977 employment status, and
permanent effects on post-training transition rates. We have argued that esti-
mates of the former effects are potentially biased by the presence of other
unobservable determinants of post-training employment status that are neverthe-
less correlated with training. Our estimates of the permanent effects of training
are on the order of 5 to 10 percentage points, with the larger effects again
concentrated among classroom trainees. Third, we find no evidence that the
estimated training effects are biased by failure to consider the interaction
between individual-specific effects in the probability of employment and individ-
ual effects in the probability of entering training.

CONCLUSIONS

The results in this paper suggest that participation in CETA had a small to
moderately large positive impact on the post-training employment probabilities
of the 1976 cohort of adult male trainees. Our estimates of the effect of training
on the average probability of employment during 1977-79 range from 2 to 5
percentage points. The lower range of these estimates is obtained by a compari-
son of relative pre- and post-training employment probabilities of the CETA
trainees and a control group, and also by a comparison between trainees and
controls with identical pre-training histories. The upper range of these estimates
is obtained by a series of logistic probability models of the employment histories
of the trainees and controls.

The methods all point to significantly larger training effects for participants in
classroom training programs, as compared to on-the-job programs, although the
estimated effects of both types of programs are consistently positive. Many of the
on-the-job CETA programs involved little or no formal training, however, and
their relatively smaller effect on subsequent employment probabilities is therefore
understandable. Since the costs of the classroom training programs were substan-
tially lower than the costs of the nonclassroom programs, our results suggest that
the classroom programs were superior in a cost-benefit sense. Assuming that the
CETA trainees earned approximately $5800 per year in the post-training period,
if employed, and that CETA participation increased the probability of employ-
ment in every year after training by 2 to 5 percent, training may have increased
participant earnings by $100-$300 per year. This increase compares favorably to
the cost of CETA training, which averaged about $1500 per participant in 1976.3

36Average earnings of the trainees in 1977 and 1978 were $4750 and $5140 (in 1976 dollars)
respectively. Assuming an average probability of employment of .85 among the trainees, the average
earnings of trainees, conditional on employment, were approximately $5800 in the post-training
period. The figure for CETA cost per participant is taken from Employment and Training Report of
the President (1977, Tables F-2 and F-3, pp. 262-263).
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Given that the available data are nonexperimental, there is, of course, ample
reason to be cautious in interpreting these results. Nonexperimental methods of
program evaluation have recently come under attack for their lack of reliability,
and our discussion of the comparisons between observationally identical trainees
and controls highlighted many of the difficulties in a nonexperimental evaluation.
Nevertheless we have presented several highly overidentified models of employ-
ment determination and trainee status that appear to fit the observed data quite
well. We have also presented a variety of less heavily parameterized program
estimators that give fairly similar estimates of the effectiveness of training.
Finally, we have argued that many of the biases that enter an observational study
of training effects can be isolated in the once-for-all effects of training on
employment status at the end of program participation. Our estimates of the
effect of training, abstracting from these one-time effects, give similar but slightly
higher estimates of the training effects on employment probabilities.
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DATA APPENDIX
In this appendix we describe the sources of the trainee and control group data used in the paper.
1. TRAINEES

The trainee data are taken from the Continuous Longitudinal Manpower Survey (CLMS). The
CLMS sample is drawn from participants in programs operated by a stratified random sample of
CETA prime sponsors, and contains Social Security Administration earnings records as well as
demographic data collected at the date of enrollment. We used CLMS data for the 1976 cohort of
trainees, provided to us by SRI International. We included only those members of the sample who
were male, 21 years of age or older at enrollment, and who reported enroliment and termination dates
between January 1 and December 31, 1976.

2. COMPARISON GROUP

The comparison group data are drawn from the March 1976 Current Population Survey (CPS).
Members of the CPS were matched, by their Social Security numbers, to Social Security Administra-
tion records of earnings from 1966 to 1979. The comparison group sample was provided to us by SRI
International, and includes male CPS members who were 21 years of age or older in March 1976, who
reported being in the labor force during the survey week in March, and who reported individual and
family earnings during 1975 of less than $20,000 and $30,000, respectively. Further details on the
construction of the comparison sample are presented in Dickinson, Johnson, and West (1984, pp.
37-45).

APPENDIX

In this appendix we demonstrate that the minimal sufficient statistic for the fixed effect , in the
logistic probability model with state dependence is in general the entire vector of observed outcomes
for the ith individual. Following equations (6) and (7) of the text, let E,, represent an indicator for
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whether i is employed in ¢, and assume that
P(E,=1)=exp(a+B+vE,_1)/(1+exp(a,+ B +YE, 1)), t>1,

()1t e (x+7))
1+2exp(a,)+exp(e)exp(e,+7v)’

p(E,1=1)

Dropping i subscripts, the probability of an observed sequence of indicators E = (E;, E,,... E7) is

exp(a) +exp(Ei(2a+7v)) - exp(E (a+ B +vE 1))
1+2exp(a)+exp(Ra+y) ;-3 1+exp(a+B,+7vE,_,)

(A1) p(E.e)=

We now construct a minimal sufficient statistic T(E) for a. It can be shown that if p(E, ay) > 0 for
all E, then the mapping from E to p(E, a)/p(E, ay), regarded as a function of a, is a minimal
sufficient statistic (for example, Bahadur (1954)). Using (A.1), a minimal sufficient statistic for a is

(A2) T(E)a=p(E,a)/P(E,0)
_ 3+exp(y) .exp(a)+exp(E1(2a+y))
1+2exp(a) +exp(Ra+7y) 1+exp(Eyy)
T
exp(az E,)
t=2
ﬁ l+exp(a+pB+vE_,)) "
=2 l+exp(ﬁl+yEl—l)

In case y =0, (A.2) can be written as

T
exp(aZE,)
=1
T(E)a= ﬁ l+exp(a+pB)’

=1 l+exp(B)

(defining B, = 0), which is a function only of the total number of years of employment X7_, E,.

In the general case, if there is a minimally sufficient statistic of dimension smaller than the data
vector (E,,... E;), then there exist (E,,... E;) and (E{,... Ef) such that T(E),=T(E’"), for all
real « and E+ E’. Let S=X7_,E, and S’ =XT_, E;. Making use of the fact that

exp (a) +exp(E,2a+7)) B exp (aE,)(1 +exp (a + YE,))
1+exp(Eyy) B 1+exp (vE,)

’

equality of T(E), and T(E’), implies

T
(A3) e*S(1+e®exp (vE;))(1 + exp (YE])) I:[Z(l +exp (B +vE,_1))

X(1+e%exp (B, +YE/_,))
= e (1+ ¢ exp (YE{)) (1 + exp (YE,))

T
X ]:[2(1 + exp(ﬁl + ‘YEI,—I))(]' +e” exp(Bl + YEr—l))'

This is a polynomial expression in e®. If the right-hand and left-hand sides of (A.3) are equal for all
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real a, then the polynomials must have the same degree, implying S = S’. Similarly, the polynomials
must have the same constant terms, implying

T
(1 +exp (VE{)) l:[z(l +exp (B, +vE,-1))

T
=(1+ exp(yEl))L—Iz(l +exp (B +vE/_))-

Simplifying (A.3), we have

T
(1+e*exp(YE,)) Ijz(l +e“exp (B +vE/_1))

T
=(1+e" exp(yEf))Ij2(1 +e%exp(B,+vE,_1))

for all real a. Thus we must have equality of the sets { yE,, 8, + YE{, By + YEj,..., B+ yE}_,} and
{YE{,B, +YE,, B3 + YE,,...,Br+ yE;_,}. Provided that y# 0 and that the year effects are not all
zero, this requires E, = E/ (t=1,...,T—1) for all but exceptional values of the structural parame-
ters. Thus (A.3) implies that E = E’, so there can be no nontrivial sufficient statistic.
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