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Abstract

This paper estimates the treatment e¤ects of the two di¤erent training strategies followed
by �Welfare-to-Work�(WTW) programs: Labor Force Attachment (LFA) and Human Capital
Development (HCD). A key problem in estimating the e¤ects of these two types of programs is
that the available data sources do not identify which individuals have been subject to training.
This paper presents a non-experimental econometric methodology that allows identifying the
treatment e¤ects even under unknown treatment status.
The results, from estimations based on administrative data for California, suggest that the

LFA programs have short term positive e¤ects that fade out around two years after entry into
welfare, while the e¤ects of HCD programs are non-signi�cant or negative, and the e¤ects of
being on welfare without receiving any training appear as negative in the �rst two years after
welfare entry, and become positive afterwards. After welfare reform, however, the e¤ects of both
training programs appear as non signi�cant, with the e¤ect of no training strongly positive. This
might be a consequence of the interaction of the new environment after welfare reform with the
WTW programs.
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1 Introduction

One of the most prominent features of the 1996 reform of the welfare system in the U.S. was the

emphasis on employment as the key to self-su¢ ciency. A key component in the reform was the

�Welfare-to-Work�(WTW) programs, which provide welfare recipients di¤erent types of training

that are supposed to ease the transition to the labor force and eliminate the need for aid use. The

type of services o¤ered by the WTW programs follow two di¤erent approaches that have potentially

di¤erent implications on wage dynamics and skill formation. The Labor Force Attachment (LFA or

work-�rst) type of programs try to increase the insertion of welfare recipients into the labor force by

providing job search training and assistance, while the Human Capital Development (HCD) type

of programs are oriented to increase the trainees human capital by o¤ering longer duration basic

skills and vocational training programs.

In this paper I evaluate the e¤ects of WTW programs once broadly implemented, estimating

the di¤erential e¤ect of the LFA and HCD training strategies. This allows to assess whether these

programs help welfare recipients, and if so by how much. In addition, part of the period analyzed is

after the implementation of welfare reform allowing to compare pre and post welfare reform e¤ects.

A key problem in estimating the e¤ects of these two types of programs is that the available data

sources do not identify which individuals have been subject to training. I solve this by resorting

to a non-experimental econometric methodology that allows identifying the treatment e¤ects even

under unknown treatment status.

The question of the relative e¤ects of LFA and HCD training programs has been of interest for

a long time, and has had important consequences. Based on the results of a series of experimental

studies on the e¤ects of training on welfare recipients performed in the early 1990s by the Man-

power Demonstration Research Corporation (MDRC), welfare reform had a bias towards Labor

Force Attachment type of programs. One of the �rst, and very in�uential, studies was on Cali-

fornia�s Greater Avenues for Independence (GAIN) Program, which showed very strong positive

e¤ects on the employment and earnings, and a decrease in aid reliance, of the individuals trained

in comparison to a randomly assigned control group. These e¤ects were particularly strong in
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Riverside County, which favored a strong work-�rst approach. Although the success of Riverside�s

work-�rst approach had an in�uential e¤ect on the design of welfare reform, the GAIN experi-

ment was not designed to compare the e¤ectiveness of the two training approaches. Subsequently,

MDRC conducted a multi-site evaluation, the National Evaluation of Welfare-to-Work Strategies

(NEWWS), with individuals participating in the JOBS Program,1 randomized between 1991 and

1994. Three sites of the NEWWS evaluation were chosen to explicitly study the di¤erential e¤ects

of LFA versus HCD programs by randomly assigning individuals to one of the two treatments or to

a control group.2 The results from this evaluation show that LFA programs have better outcomes

two years after training (approximately a 10% increase in employment rates), but after �ve years

the di¤erences between LFA and HCD programs disappear (with very modest e¤ects overall). This

pattern is also identi�ed in a recent survey by Grogger, Klerman and Karoly (2002) on the e¤ects

of mandatory work-related activities for welfare recipients (based mostly on experimental studies).3

However, the existing evidence is based on relatively small experiments in a few sites, which

raises the question of whether these results would change when evaluating a program applied at full

scale. Also, welfare reform introduced signi�cant changes like time limits and �nancial incentives

to work, which could make the results from the previous demonstration programs not applicable to

the post-welfare reform period.4 In particular, the interaction of the new rules after welfare reform

and the work and training requirements of the WTW programs may have e¤ects not captured by

these evaluations.

The question of how much can be learned from the results of experimental programs in terms of

the broad implementation of similar programs to other locations, to individuals with di¤erent char-

acteristics and for di¤erent economic environments has received considerable attention recently

in the literature. Dehejia (2003) analyzes the GAIN experiment and concludes that Riverside�s

treatment e¤ects are very di¢ cult to predict outside Riverside, implying that the idiosyncratic

characteristics of the treatment in Riverside might be di¢ cult to replicate elsewhere. The e¤ect of

the heterogeneity in treatments in hampering the extrapolation of experimental studies is also ana-

lyzed by Hotz, Imbens and Mortimer (1999) and Hotz, Imbens and Klerman (2000), who compare
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the control groups in di¤erent sites where experiments were conducted to account for observed in-

dividual di¤erences. In both studies the authors �nd important e¤ects of treatment heterogeneity,

after controlling for population di¤erences.5,6

In this paper I utilize to a non-experimental strategy that actually exploits the heterogeneity of

treatments received by welfare recipients not only across sites but also across periods. I extend a

methodology proposed by Heckman and Robb (1985) for single treatments, to the case of multiple

treatments and apply it to welfare recipients in California. The period analyzed includes both the

GAIN and WTW programs (before and after welfare reform).

One reason why there are no studies on the e¤ectiveness of WTW programs, other than those

based on demonstration programs, is that administrative and survey data do not normally identify

which individuals are subject to training. The econometric methodology in this paper allows for

identifying the treatment e¤ects of the two types of training programs of interest, even while not

knowing the identity of the trainees. This is accomplished by using two di¤erent administrative data

sources, one that provides individual level information on welfare use and earnings in California,

and another that provides information on the proportions of individuals that received each type of

training, by county and time period. The temporal variation in the probability of receiving training

is exploited to identify the di¤erential training e¤ects.

It seems important to try to use non-experimental methods to overcome the data restrictions

(namely the unavailability of information on who are the treated individuals), for several reasons.

First, after welfare reform is less likely that any experimental evaluation will be possible, given that

experimental evaluations are very expensive to implement for a full scale program. Second, after

welfare reform welfare recipients face time limits, which would make it unethical to ban services

to certain welfare recipients. Third, except for the case of NEWWS in which three sites were

chosen to conduct a random experiment comparing the two training strategies, other experimental

evaluations were not designed to answer the speci�c question of this paper, which means that even

using experimental data, non-experimental methods would be necessary to obtain an answer.7

From a policy point of view this research provides valuable information on the e¤ects of di¤erent
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WTW strategies, and on the likelihood that welfare recipients attain self-su¢ ciency, TANF�s stated

main objective. The importance of the answer to this question is highlighted by the renewed

emphasis on work requirements in the political discussions on the reauthorization of the TANF

Program.

As a �rst step in estimating the di¤erential treatment e¤ects of the training strategies, I estimate

the e¤ects of �rst time entry to welfare, for di¤erent entry cohorts, using propensity score weighting

estimators for comparing individuals treated (welfare entrants) to control individuals (those who

have never been on welfare up to this point) of similar characteristics. This �rst step is interesting

in itself, showing that over time it has decreased (from 9 to less than 4 quarters) the amount of time

required for welfare recipients to recover from the employment and earnings shocks that determine

their entry to welfare in the �rst place. This recovery period is even faster after welfare reform. In

a second step these entry to welfare e¤ects are explained by the heterogeneity in treatments across

entry cohorts and counties, to obtain the di¤erential treatment e¤ect of the training programs. The

results show that the LFA programs have short term positive e¤ects that fade out around two years

after entry into welfare, while the e¤ects of HCD programs are non-signi�cant or negative, and the

e¤ects of being on welfare without receiving any training appear as negative in the �rst two years

after welfare entry, and become positive afterwards. After welfare reform, however, the e¤ects of

both training programs appear as non signi�cant, with the e¤ect of no training strongly positive.

This might be a consequence of the interaction of the new environment after welfare reform with

the WTW programs, and highlights that more is needed to be done to better understand these

interactions.

This paper is organized as follows. The next section gives some background information on

the programs evaluated. The third section discusses the identi�cation strategy and the fourth

section describes the data used. The �fth section presents the estimation strategy and the sixth

section details some tests of the identifying assumptions. Finally, the seventh section analyzes the

estimation results, and the eighth section presents the conclusions.
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2 The GAIN and WTW programs

Training was o¤ered to welfare recipients in California in the 1990s through two programs. Califor-

nia�s version of the JOBS Program, under the Aid for Families with Dependent Children (AFDC)

Program, was the Greater Avenues for Independence (GAIN) Program, in which training was the

main component. It started in 1989 and it was succeeded in 1998 by the Welfare to Work (WTW)

Program, as part of the California Work Opportunity and Responsibility to Kids (CalWORKs)

program, California�s version of the Temporary Assistance for Needy Families (TANF) Program.8

Both programs o¤ered di¤erent types of services to welfare recipients who were mandated to partic-

ipate (except parents of small children), or face �nancial sanctions. However, under GAIN counties

faced severe funding constraints, and in some counties a big proportion of the caseload remained

not served.

Under the rules of CalWORKs every adult is required to participate in the Welfare to Work

Program, which implied that counties had to expand their programs to accommodate all the adult

caseload.9 The activities that the programs o¤ered included, among others, job search and job

readiness assistance, on the job training and subsidized employment, vocational education training,

adult basic education, English as a second language, and classes for preparing to take the General

Education Diploma (GED) exam.

The training activities have been classi�ed in two groups: work-oriented, termed Labor Force

Attachment (LFA), and education-oriented, termed Human Capital Development (HCD), types of

training. Typically LFA training has a shorter duration and is less expensive to provide that HCD

training (see Hamilton, Freedman et. al., 2001 for a discussion of both approaches).

Counties in California were given a great degree of freedom over the design of their GAIN and

WTW Programs. This caused a remarkable variation both across counties and across time in the

proportion of the adult caseload that participated in any activity, and that participated in LFA

and HCD types of training. The variation from 1995 through 1999 Q2 in the proportion of adults

receiving any training, and the two types of training is presented in Figure 1.10 As can be seen in

the �gure, there has been an increasing trend in the proportion of individuals trained in general,
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but more marked for LFA training. When the CalWORKs program started (January 1998), there

was a larger jump in absolute terms for LFA than for HCD training, although the latter increased

more in relative terms.11

Note that the �gure presents data for all the adults on welfare in a particular period of time.

Unfortunately there is no data available that breaks these proportions between new entrants and

non-entrants to welfare. The identi�cation strategy and empirical analysis will be based, however,

in comparing cohorts of new entrants to welfare, because is the only way to assure that the e¤ects of

potential prior treatments are not confounded as part of the treatment e¤ects calculated. Moreover,

both the GAIN and WTW programs (with more emphasis the second one) were devised such that

each new entrant to welfare was assessed and assigned to a treatment in a relatively short period of

time. However, under the GAIN program, counties in which the available resources did not permit

the treatment of a large percentage of the caseload had a long waiting list for welfare recipients

assigned to a particular training. This is re�ected in large proportions for the �no training�category,

which will be explicitly considered in the next section.12

3 Identi�cation strategy

The objective of this paper is to compare the treatment e¤ects of the two approaches followed by

the training programs for welfare recipients: Labor Force Attachment (LFA) and Human Capital

Development (HCD). Because there is no available data that identi�es nor which individuals re-

ceived training, nor the type of training received, in this paper I will use administrative datasets

that contains individual-level and county-level information to study the di¤erential e¤ects of these

training strategies. The individual-level data includes demographic characteristics, welfare use and

earnings of all welfare recipients in California, while the county-level data gives the percentage of

welfare recipients that received each type of training. A key feature of the individual-level dataset

is that it provides information on welfare recipients for relative long periods before their entry to

welfare. This will allow me to use future entrant cohorts as controls for present entrants.

As with any non-experimental evaluation, the identi�cation is based on assumptions that are in
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most of the cases untestable (although some implications of these assumptions will be tested). There

is an ongoing debate since the 1980s regarding the merits of non-experimental versus experimental

evaluations launched by the in�uential study by Lalonde (1986).13 The problem under analysis

is particular because only an experimental evaluation that assigns individuals randomly to the

two types of activities would be free of non-experimental assumptions. Most prior evaluations of

training programs for welfare recipients were not designed to give this answer, which implies that

also untestable non-experimental assumptions would be needed to evaluate the di¤erential e¤ects

of the programs, even using experimental data. The exceptions are the three sites in the NEWWS

evaluation, which provided results that are non conclusive respect to what would be the e¤ects

under a fully implemented program. In particular, welfare reform generated several rules changes

that can have important interaction e¤ects with mandated work programs. In addition, after

welfare reform welfare recipients face time limits, which would make it unethical to ban services to

certain welfare recipients for the purpose of conducting an experiment.

3.1 Setup of the problem

Following the convention of the literature, everything will be expressed in terms of potential out-

comes. Yit(0) will represent the potential outcome of individual i in time period t, if the individual

has not received any treatment. The possible treatments are: to receive training in a LFA program,

to receive training in a HCD program, or to be a welfare recipient, but to not receive any type of

training. The potential outcomes associated to these treatments will be denoted by Yit(m), where

m = fL;H;Ng represents the three possible treatments, respectively. Welfare recipiency, without

receiving training, is considered a treatment in this context, because welfare recipients receive other

services anyway (primarily a cash grant and health insurance).

The typical evaluation problem is to estimate the e¤ect of a treatment on individual i respect

to the case where no treatment is received, �i(m) = Yit(m)� Yit(0). Because no individual can be

observed in two states at the same time, only an average treatment e¤ect can be actually calculated.

In this particular case, the three treatments can be received only conditional on being a welfare
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recipient, which means that the parameter of interest will be an Average Treatment on the Treated

E¤ect (TT) (i.e. given welfare receipt) of treatment m

�(m) = E[Yit(m)� Yit(0)jWi = 1]

= E[�i(m)jWi = 1] (1)

where Wi is a dummy equal to 1 if the individual entered welfare before time t, and equal to

0 otherwise. This parameter gives the expected e¤ect of treatment m on a random individual,

conditional on the individual being eligible to receive the treatment (i.e. the individual was a

welfare recipient before t). This needs to be distinguished from what will be referred in this paper

as a Conditional Average Treatment on the Treated E¤ect (CTT),

��(m) = E[Yit(m)� Yit(0)jWi = 1; Ti(m) = 1]

= E[�i(m)jWi = 1; Ti(m) = 1]; (2)

which gives the expected e¤ect of treatment m conditional on the individuals that were subject to

this treatment (Ti(m) is a dummy variable equal to 1 if the individual received treatment m, and

equal to 0 otherwise).

While ��(m) is an interesting parameter in itself to evaluate the e¤ectiveness of a training

program, it is not the right parameter to use when comparing the e¤ectiveness of two treatments.14

To compare the e¤ectiveness of, say, treatment m respect to treatment m0, it is necessary to de�ne

the Di¤erential Treatment on the Treated E¤ect (DTT)


(m;m0) = E[Yit(m)� Yit(m0)jWi = 1]

= E[�i(m)jWi = 1]� E[�i(m0)jWi = 1]

= �(m)� �(m0); (3)

which gives the di¤erential e¤ect of one treatment respect to the other, for an individual randomly

selected among the individuals that were welfare recipients before t. In this paper the parameter

of interest will be 
(L;H), the di¤erential e¤ects of LFA versus HCD type of training programs.
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To estimate the counterfactual outcome, i.e. what would have been the outcome of the indi-

viduals subject to a particular treatment if they had not received the treatment, it is necessary to

make assumptions about the state not observed, using for example the average outcome observed

for another time period and/or group of individuals. The problem in the case under analysis is

that is not even possible to observe which individuals are subject to treatment, which means that

the potential outcomes under treatment for the treated individuals is not identi�ed. It is known

that the training programs to be evaluated are only available to welfare recipients, which makes it

possible to express the potential outcome at time t of an individual that entered welfare at some

point before t, Yit(W ), as

Yit(W ) = Ti(L)Yit(L) + Ti(H)Yit(H) + Ti(N)Yit(N); (4)

where by de�nition Ti(N) = 1� Ti(L)� Ti(H). Therefore, the observed outcome for an individual

i at time t, Yit can be expressed as

Yit = (1�Wi)Yit(0) +WiYit(W ): (5)

This suggests a way of identifying the TT and DTT by �rst estimating the overall �treatment

on the treated e¤ect�of entering into welfare, and then exploiting the di¤erences in the probability

of receiving training by di¤erent cohorts of new entrants to welfare, across time or across counties.

To develop this strategy it is necessary to be more precise with the timing and location issues.

All the variables (when adequate) will have superindexes c and t, that will identify the county where

a persons �rst entered on welfare and the time period in which this person entered, respectively (for

example Y ctit+j will indicate the observed outcome at period t+ j for the individual i, who entered

for the �rst time on welfare in county c at time t).

A key assumption will be that training can only be received in the �rst period in which an

individual goes into welfare. This��rst period�, though, could be de�ned in a way �exible enough

to be consistent with di¤erent time frames for the training activities.

The way in which identi�cation can be attained will vary in some way depending on whether
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the treatment e¤ects are assumed to be homogeneous or heterogeneous. The homogeneous case

will be analyzed �rst, and then the modi�cations that need to be introduced for the heterogeneous

case.

3.2 Homogeneous treatment e¤ects

If the treatment e¤ects are homogeneous across individuals, as it is often considered in the literature,

then the di¤erence between Average Treatment on the Treated E¤ect (TT) and Conditional Average

Treatment on the Treated E¤ect (CTT) disappear, �(m) = ��(m) as it is clear from (1) and (2).

In this case the identi�cation can be attained in two steps. In the �rst one, considering �welfare

entry�as the treatment, the TT e¤ect of welfare j periods after entering welfare, for the individuals

that entered welfare in county c at time t, can be estimated as

�ctj = E[Y
ct
it+j(W )� Y ctit+j(0)jW ct

i = 1]: (6)

This treatment e¤ect, can be decomposed, using (4) as a weighted average of the TTs j periods

after entering welfare of each of the three possible treatments received by welfare entrants at time

t,
�ctj = P

ct
L �

ct
j (L) + P

ct
H �

ct
j (H) + P

ct
N �

ct
j (N); (7)

where P ctm � Pr(T cti (m) = 1) is the probability that each entrant received treatment m in county c

at time t, and �P ctm = 1.

The second step exploits the fact that the probabilities of receiving training present variation

not only across counties, but also across time within counties, and is an extension to the multiple

treatment case of the strategy proposed by Heckman and Robb (1985) for cases with a single

treatment. Assuming that the TTs vary across counties but not over time, i.e. �ctj (m) = �
ct0
j (m) =

�ct
00

j (m) = �cj(m) for at least three cohorts of entrants at t, t
0, and t00, and given that the probabilities

of receiving treatment are observed, then �cj(m) can be identi�ed, as well as 

c
j(m;m

0); the DTT.15

The key to identifying the TT e¤ect of welfare (6) and assuring that the decomposition in (7) is

correct, is the identi�cation in the �rst step of the counterfactual expected outcome that individuals
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that enter welfare would have had if they had not entered welfare. If the identity of the individuals

on welfare that did not received any training could be observed, this would be unnecessary, because

the end is to calculate the di¤erential treatment e¤ects of the training programs for welfare recipients

only. However, it is necessary to take into account how the observed outcomes for welfare recipients

compare to the outcomes of individuals not in welfare, to avoid confounding factors like the e¤ects

of the economic cycle or the changes in characteristics of new entrants. This makes indispensable

to estimate the TT e¤ect of welfare entry. The assumptions needed to identify this e¤ect will be

discussed below, but �rst it is necessary to take into account the consequences to the analysis above

if the treatment e¤ects of the training programs are not homogeneous.

3.3 Heterogeneous treatment e¤ects

If the treatment on the treated e¤ects are heterogeneous, then the identi�cation of the TT and

DTT becomes more di¢ cult. It is still true that the TT e¤ect of welfare can be decomposed as

�ctj =
P
m
P ctmE[Y

ct
it+j(m)� Yit+j(0)jW ct

i = 1; T cti (m) = 1]

=
P
m
P ctm�

�ct
j (m) (8)

where �
�ct
j (m) is the Conditional Average Treatment on the Treated e¤ect of treatment m, CTT,

as de�ned in (2).

In a second step the variation across cohorts in the probabilities of training can be again

exploited to identify the CTT e¤ects. As in the previous section it is necessary to assume that the

CTT e¤ects are constant over time in a county,16 that is �
�ct
j (m) = �

�ct0
j (m) = �

�ct00
j (m) = �

�c
j (m).

Identifying the CTT e¤ects of each of the m treatments is interesting in itself, but does not

allow to identify the DTT e¤ects 
(m;m0), which are the central interest of this paper. However,

it would still possible to identify these e¤ects if there were variables available that explain the

changes for di¤erent cohorts in the probabilities of receiving training, for reasons not related to the

characteristics of the individuals in these cohorts. This can be seen clearly by decomposing the

e¤ect of treatment m on individual i in two parts,
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�ctij(m) = Y ctit+j(m)� Yit+j(0)

= �ctj (m) + �
ct
ij(m)

where �ctj (m) represents the TT e¤ect of treatmentm, as de�ned in (1) and �
ct
ij = �

ct
ij��ctj represents

the deviation respect to the Average TT for individual i. Then, the CTT e¤ect of treatment m,

identi�ed in a second step as before, can be decomposed as

�
�c
j (m) = �

c
j(m) + E[�

c
ij(m)jW ct

i = 1; T cti (m) = 1]: (9)

Replacing (9) in (8) and de�ning �cj(m) = E[�
c
ij(m)jW ct

i = 1; T cti (m) = 1], the following expression

is obtained:
�ctj =

P
m
P ctm [�

c
j(m) + �

c
j(m)] (10)

where the second term in the bracket represents the heterogeneity in treatment e¤ects across dif-

ferent cohorts due to the average observed and unobserved characteristics of the individuals in each

cohort. This can be interpreted as a problem of endogeneity where if appropriate instruments are

found, then the TT e¤ects of interest (�cj(m)) will be identi�ed. Such instruments need to satisfy

the condition that they a¤ect the probability of each cohort of receiving each type of training,

but are not related to the observed or unobserved average characteristics of the individuals in the

cohort. The availability of instruments that satisfy these conditions will be discussed in Section 5.

3.4 Identi�cation of TT e¤ect of welfare entry

So far I have refrained from discussing the conditions under which the Average Treatment on

the Treated e¤ect of welfare entry can be identi�ed. The non-experimental literature on program

evaluation provides di¤erent alternatives, which depend on the assumptions made about the nature

of the selection process into welfare and training and about the outcome generation process (see

for example Heckman, Lalonde and Smith, 1998).

Unconfoundness The most widely used assumption is unconfoundness or versions of it. Under

this assumption, conditional on observed characteristics X, selection into training and into the
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di¤erent treatments is independent of the potential outcomes. That is,

Yit+j(0) ? WijXi (A)

Yit+j(0) ? Ti(m)jXi: (B)

17It is easy to show that in this case by just calculating the di¤erence of conditional on X

means of observed outcomes for individuals entrants on welfare at time t and a control group, the

decomposition in equation (7) will hold. To see that, take equation (6) and rewrite it using (4), as

�ctj = E[Y
ct
it+j(W )jW ct

i = 1; X]� E[Yit+j(0)jWi = 0; X]

= E[
P
m
T cti (m)Y

ct
it+j(m)jW ct

i = 1; X]� E[Yit+j(0)jW ct
i = 1; X]

= f
P
m
P ctmE[Y

ct
it+j(m)jW ct

i = 1; T cti (m) = 1; X]g � E[Yit+j(0)jW ct
i = 1; X]

=
P
m
P ctmE[Y

ct
it+j(m)� Yit+j(0)jW ct

i = 1; T cti (m) = 1; X]

=
P
m
P ctm�

ct
j (m) (11)

where the second line is implied by the unconfoundness assumption (A), the third line is obtained

by using conditional expectations, and the fourth line is implied by assumption (B).

Allowing for unobservable factors If selection into welfare and into di¤erent treatments oc-

curs not only on observable variables, but also on unobservable factors then the unconfoundness

assumption will not identify adequately the counterfactuals of interest. One way of dealing with

this problem is to use data prior to the treatment period to �di¤erence out�any unobservable factor

that remains constant over time. To allow for selection on (time invariant) unobservables and also

for time variant potential outcomes under no treatment, it is possible to use a control group, and

assume that the changes over time in the outcome for the control group re�ect the changes that

the treated individuals would have experienced if they had not entered welfare (and received the

di¤erent treatments). That is, it can be assumed that

13



E[Y ctit+j(0)� Y ctit�l(0)jW ct
i = 1; T cti (m) = 1]

= E[Y ctit+j(0)� Y ctit�l(0)jW ct
i = 1]

= E[Yit+j(0)� Yit�l(0)jWi = 0]: (12)

Then, the TT e¤ect of welfare entry can be obtained by using a di¤erence in di¤erence strategy

where the di¤erences over time for the control group are subtracted from the di¤erences over time

for the treatment group,

�ctj = E[Y
ct
it+j(W )� Y ctit�l(0)jW ct

i = 1]� E[Yit+j(0)� Yit�l(0)jWi = 0]:

Although this might seem di¤erent to the unconfoundness assumption, if the variable of interest

is rede�ned as Y ctit+j(W )�Y ctit�l(0), then essentially it is the same situation than under unconfound-

ness, where conditioning on a su¢ ciently rich set of covariates, it is assumed that the evolution

over time of the counterfactual for the treatment group is the same as the evolution over time of

the outcome for the control group.

The role of the propensity score De�ning e(X) � Pr(W = 1jX) = E[W jX] as the conditional

probability or propensity score of welfare entry, Rosembaum and Rubin (1983) show that if the

unconfoundness assumption holds conditional on X, then it is also true conditional on e(X). This

reduction in dimensionality will be used when comparing individuals treated (welfare entrants)

versus potential controls, by looking at their propensity score instead of the whole set of covariates

X.

4 Data

The empirical analysis is based on county level information, and on individual level data on welfare

entrants. The data on training is constructed as quarterly averages from published county level

monthly reports by every county of California on the number of people participating in the GAIN

and WTW programs, and in each of the activities of the program.18 Based on these reports,
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the probabilities of training and participating in activities were constructed.19 The period under

analysis is from 1995 Q1 to 1999 Q2. I use data only for the 25 biggest counties in California, to

assure that there is a minimum number of entrants per quarter (at least 100 entrants per quarter).

The individual level data comes from two administrative datasets for the State of California

(MEDS and UI base wage �les) which provide some demographic and family information and

detailed monthly welfare use histories on every individual ever in the welfare system in California,

as well as quarterly earnings histories (before, during, and after welfare) for these individuals, as long

as their jobs are covered under the Unemployment Insurance system (around 90% of the employment

of the State).20 Using the MEDS dataset, new entrants to welfare (de�ned as individuals who enter

welfare for the �rst time as adults since January 1987) were identi�ed.

Some individuals had to be dropped from the analysis sample because they had missing de-

mographic information, or they belonged to a case which had characteristics that did not allow to

construct reliable family structure variables.21 An additional sample restriction is that only adults

between 18 and 45 years old are analyzed (with older welfare recipients it is not clear whether

counties assign them to training or not, and if they do, how e¤ective can training be).22

Table 1 presents descriptive statistics for di¤erent entry cohorts to welfare, de�ned by year of

entry (however, the empirical analyses will be based on quarter of entry). As it can be noted, the

number of new entrants decreases over time, which is consistent with the signi�cant reduction of

the welfare caseload in the period. The number of entrants in 1995 is the highest one (over 100,000

individuals), but in the analyses complete employment and earning histories are available only for

a (randomly selected) sample. All the analyses will account properly for the sampling scheme by

which that random sample was obtained. The Table shows some changes in the demographic com-

position of the entrants (small increase in the proportion of blacks and decrease in the proportion

of Hispanics, and Spanish speakers), and in the composition of the families entering (the number of

children at entry decreased over time, and the proportion of entrants with infants increased). Also,

there are some di¤erences in the employment and earning histories before entry, with a downward

tendency in both employment and earnings measured in quarters 8 and 12 before entry.
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Other variables that will be used in the regression analyses are measures of economic conditions

at the county level. They include unemployment rate, employment to population ratio (total and

in di¤erent sectors), measures of average earnings for all the workers and for speci�c sectors, as

well as growth rates of average employment and earnings.23

5 Estimation strategy

The estimation is based in the two-step strategy presented in section 3.

First step The �rst step entails estimating the treatment e¤ect of welfare entry. The key for

this is the availability of a control group not subject to treatment that satis�es the identifying

assumptions. The data available is comprised only of welfare recipients, but they enter for the �rst

time to welfare at di¤erent points in time. Then, these future cohorts of entrants, can be used as

control groups for periods prior to entering welfare. The biggest problem in using future cohorts

of entrants, is that it is necessary to be careful with how many periods before welfare entry are

admissible to be used, because of the possibility that employment and earnings decline during some

periods prior to the program entry. This phenomenon known in the literature as the �Ashenfelter

Dip�is present in the data under analysis. This is solved by imposing a limit on how many periods

before entering into welfare a future entrant can be used as a control (up to �ve quarters before

entry).

The most relevant issue in the non-experimental evaluation literature is how to select the control

group that satis�es the identifying assumptions. I use the propensity score (probability of welfare

entry) as the basis of comparison between individuals. To estimate the propensity score, all time

periods are re-expressed respect to the welfare entry quarter (time 0). An individual can be used as

control for several di¤erent treatment cohorts, as long as he or she satis�es the speci�ed condition

of being at least �ve quarters apart from his or her own entry to welfare.24 Because time 0 is

rede�ned for each entry cohort, even when an individual is used more than one time, his or her

information used varies according to the entry cohort to which is being compared. Pooling together
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all the observations generated in this way (where all the observations are expressed in terms of time

0), the propensity score can be estimated for each observation. The estimation of the propensity

score is done by running a logit model for welfare entry, in which the covariates are individual

characteristics (the ones presented in Table 1), measures of local economic conditions (for the

calendar quarter corresponding to time 0), full earnings and employment histories in the twelve

quarters preceding to time 0, and indicator functions for county and cohort.

The advantage of estimating a propensity score model with the pooled observations is that a

common support condition can be imposed across entry cohorts. In particular, I am interested

not only in comparing treated individuals with control individuals of similar characteristics (as

measured by the propensity score), but also it is important to impose that the treatment cohorts

be comparable over time. Satisfying this second condition increases the credibility of the second

step in the estimation of the di¤erential treatment e¤ects of training.

After imposing the common support condition across treatment cohorts,25 the propensity score

is re-estimated but separately for each entry cohort and its potential controls, and a common

support condition is imposed between the treated and control individuals in each cohort.26 The

propensity score is re-estimated within entry cohorts for the remaining individuals.

Once the common support conditions are imposed, four set of estimators can be calculated for

each outcome variable in each quarter after welfare entry. The �rst two are OLS estimators of the

treatment e¤ect of welfare entry, not-adjusting for covariates, and adjusting for covariates. The

covariates-adjusted equation estimated is (the unadjusted one assumes �c2t = �
c
3t = 0)

Y cit = �
c
0t + �

c
1tW

c
i + �

c
2tXi + �

c
3tW

c
i (Xi �XW ) + "it (13)

where Y cit represents the outcome of individual i in county c at period t, W
c
i is an indicator if

individual i entered welfare at period 0 (before t), Xi is a set of covariates (which can include

lagged values of the outcome variable), and XW represents the mean of the Xi variables for treated

individuals (XW = �W c
i Xi=�W

c
i ). Then, �

c
1t represents the TT e¤ect in period t of entering

welfare in period 0 (before t), for individuals that entered welfare at county c. That is, �c1t = �
ct
j
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in terms of the notation in section 3.

The second set of estimators use the propensity score in estimating the treatment e¤ects, as a

way to select the appropriate controls for the treated individuals.27 Following Hirano, Imbens and

Ridder (2000) and Hirano and Imbens (2002), the propensity score will be used to re-weight the

individuals in the control group. For estimating TT e¤ects this implies constructing weights for each

individual, based on the estimated propensity score, of the form: !i =Wi+(1�Wi) [ê(Z)=1�ê(Z)],

where again Wi represents an indicator for treated individuals and ê(Z) represents the estimated

propensity score for individual i based on covariates Z: Using these weights an equation equivalent

to (13), with or without extra covariates, can be estimated by Weighted Least Squares, using !i as

the weight for each observation.28

In all these cases a di¤-in-di¤ estimator will be implemented by de�ning a new variable as the

di¤erence of the outcome of interest respect to a lagged value of the outcome before welfare entry.

Second step In the second step, �̂
c

1t, the coe¢ cient estimated in equations of the form (13) in

the �rst step, can be used as a dependent variable in a regression of the form

�̂
c

1t = �t(L)P
c0
Lt + �t(H)P

c0
Ht + �t(N)P

c0
Nt + v

c
t

where �t(L), �t(H), and �t(N) represent the average conditional TT e¤ects of LFA training, HCD

training and no training, respectively, t periods after entering welfare, and P c0Lt , P
c0
Ht, and P

c0
Nt

represent the probability at time 0 for individuals entering welfare in period t in county c of receiving

LFA, HCD and no training respectively. As the sum of the probabilities of each treatment equals

one, then P c0Nt = 1� P c0Lt � P c0Ht, and it is possible to rewrite this equation as:

�̂
c

1t = �0t + �1tP
c0
Lt + �2tP

c0
Ht + v

c
t (14)

where �0 represents the TT e¤ect of no training, while �1 and �2 represent the TT e¤ect of LFA

and HCD training relative to no training.

There is a problem associated to the estimation of (14). As it was discussed in section 3,

under heterogeneous treatment e¤ects, �0; �1 and �2 will not represent the treatment e¤ects of
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interest, but conditional TT e¤ects, because they will include the impact of the average observed

and unobserved characteristics of the individuals in each cohort, on the average TT e¤ects. In

addition, not only the average characteristics of the cohort will determine the CTT, but also, as

is shown in Mitnik (2005), the training policies will be endogenous to such characteristics, because

the counties will adjust their policies to the individuals they need to serve. These two issues can be

solved by using instrumental variables for the probability of LFA and HCD training. Mitnik (2005)

shows that there are several variables that determine the training policies, and that are not related

to the characteristics of the cohort treated. Those variables include total budget for the county,

local economic conditions measures, and variables that are proxy for political participation in the

county, like voting and registration patterns. These variables will be then used as instruments for

P c0Lt and P
c0
Ht in (14).

6 Testing identifying assumptions

Pre-treatment tests The identifying assumptions of section 3 can not be tested directly, but

they can be tested in indirect ways using pre-treatment data for the individuals under analysis.

These tests were proposed by Heckman and Hotz (1989), and are based on the assumption that if

the identifying assumptions hold for a group of individuals before treatment, then they should hold

after treatment. In this way under unconfoundness the following condition should hold:

E[Y ctit�l(0)jW ct
i = 1; Xi] = E[Y

ct
it�l(0)jW ct

i = 0; Xi];

where l >= 2, and a test of the null hypothesis that the treatment e¤ect calculated on period

t� l + 1 is zero should not be rejected.

For the di¤erence in di¤erence estimator, the hypothesis to test is that the treatment e¤ect

calculated as

E[Y ctit�l(W )� Y ctit�l�j(0)jW ct
i = 1]� E[Yit�l(0)� Yit�l�j(0)jWi = 0];

or in its conditional version, are zero, for l >= 1 and j > 0.
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Balancing tests Dehejia and Wahba (2002) and Smith and Todd (2003, forthcoming) remark

the usefulness of �balancing tests� that can help in choosing the speci�cation of the propensity

score. The idea of these tests if that after conditioning on the propensity score, there should not

be dependence of W on Z (the variables included in the estimation of the propensity score). That

is,
E[W jZ;Pr(W = 1jZ)] = E[W jPr(W = 1jZ)]:

Here I will resort to a simple test of di¤erence of means for treated and control individuals, weighting

control individuals by the propensity score, with weights similar to the ones presented in the

previous section. These di¤erences of means should be statistically not signi�cant.

7 Results

Propensity score/common support condition Before the �rst step (estimation of TT e¤ects

of welfare), it was necessary to select the individuals that would be controls, and impose the

common support conditions described in section 5. Based on the pooled dataset of all treated

and potential control individuals a �pooled� propensity score was calculated. Histograms of the

estimated propensity scores, for treated and control individuals, are presented in Figure 2. As it

can be seen in the Figure, the distribution for the controls is more skewed to the right than for the

treated, implying that there are very few or no controls comparable to the treated individuals with

higher propensity score values, and very few treated individuals for the lower values. The Figure

shows also with the dashed lines the lower and higher bound of the propensity score that satisfy

the common support condition across treatment cohorts.29 These bounds implied that 15% in the

lower tail and 10% in the upper tail of the propensity score distribution for treated individuals were

dropped for not satisfying the common support condition. Among the controls the percentages were

much higher (as expected), with 52% of the potential controls dropped because of a low propensity

score and 1% because of a high propensity score. Although the number of treated individuals

dropped is signi�cant, this will make cross-treated cohorts comparisons more credible.30

Table 2 compares the means of several covariates and pre-treatment outcomes for the treated
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and controls (weighted), as a sort of �balancing test�. Although in most of the cases the di¤erences

of means appear as statistically signi�cant, the actual di¤erences are extremely small in all the

cases except for the lagged outcomes (earnings and employments) in the last quarter before welfare

entry, and for the number of kids at entry. Di¤erent speci�cations of the propensity score that were

tested did not produce di¤erent results.31

After imposing this �pooled�common support condition, an extra condition was imposed, this

time to make sure that treatment and controls within each county/cohort combination satisfy a

common support condition. The application of this extra condition implied that on average an

extra 6% of the treated cases and 25% of the remaining potential controls were dropped. In the

end, for all the county/cohort/outcome quarter cells, the average number of treated and controls

per cell that satis�ed the common support conditions were 434 and 3756 respectively.32

First step: TT e¤ects of welfare The �rst step estimation results were obtained by running

di¤erent speci�cations based on equation (13). Several outcomes are of interest: employment

(indicator for positive earnings in the quarter), quarterly earnings, and di¤erentiated versions of

these two variables respect to a base period. To avoid using a quarter that could be considered

part of the �Ashenfelter dip�, the �fth quarter before entry to welfare was selected as base period.

For each of these outcome variables the e¤ects from 1 quarter up to 16 quarters after welfare entry

were analyzed (data on employment and earnings is available until the last quarter of year 2000,

so for the last entry cohort studied, 1999 Q2, only 6 quarters were analyzed).

Table 3 presents the estimated TT e¤ects of welfare entry, for the average of all the counties and

entry cohorts (the e¤ects were estimated separately by cohort/county/quarter cell, the displayed

e¤ects are weighted averages). Four speci�cations are shown for employment and four for earnings.

The columns labeled �unweighted by the propensity score�refer to the estimation of (13) by OLS,

while the ones labeled �weighted by the propensity score� estimate the same equation but with

WLS, with weights for the control group as speci�ed above. Within each of these speci�cations, the

ones labeled �level�refer to the estimation with the outcome variable in levels including covariates

in the regressions. The ones labeled �di¤-in-di¤�refer to the estimation with the outcome variable
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di¤erentiated respect to quarter 5 before welfare entry, and do not include other covariates.

The results in Table 3 show that in most of the cases there are not huge di¤erences in the patterns

of the coe¢ cients across estimators, but there are di¤erences in precision, with weighted di¤-in-

di¤ estimators showing the smaller standard errors. For those estimators both for employment

and earnings, the initial e¤ect of welfare entry appears to be negative or non signi�cant becoming

statistically signi�cant (positive) from quarter 6 onwards.

The results in Table 3 are not very useful in the sense that they do not provide any guidance on

how to choose among the four alternative estimators presented. The speci�cations tests presented

in the previous section can be specially helpful with respect to this issue. Table 4 presents summary

results of applying these tests to the four estimators under analysis. For the level estimators the

test is performed by computing the treatment e¤ect for lagged outcomes at 1, 4, 8 and 11 quarters

before welfare entry. For the di¤-in-di¤ estimators, the lagged outcomes are di¤erentiated with

respect to the previous period lagged outcome (i.e., quarter 1 is di¤erentiated by quarter 2, etc.).

This is done for each cohort/county combination, for the treatment and control groups used in the

di¤erent periods after entry. The reason why it is necessary to perform the test for each period

after welfare is that the control groups can (potentially) change each period, when individuals

stop being eligible as controls due to being too close to their own welfare entry. The Table shows

the proportion of county/cohort �cells� for which the test is statistically signi�cant at the 5%

signi�cance level. At this signi�cance level it should be expected no more than 5% of the cases in

which the null hypothesis is rejected, but as it is clear from the table the rejection rate is higher

than that in all the cases. The unweighted estimators perform particularly poorly, although the

unweighted di¤-in-di¤ estimator performs slightly better. For the weighted by propensity score

estimators the di¤-in-di¤ perform in almost all cases better than the level estimators. Respect to

the evolution over quarters after welfare, for the �rst 6/8 quarters the di¤-in-di¤ estimator performs

relatively well, and the quality of the matches seem to worsen for the later quarters after entry.

This is probably not surprising given that for the later periods the number of controls available

gets smaller by de�nition. Overall the results in Table 4 suggest that the weighting by propensity
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score di¤-in-di¤ estimator should be the preferred one. Note, that the results do suggest that the

estimator is not able to account for all the pre-entry di¤erences between treatment and control

groups. So, the results should be analyzed keeping this caveat in mind.

The treatment e¤ect of entering welfare is interesting in itself, in particular when being analyzed,

for example, by entry cohorts. Figures 3 to 6 present the treatment e¤ects for the weighted by

propensity score estimators in levels and di¤-in-di¤, for employment and earnings. Only the �rst

cohort of each year is presented to make the �gures readable. A clear pattern emerge: the earliest

cohort (19995 Q1) had a much harder time recovering from the shock(s) that generated their

entry to welfare (8 quarters until the employment e¤ects become non-negative, and 6 quarters for

earnings). The later cohorts have had much shorter periods of negative outcomes, and had very

similar patterns of positive e¤ects on employment and earnings from quarter 6 onwards.

What is the interpretation of these results? The central argument of this paper is that the

di¤erences in the e¤ects of welfare entry re�ect, at least in part, the policy changes in the training

policies (GAIN and WTW Programs) followed by the counties. The next step is precisely estimating

the e¤ect of the training policy changes on the TT e¤ects of welfare entry, and obtain the di¤erential

e¤ects of LFA versus HCD programs.

Second step: conditional TT e¤ects of training policies In this second step, the TT e¤ects

estimated using the weighting by propensity score di¤-in-di¤ estimator in the �rst step are used as

dependent variables in regressions like equation (14). For each outcome (employment or earnings)

and for each quarter after entering welfare, WLS regressions were estimated, with the weights

given by the average in the period of the welfare caseload of each county, to take into account the

di¤erences in sizes between the counties

Tables 5 and 6 show the results for employment and earnings respectively. Each table shows the

results of estimating just by OLS, and of estimating an IV model in which Pr(LFA) and Pr(HCD)

are instrumented. The choice of instruments is determined by the results in Mitnik (2005) who

showed that variables not related to the characteristics of the individuals have an important e¤ect

on the training policies.33 The statistics for the �rst stage of the IV regressions included in the
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Tables show that the instruments are highly correlated with the probabilities of training variables

and that they are jointly signi�cant.

As it was explained in Section 5, the coe¢ cients in regressions of the form (14) can be directly

interpreted as the di¤erential treatment e¤ects of LFA and HCD versus no training. The results

from the IV regressions are not drastically di¤erent from the OLS ones, although they are higher for

the LFA coe¢ cients, and in some cases statistically more signi�cant for the no training and HCD

coe¢ cients. Both for employment and earnings the pattern that emerges is one in which for the

�rst 9/10 quarters the e¤ects of LFA training are strongly positive (around 20% for employment,

between $800 and $1000 for earnings) and are non signi�cant or negative for the fourth year after

welfare entry.

The results on HCD training are mostly non signi�cant or negative, while for no training, the

results are negative the �rst few quarters, non signi�cant up to the 7th quarter, and from the 8th

quarter after entry they appear as positive and signi�cant both for employment and earnings (the

e¤ects on employment are of around 8% and on earnings around $500/600).

Tables 7 and 8 present again the IV speci�cations but including a dummy indicating the cohorts

that entered welfare after welfare reform was implemented (�rst quarter of 1998 in California).

Interactions of this dummy with the probabilities of LFA and HCD training were also included,

to analyze if there are di¤erent treatment e¤ects in the period after welfare reform. Under this

speci�cation it is very remarkable how the pre-welfare e¤ects of LFA training become really big

and positive, and in the post-welfare reform period they are close to zero. This suggest that after

welfare reform the training programs became less signi�cant and that the entry cohorts show a

very fast recovery towards positive outcomes just 2 or 3 quarters after entry. The fact that after

welfare reform time limits (that reduce the incentives for individuals to stay on welfare) and strongly

�nancial incentives for work were introduced, could explain the turnaround.

In summary, the results are relatively in line with the �ndings from previous evaluations of

WTW programs, with LFA training showing early positive results that fade after around 2 years

and HCD training not showing positive results in the four years after entry to welfare.34 When
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allowing for di¤erential e¤ects for the pre and post welfare reform periods, the striking fact is that

the previous results are stronger for the pre-welfare reform period, but for the post welfare reform

period the training programs do not seem to have any positive e¤ect.

8 Conclusions

In this paper I developed an econometric strategy that allowed me to estimate the e¤ects of two

di¤erent training strategies for welfare recipients, under a situation of unknown treatment status,

using data for Welfare to Work program in California. This is achieved by �rst estimating the

treatment e¤ect of welfare entry, for di¤erent entry cohorts, using non-experimental methods based

on propensity score weighting. And second, by exploiting cross county and cross time heterogeneity

in training policies followed by the counties of California.

The results show that the e¤ects of welfare entry change over time with later cohorts experi-

encing a much rapid recovery from the shock(s) that determine their entry in the �rst place. These

changes are, at least partly, attributed to changes in training policies by counties in California.

By explaining the patterns of the e¤ects of entry to welfare using the training policies, it is

possible to obtain measures of the di¤erential treatment e¤ects of the LFA and HCD training

strategies. The results are consistent with previous evaluations of these types of training programs,

with LFA training showing positive e¤ects on employment and earnings for around 10 quarters,

and fading afterwards, and HCD training showing non-signi�cant or negative e¤ects. For the no

training alternative the e¤ects are interesting, because the e¤ects become positive around 6 quarters

after welfare entry.

A particularly surprising result is that if the treatment e¤ects are allowed to di¤er before and

after welfare reform, the pre-welfare reform results are similar to the ones before, but the after

welfare reform results show no e¤ect of none of the training strategies, and strong positive e¤ect

of the no training option. The implementation after welfare reform of time limits and work and

�nancial incentives rules, among other changes, might have generated such changes in the entry

and welfare use decisions of individuals that is very di¢ cult to interpret this pattern. Also the
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relatively short period of time after welfare reform covered by this study suggest that it would be

necessary to extend the analysis further to obtain more clear patterns.

However, this result highlights an important limitation of the prior evaluations of training

programs through experiments. Because none of the experimental studies were conducted in an

environment like the one generated after welfare reform, it is very limited what can be learned from

them in terms of applying similar programs to very di¤erent contexts.

If in addition one takes into account the cost and practical di¢ culties (for example how to select

a randomized out control group in a world with time limits) of conducting experiments, the fact

that a non-experimental methodology like the one proposed in this paper can be used to estimate

the treatment e¤ects of interest, is very encouraging.
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Notes

1The Job Opportunity and Basic Skills (JOBS) Program was directed to help families on welfare

avoid long-term welfare use by providing job search assistance, education, work experience, voca-

tional training, and other employment-related services, and required all parents (except those with

small children) to participate in these work-related activities or face a reduction in the amount of

assistance received (Haveman and Wolfe, 2000).

2The three sites were Riverside (California), Grand Rapids (Michigan) and Atlanta (Georgia).

3Grogger, Klerman and Karoly (2002, pp. 96) state: �The results indicate that this type of policy

generally increases both employment and earnings. In the short run, work programs that focus on

job search generally yielded greater e¤ects than programs that focus on skills building. After the

�rst few years, the impacts of the program faded, although most remained positive. The impact

di¤erential between the search-oriented programs and the skills-oriented programs also faded with

time�.

4Grogger, Karoly and Klerman (2002) analyze a few experiments that mix work requirements

and �nancial incentives or time limits, and although the results seem to be positive, they are not

conclusive.

5The study by Hotz, Imbens and Klerman (2000), which is based on GAIN�s evaluation, raises

another issue which is the long-term di¤erential e¤ects of LFA versus HCD programs. In their

study they show that over a 9 year periods, the e¤ects for Alameda and Los Angeles counties are

similar to, or even slightly better than, the e¤ects for Riverside.

6A di¤erent approach is proposed by Manski (2000, 2001) by using previous experimental results

to inform the treatment decisions for di¤erent populations. Pepper (2002) applies this methodology

using information for the WTW programs in the NEWWS experiment.

7Heckman and Smith (1995) provide several other disadvantages associated to conducting social

experiments.
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8TANF replaced AFDC after the passage of the Personal Responsibility and Work Opportunity

Reconciliation Act (PRWORA) in 1996. California was the last state to implement TANF, starting

in January 1998 under the CalWORKs name.

9However, participation in the WTW program does not mean necessarily receiving training

services. There are non-training activities that count as participation in the WTW program (like

using substance abuse services).

10This paper covers the period 1995-June 1999 because after June 1999 a new report system

for the WTW program (WTW25) was implemented by the state of California, that was not fully

functional until 2000. Because the comparability of the data from WTW25 with the data from the

original report system (GAIN25) is far from clear, only the data from GAIN25 is used.

11Figure 1 does not show the important cross county variation in these proportions, which will

be exploited in the empirical application.

12The �no training� treatment might mean, then, that if the individual stayed long enough in

welfare, she could have received eventually some training services, even though that did not happen

as a new entrant.

13See for example Heckman and Hotz (1989), Friedlander and Robins (1995), Heckman and Smith

(1995), Dehejia and Wahba (1998, 2002), Bloom et. al (2002), and Smith and Todd (2003).

14See Heckman, Lalonde and Smith (1998) on the uses and interpretation of the di¤erent para-

meters normally estimated in the evaluation literature.

15Alternatively, it could be assumed that the TTs are constant across counties, i.e. �ctj (m) =

�c
0t
j (m) = �

c00t
j (m) = �tj(m) for at least three counties c, c

0, and c00 for the cohort of entrants at time

t; and �tj(m) and 

t
j(m;m

0) will be identi�ed.

16Or alternatively that they are constant across counties at a point of time.

17For the purposes of this paper the weaker assumption of conditional mean independence is

su¢ cient. This implies that conditional on observable characteristics X, the expected potential

outcomes are the same for every individual: E[Y ctit+j(0)jWi = 1; X] = E[Y ctit+j(0)jWi = 0; Xi] and
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E[Y ctit+j(m)jWi = 1; T
ct
i (m) = 1; X] = E[Yit+j(0)jWi = 0; Xi].

18As has been already mentioned in section 2, the data used is from the GAIN25 report (that

covers the GAIN Program period and the �rst year and half of the WTW Program).

19The monthly reports record the number of individuals participating in either the GAIN or

WTW programs, and the number of �activities� o¤ered during the month. Potentially some in-

dividuals might participate in more than one activity, which might imply that more activities are

o¤ered than people in the program. Then the proportions of individuals in LFA and HCD programs

were calculated by summing up the activities in each category dividing by the sum of LFA and

HCD total number of activities, and then multiplying this proportion by the ratio of the number

of adults participating in the GAIN/WTW program to the total adult caseload, in the month. In

some few cases (for small counties) this last ratio resulted in numbers slightly over one. In these

cases the ratios were rounded to one.

20The MEDS (MediCal Eligibility Data System) dataset goes from 1987 to 2000 and contains the

welfare use and individual level information (although MEDS identi�es welfare cases, no families, it

is possible to use the case-level data to construct proxies for measures of family characteristics). The

Unemployment Insurance (UI) base wage data goes from 1993 to 2000, and comes from the quarterly

reports �led by employers to the California Employment Development Department (EDD). These

two datasets were matched through the individuals Social Security Number, to form a dataset that

contains not only the (monthly) welfare use history but also the (quarterly) earnings histories of

every individual in Welfare in California during the 1990s.

21Missing or invalid personal information refers primarily to SSN not valid, and/or missing date

of birth, sex or ethnicitcy. Also, because MEDS identi�es cases, not families, it is necessary to be

careful to identify cases that can be credibly called �families�. The cases dropped were all cases in

which more than one adult in FG or two adults in UP cases received welfare, had more than two

adults not receiving welfare, and had more than 5 kids on welfare.

22In the 1995 Q1 through 1999 Q2 period there were 505,280 welfare entrants in California.
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Of those, 147,331 (29.1%) were dropped from the analyses because they had missing or invalid

information or they were older than 45 years. Of the remaining 357,949 cases, 30,601 (8.5%)

were dropped because they entered welfare in small counties where less than 100 people entered

welfare per quarter. The analysis sample is then composed of 327,348 new entrants for which their

characteristics are presented in Table 2. In summary, 65% of all the new entrants in the period are

included, with a concentration of half of these entrants in some few counties (Los Angeles, Orange,

Riverside, San Bernardino, San Diego, and Sacramento). In addition to these, the following counties

were included: Alameda, Butte, Contra Costa, Fresno, Imperial, Kern, Madera, Merced, Monterey,

San Francisco, San Joaquin, Santa Barbara, Santa Clara, Shasta, Solano, Sonoma, Stanislaus,

Tulare and Ventura

23The Bureau of Labor and Statistics (BLS) publishes the county level unemployment rates,

based on survey methods. The employment and earnings measures are published by the California

Employment and Development Department (EDD) and BLS as part of the program known as

ES-202 or Covered Employment and Wages.

24When calculating the treatment e¤ects for a given entry cohort, at di¤erent quarters after entry,

the same individual may be used several times as a control as long as he or she are �ve quarters

appart from their own entry.

25The common support condition across entry cohorts requires that all individuals have a propen-

sity score not lower than the highest of the minimum propensity score within each entry cohort,

and not higher than the lowest maximum propensity score within each entry cohort.

26The common support condition within an entry cohort requires than no control individual can

have a lower propensity score than the lowest propensity score among treated individuals, and that

no treated individual can have a higher propensity score than the highest propensity score among

control individuals. In addition all individuals with propensity score below 0.02 and above 0.98 are

dropped, which assures that no individual observation can have an excesive weight when weighting

by the propensity score.
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27An alternative to use the propensity score would be to match individuals directly on the Xs,

as proposed for example by Abadie and Imbens (2002).

28An advantage of this method, as opposed to other methods like matching on the propensity

score, for example the one proposed by Heckman, Ichimura and Todd (1998), is that it is less

demanding computationally, which is important in this case given the large number cohorts for

which TT e¤ects need to be estimted.

29This means that the max{minimum prop score}=0.1203 and that the min{maximum prop

score}=0.5545.

30Crump, Hotz, Imbens and Mitnik (2005) show how the application of an optimal common

support condition changes the estimand (with respect to the original) but that this change will be

desirable due to the e¢ ciency gains associated to dropping individuals in the tails of the propensity

score distribution.

31Also, it is interesting to compare the last column of Table 1 with the �rst column of Table 2, to

assess the e¤ects of applying the common support conditions, on the characteristics of the treated

individuals.

32Even after dropping a large number of controls due to the common support conditions, still

a huge number of controls for each cohort/county/quarter remains available. This is particularly

true for the earliest entry cohorts. Therefore, for the cases in which the remaining pool of potential

controls is large, a random sample, by cohort/county/quarter �cell�, of those controls was selected.

33The instruments used are log(total budget), local economic conditions variables (employ-

ment/population ratio, average earnings, employment growth and average earnings growth for

retail trade sector), political variables (voting and registration patterns for state assembly) and

population-level demographic variables of the counties. See Mitnik (2005) for details.

34Hotz, Imbens and Klerman (2005) �nd that the e¤ects of HCD take a relative long time to

show in the data and that over an extended period they can surpass the e¤ects of LFA programs.

So, is not surprising that in the two years after entry the e¤ects of HCD are not signi�cant.
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Table 1. Characteristics of individuals analyzed by year of first entry to welfare as adult
              (Average 25 counties, standard deviations in parentheses)

Variable 1995 1996 1997 1998 1999* Avg. 1995-99
Female 0.76 0.74 0.75 0.74 0.75 0.75

(0.43) (0.44) (0.43) (0.44) (0.43) (0.43)
White 0.35 0.36 0.37 0.34 0.34 0.35

(0.48) (0.48) (0.48) (0.48) (0.47) (0.48)
Hispanic 0.40 0.39 0.38 0.37 0.37 0.39

(0.49) (0.49) (0.48) (0.48) (0.48) (0.49)
Black 0.17 0.16 0.19 0.20 0.20 0.18

(0.37) (0.37) (0.39) (0.40) (0.40) (0.38)
English 0.82 0.82 0.84 0.85 0.84 0.83

(0.38) (0.39) (0.37) (0.36) (0.36) (0.38)
Spanish 0.12 0.12 0.10 0.08 0.09 0.11

(0.33) (0.33) (0.29) (0.28) (0.28) (0.31)
Age at entry 26.0 26.7 26.2 25.8 25.6 26.2

(0.62) (0.71) (0.67) (0.63) (0.58) (0.66)
FG/0P/1P at entry 0.72 0.69 0.71 0.69 0.71 0.71

(0.47) (0.44) (0.46) (0.48) (0.48) (0.47)
Received welfare as child 0.34 0.25 0.30 0.35 0.37 0.32

(0.07) (0.06) (0.01) (0.01) (1.00) (0.04)
Number of kids at entry                 1.38 1.38 1.36 1.34 1.29 1.36

(0.43) (0.43) (0.44) (0.45) (0.45) (0.44)
Kids<1 at entry 0.25 0.25 0.27 0.29 0.29 0.26

(0.50) (0.50) (0.50) (0.50) (0.50) (0.50)
Kids 1-5 at entry           0.50 0.49 0.50 0.49 0.48 0.49

(0.43) (0.44) (0.43) (0.41) (0.41) (0.43)
Kids 6-12 at entry          0.24 0.26 0.24 0.22 0.21 0.24

(0.30) (0.32) (0.30) (0.29) (0.27) (0.30)
Kids 13-17 at entry         0.10 0.11 0.10 0.09 0.08 0.10

(0.45) (0.46) (0.46) (0.46) (0.45) (0.46)
Employed 1 qtr before entry 0.32 0.34 0.33 0.33 0.34 0.33

(0.47) (0.47) (0.47) (0.47) (0.47) (0.47)
Employed 4 qtrs before entry 0.35 0.37 0.36 0.35 0.36 0.36

(0.47) (0.48) (0.48) (0.48) (0.49) (0.48)
Employed 8 qtrs before entry 0.33 0.35 0.33 0.32 0.31 0.33

(0.48) (0.48) (0.48) (0.48) (0.49) (0.48)
Employed 12 qtrs before entry 0.29 0.31 0.29 0.27 0.26 0.29

(0.48) (0.48) (0.48) (0.48) (0.48) (0.48)
Earnings 1 qtr before entry     ($1,000) 0.74 0.80 0.75 0.74 0.76 0.76

(0.48) (0.48) (0.48) (0.48) (0.48) (0.48)
Earnings  4 qtrs before entry  ($1,000) 1.03 1.07 0.99 0.94 0.95 1.01

(0.47) (0.48) (0.48) (0.47) (0.48) (0.48)
Earnings  8 qtrs before entry  ($1,000) 1.09 1.14 1.01 0.93 0.88 1.05

(0.47) (0.48) (0.48) (0.47) (0.47) (0.47)
Earnings 12 qtrs before entry ($1,000) 1.09 1.10 0.97 0.84 0.79 1.01

(0.47) (0.48) (0.47) (0.47) (0.46) (0.47)
Number of Entrants** 35,525 84,188 63,492 54,434 24,822 262,461

Notes:
*  First two quarters only
** For 1995 the actual number of entrants was 100,412 but only a random sample, for which lagged earnings
    and employment measures are available, is used. Thus the information for 1995 is weighted to account for
    the sampling scheme. For Avg. 1995-99 represents the total number of entrants analyzed in the period.



Table 2. Characteristics of pooled cohorts of treated vs. conrols individuals 
              that satisfy common support condition /a

Variable Treated Controls
Mean Mean /b

Female 0.77 0.76 0.01 ***
(0.42) (0.43)

White 0.36 0.36 0.00 ***
(0.48) (0.48)

Hispanic 0.38 0.38 0.00 **
(0.49) (0.49)

Black 0.17 0.18 -0.01
(0.38) (0.38)

English 0.85 0.84 0.01 ***
(0.36) (0.37)

Spanish 0.10 0.11 -0.01 ***
(0.30) (0.31)

Age at entry 26.0 26.5 -0.5 ***
(7.7) (7.7)

FG/0P/1P at entry 0.72 0.72 0.00 ***
(0.45) (0.45)

Received welfare as child 0.30 0.29 0.01 ***
(0.46) (0.45)

Number of kids at entry                 1.22 1.31 -0.09 ***
(0.99) (1.05)

Kids<1 at entry 0.29 0.29 0.00 ***
(0.45) (0.45)

Kids 1-5 at entry           0.43 0.48 -0.05 ***
(0.50) (0.50)

Kids 6-12 at entry          0.22 0.25 -0.03 ***
(0.41) (0.44)

Kids 13-17 at entry         0.11 0.11 0.00 ***
(0.31) (0.32)

Employed 1 qtr before entry 0.32 0.33 -0.01 ***
(0.47) (0.47)

Employed 4 qtrs before entry 0.37 0.36 0.01 ***
(0.48) (0.48)

Employed 8 qtrs before entry 0.35 0.34 0.01 ***
(0.48) (0.47)

Employed 12 qtrs before entry 0.30 0.30 0.00 ***
(0.46) (0.46)

Earnings 1 qtr before entry     ($1,000) 0.63 0.74 -0.11 ***
(1.33) (1.48)

Earnings  4 qtrs before entry  ($1,000) 0.98 1.00 -0.02 ***
(1.96) (2.02)

Earnings  8 qtrs before entry  ($1,000) 1.04 1.04 0.00
(2.20) (2.21)

Earnings 12 qtrs before entry ($1,000) 1.01 1.01 0.00
(2.26) (3.15)

Number of individuals 197,728 613,740 -

Notes: 
*, **, *** denote difference statistically significant at 1%, 5% and 1% level respectively.
/a The propensity score was calculated pooling treated and control individuals for all the
    cohorts, and keeping only individuals with propensity score higher than the maximum
    of the minimum propensity scores across cohorts, and smaller than the minimum 
    of the maximum propensity scoress across cohorts (interval [0.1203,0.5545]).
/b The means for control individuals were calculated weighting by (Pi/1-Pi), where 
    Pi=propensity score for individual i.

of Means
Difference



Ta
bl

e 
3.

 A
ve

ra
ge

 T
re

at
m

en
t o

n 
th

e 
Tr

ea
te

d 
Ef

fe
ct

s 
of

 fi
rs

t t
im

e 
w

el
fa

re
 e

nt
ry

 fo
r 1

99
5 

Q
1 

to
 1

99
9 

Q
2 

co
ho

rt
s 

in
 2

5 
C

A
 c

ou
nt

ie
s

   
   

   
   

  (
w

ei
gh

te
d 

av
er

ag
e 

of
 c

oh
or

t/c
ou

nt
y 

tr
ea

tm
en

t e
ffe

ct
s)

Q
tr

s 
A

fte
r

N
um

be
r o

f
W

el
fa

re
C

oh
or

ts
 &

En
tr

y
C

ou
nt

ie
s

1
45

0
-0

.0
6

**
*

-0
.1

0
**

*
-0

.0
6

**
*

-0
.0

7
**

*
-0

.3
2

**
*

-0
.4

4
**

*
-0

.3
1

**
*

-0
.2

9
**

*
(0

.0
2)

(0
.0

2)
(0

.0
1)

(0
.0

1)
(0

.0
8)

(0
.0

8)
(0

.0
4)

(0
.0

5)
2

45
0

-0
.0

1
-0

.0
7

**
*

-0
.0

1
-0

.0
3

**
-0

.0
9

-0
.2

6
**

*
-0

.0
9

-0
.1

2
**

(0
.0

6)
(0

.0
2)

(0
.0

2)
(0

.0
1)

(0
.2

1)
(0

.0
8)

(0
.0

6)
(0

.0
6)

3
45

0
0.

01
-0

.0
4

*
0.

01
0.

00
-0

.0
1

-0
.1

2
0.

00
0.

00
(0

.0
2)

(0
.0

2)
(0

.0
1)

(0
.0

2)
(0

.0
9)

(0
.0

8)
(0

.0
5)

(0
.0

6)
4

45
0

0.
02

-0
.0

1
0.

02
0.

02
0.

15
0.

06
0.

17
0.

15
(0

.0
4)

(0
.0

2)
(0

.0
3)

(0
.0

2)
(0

.2
9)

(0
.2

6)
(0

.4
0)

(0
.3

6)
5

45
0

0.
04

0.
01

0.
04

0.
03

0.
17

0.
11

0.
18

0.
19

(0
.0

4)
(0

.0
3)

(0
.0

4)
(0

.0
2)

(0
.1

9)
(0

.1
1)

(0
.2

0)
(0

.0
9)

6
45

0
0.

05
0.

02
0.

05
0.

05
**

0.
26

0.
21

*
0.

27
0.

27
**

(0
.0

5)
(0

.0
3)

(0
.0

6)
(0

.0
2)

(0
.2

4)
(0

.1
2)

(0
.2

7)
(0

.1
1)

7
45

0
0.

06
0.

03
0.

06
0.

06
**

0.
31

0.
27

**
0.

27
0.

33
**

(0
.0

5)
(0

.0
3)

(0
.0

6)
(0

.0
3)

(0
.2

5)
(0

.1
3)

(0
.2

9)
(0

.1
1)

8
45

0
0.

06
0.

03
0.

06
0.

06
**

0.
33

*
0.

31
**

0.
31

0.
34

**
(0

.0
4)

(0
.0

3)
(0

.0
4)

(0
.0

3)
(0

.1
9)

(0
.1

3)
(0

.2
0)

(0
.1

2)
9

42
5

0.
07

*
0.

03
0.

07
*

0.
07

**
0.

38
**

0.
36

**
*

0.
40

**
0.

39
**

(0
.0

4)
(0

.0
3)

(0
.0

4)
(0

.0
3)

(0
.1

9)
(0

.1
4)

(0
.1

9)
(0

.1
2)

10
40

0
0.

07
*

0.
04

0.
08

*
0.

07
**

*
0.

41
**

0.
40

**
*

0.
42

**
0.

44
**

*
(0

.0
4)

(0
.0

3)
(0

.0
4)

(0
.0

3)
(0

.1
9)

(0
.1

4)
(0

.2
0)

(0
.1

3)
11

37
5

-0
.1

7
0.

04
-0

.1
7

0.
08

**
*

-0
.0

5
0.

44
**

*
-0

.0
3

0.
50

**
*

(2
.3

7)
(0

.0
3)

(0
.7

9)
(0

.0
3)

(1
1.

86
)

(0
.1

4)
(4

.0
4)

(0
.1

3)
12

35
0

0.
08

*
0.

04
0.

07
0.

08
**

*
0.

48
**

0.
49

**
*

0.
47

*
0.

52
**

*
(0

.0
4)

(0
.0

3)
(0

.0
5)

(0
.0

3)
(0

.2
2)

(0
.1

5)
(0

.2
5)

(0
.1

4)
13

32
5

0.
06

0.
03

0.
06

0.
07

**
0.

44
*

0.
46

**
*

0.
41

*
0.

51
**

(0
.0

4)
(0

.0
3)

(0
.0

4)
(0

.0
3)

(0
.2

2)
(0

.1
6)

(0
.2

4)
(0

.1
5)

14
30

0
0.

08
*

0.
04

0.
08

*
0.

08
**

0.
51

**
0.

48
**

*
0.

47
*

0.
53

**
(0

.0
5)

(0
.0

3)
(0

.0
5)

(0
.0

3)
(0

.2
5)

(0
.1

7)
(0

.2
7)

(0
.1

7)
15

27
5

0.
07

0.
04

0.
07

*
0.

08
**

0.
53

**
0.

54
**

*
0.

50
**

0.
54

**
(0

.0
4)

(0
.0

4)
(0

.0
4)

(0
.0

3)
(0

.2
5)

(0
.1

8)
(0

.2
5)

(0
.1

8)
16

25
0

0.
06

0.
04

0.
04

0.
07

**
0.

50
*

0.
58

**
*

0.
45

0.
54

**
(0

.0
5)

(0
.0

4)
(0

.0
5)

(0
.0

4)
(0

.2
7)

(0
.1

9)
(0

.3
3)

(0
.1

9)

N
ot

es
:

*,
 *

*,
 *

**
 d

en
ot

e 
co

ef
fic

ie
nt

 is
 s

ig
ni

fic
an

t a
t 1

0%
, 5

%
 a

nd
 1

%
 le

ve
l r

es
pe

ct
iv

el
y 

(s
ta

nd
ar

d 
er

ro
rs

 in
 p

ar
en

th
es

is
)

Th
e 

ou
tc

om
es

 in
 "l

ev
el

" c
ol

um
ns

 d
ep

ic
t t

he
 re

su
lts

 o
f r

eg
re

ss
io

ns
 th

at
 in

cl
ud

e 
co

va
ria

te
s 

in
 a

dd
iti

on
 to

 th
e 

tre
at

m
en

t i
nd

ic
at

or
.

Th
e 

ou
tc

om
es

 in
 "d

iff
-in

-d
iff

" c
ol

um
ns

 d
ep

ic
t t

he
 re

su
lts

 o
f r

eg
re

ss
io

ns
 o

f t
he

 d
iff

er
en

ce
 o

f t
he

 o
ut

co
m

e 
va

ria
bl

e 
re

sp
ec

to
 to

 it
s 

va
lu

e 
in

 
qu

ar
te

r 5
 b

ef
or

e 
en

try
 to

 w
el

fa
re

, w
ith

ou
t o

th
er

 c
ov

ar
ia

te
s.

Th
e 

"u
nw

ei
gh

te
d 

by
 p

ro
pe

ns
ity

 s
co

re
" s

pe
ci

fic
at

io
ns

 a
re

 re
gu

la
r O

LS
 re

gr
es

si
on

s,
 th

e 
"w

ei
gh

te
d 

by
 p

ro
pe

ns
ity

 s
co

re
" o

ne
s 

ar
e 

W
LS

re
gr

es
si

on
s 

w
ith

 w
ei

gh
ts

 fo
r t

he
 c

on
tro

l i
nd

iv
id

ua
ls

 g
iv

en
 b

y 
(P

i/1
-P

i),
 w

he
re

 P
i i

s 
th

e 
pr

op
en

si
ty

 s
co

re
 fo

r i
nd

iv
id

ua
l i

.

Em
pl

oy
m

en
t

Ea
rn

in
gs

 ($
1,

00
0)

U
nw

ei
gh

te
d 

by
 P

ro
p.

 S
co

re
W

ei
gh

te
d 

by
 P

ro
p.

 S
co

re
U

nw
ei

gh
te

d 
by

 P
ro

p.
 S

co
re

W
ei

gh
te

d 
by

 P
ro

p.
 S

co
re

Le
ve

l  
 

D
iff

-in
-D

iff
   

Le
ve

l  
 

D
iff

-in
-D

iff
   

Le
ve

l  
 

D
iff

-in
-D

iff
   

Le
ve

l  
 

D
iff

-in
-D

iff
   



Ta
bl

e 
4.

 P
ro

po
rt

io
n 

of
 p

re
-tr

ea
tm

en
t o

ut
co

m
es

 s
ta

tis
tic

al
ly

 s
ig

ni
fic

an
t a

t 5
%

 le
ve

ls
 fo

r 1
99

5 
Q

1 
to

 1
99

9 
Q

2 
co

ho
rt

s 
in

 2
5 

C
A

 c
ou

nt
ie

s
   

   
   

   
  (

w
ei

gh
te

d 
av

er
ag

e 
of

 c
oh

or
t/c

ou
nt

y 
tr

ea
tm

en
t e

ffe
ct

s)

Q
tr

 A
fte

r E
nt

ry
 in

N
um

be
r o

f
W

hi
ch

 T
re

at
/C

on
t

C
oh

or
ts

 &
C

oh
or

ts
 a

re
 U

se
d

C
ou

nt
ie

s
1

4
8

11
1

4
8

11
1

4
8

11
1

4
8

11

1
45

0
0.

41
0.

13
0.

31
0.

43
0.

47
0.

16
0.

09
0.

10
0.

18
0.

22
0.

20
0.

18
0.

12
0.

13
0.

12
0.

11
2

45
0

0.
37

0.
14

0.
29

0.
43

0.
48

0.
16

0.
07

0.
12

0.
13

0.
22

0.
19

0.
21

0.
12

0.
12

0.
12

0.
12

3
45

0
0.

39
0.

13
0.

31
0.

45
0.

43
0.

12
0.

07
0.

10
0.

17
0.

17
0.

24
0.

16
0.

11
0.

12
0.

11
0.

12
4

45
0

0.
33

0.
11

0.
29

0.
42

0.
41

0.
10

0.
06

0.
15

0.
15

0.
18

0.
21

0.
23

0.
15

0.
18

0.
11

0.
17

5
45

0
0.

31
0.

13
0.

32
0.

44
0.

37
0.

12
0.

08
0.

13
0.

23
0.

17
0.

22
0.

21
0.

15
0.

11
0.

18
0.

14
6

45
0

0.
27

0.
18

0.
36

0.
39

0.
34

0.
08

0.
08

0.
10

0.
16

0.
17

0.
22

0.
31

0.
14

0.
17

0.
17

0.
21

7
45

0
0.

31
0.

22
0.

46
0.

46
0.

35
0.

17
0.

22
0.

19
0.

18
0.

26
0.

30
0.

31
0.

23
0.

23
0.

23
0.

23
8

45
0

0.
33

0.
28

0.
50

0.
50

0.
36

0.
18

0.
25

0.
25

0.
28

0.
31

0.
36

0.
36

0.
27

0.
29

0.
32

0.
35

9
42

5
0.

37
0.

27
0.

51
0.

45
0.

37
0.

20
0.

26
0.

25
0.

28
0.

36
0.

42
0.

34
0.

32
0.

30
0.

37
0.

33
10

40
0

0.
31

0.
32

0.
57

0.
43

0.
35

0.
19

0.
36

0.
25

0.
33

0.
29

0.
46

0.
39

0.
34

0.
30

0.
50

0.
38

11
37

5
0.

30
0.

34
0.

55
0.

49
0.

31
0.

20
0.

40
0.

26
0.

25
0.

36
0.

46
0.

39
0.

33
0.

37
0.

42
0.

43
12

35
0

0.
30

0.
32

0.
63

0.
48

0.
36

0.
24

0.
49

0.
24

0.
43

0.
35

0.
53

0.
43

0.
33

0.
32

0.
52

0.
43

13
32

5
0.

31
0.

38
0.

59
0.

40
0.

36
0.

23
0.

52
0.

28
0.

27
0.

39
0.

57
0.

40
0.

39
0.

30
0.

56
0.

38
14

30
0

0.
28

0.
33

0.
58

0.
51

0.
30

0.
24

0.
49

0.
28

0.
38

0.
44

0.
57

0.
39

0.
42

0.
37

0.
54

0.
43

15
27

5
0.

35
0.

35
0.

57
0.

53
0.

35
0.

24
0.

51
0.

32
0.

42
0.

33
0.

62
0.

44
0.

44
0.

37
0.

55
0.

48
16

25
0

0.
30

0.
53

0.
61

0.
32

0.
31

0.
32

0.
64

0.
28

0.
44

0.
42

0.
65

0.
39

0.
31

0.
33

0.
60

0.
41

1
45

0
0.

77
0.

26
0.

10
0.

20
0.

57
0.

29
0.

09
0.

08
0.

22
0.

17
0.

16
0.

21
0.

16
0.

21
0.

20
0.

21
2

45
0

0.
75

0.
22

0.
10

0.
24

0.
54

0.
28

0.
08

0.
12

0.
27

0.
22

0.
17

0.
22

0.
20

0.
19

0.
19

0.
23

3
45

0
0.

75
0.

22
0.

13
0.

25
0.

54
0.

27
0.

06
0.

09
0.

21
0.

17
0.

16
0.

27
0.

23
0.

16
0.

17
0.

17
4

45
0

0.
74

0.
27

0.
09

0.
25

0.
55

0.
28

0.
09

0.
16

0.
26

0.
21

0.
23

0.
18

0.
20

0.
17

0.
19

0.
18

5
45

0
0.

68
0.

22
0.

17
0.

27
0.

48
0.

22
0.

09
0.

11
0.

22
0.

20
0.

25
0.

23
0.

18
0.

22
0.

20
0.

21
6

45
0

0.
64

0.
23

0.
22

0.
26

0.
41

0.
24

0.
08

0.
09

0.
26

0.
17

0.
22

0.
25

0.
16

0.
21

0.
18

0.
24

7
45

0
0.

63
0.

25
0.

33
0.

33
0.

41
0.

28
0.

12
0.

17
0.

25
0.

22
0.

31
0.

32
0.

25
0.

27
0.

23
0.

29
8

45
0

0.
65

0.
31

0.
34

0.
36

0.
49

0.
34

0.
21

0.
17

0.
35

0.
24

0.
40

0.
37

0.
33

0.
39

0.
30

0.
31

9
42

5
0.

71
0.

26
0.

35
0.

35
0.

49
0.

36
0.

18
0.

19
0.

35
0.

31
0.

46
0.

41
0.

34
0.

35
0.

32
0.

39
10

40
0

0.
70

0.
25

0.
37

0.
36

0.
50

0.
32

0.
21

0.
20

0.
39

0.
31

0.
41

0.
43

0.
40

0.
36

0.
36

0.
39

11
37

5
0.

68
0.

28
0.

41
0.

33
0.

40
0.

30
0.

22
0.

29
0.

42
0.

35
0.

59
0.

40
0.

37
0.

41
0.

39
0.

54
12

35
0

0.
65

0.
29

0.
45

0.
35

0.
40

0.
24

0.
21

0.
27

0.
46

0.
37

0.
58

0.
46

0.
32

0.
36

0.
40

0.
46

13
32

5
0.

62
0.

24
0.

46
0.

37
0.

44
0.

27
0.

21
0.

27
0.

50
0.

43
0.

53
0.

49
0.

39
0.

46
0.

43
0.

50
14

30
0

0.
66

0.
28

0.
46

0.
39

0.
37

0.
32

0.
22

0.
27

0.
43

0.
41

0.
52

0.
51

0.
36

0.
31

0.
42

0.
52

15
27

5
0.

65
0.

23
0.

47
0.

39
0.

39
0.

27
0.

29
0.

32
0.

46
0.

35
0.

63
0.

39
0.

34
0.

39
0.

50
0.

45
16

25
0

0.
63

0.
33

0.
51

0.
31

0.
41

0.
29

0.
41

0.
37

0.
46

0.
36

0.
48

0.
52

0.
35

0.
50

0.
47

0.
52

N
ot

es
:

Th
e 

"le
ve

l" 
co

lu
m

ns
 d

ep
ic

t s
ta

tis
tic

s 
fo

r r
eg

re
ss

io
ns

 th
at

 in
cl

ud
e 

co
va

ria
te

s 
in

 a
dd

iti
on

 to
 th

e 
tre

at
m

en
t i

nd
ic

at
or

.
Th

e 
"d

iff
-in

-d
iff

" c
ol

um
ns

 d
ep

ic
t s

ta
tis

tic
s 

fo
r r

eg
re

ss
io

ns
 o

f t
he

 d
iff

er
en

ce
 o

f t
he

 v
ar

ia
bl

e 
re

sp
ec

to
 to

 it
s 

va
lu

e 
in

 th
e 

pr
ev

io
us

 p
er

io
d.

Th
e 

"u
nw

ei
gh

te
d 

by
 p

ro
pe

ns
ity

 s
co

re
" s

pe
ci

fic
at

io
ns

 a
re

 re
gu

la
r O

LS
 re

gr
es

si
on

s,
 th

e 
"w

ei
gh

te
d 

by
 p

ro
pe

ns
ity

 s
co

re
" o

ne
s 

ar
e 

W
LS

re
gr

es
si

on
s 

w
ith

 w
ei

gh
ts

 fo
r t

he
 c

on
tro

l i
nd

iv
id

ua
ls

 g
iv

en
 b

y 
(P

i/1
-P

i),
 w

he
re

 P
i i

s 
th

e 
pr

op
en

si
ty

 s
co

re
 fo

r i
nd

iv
id

ua
l i

.

Em
pl

oy
m

en
t  

(Q
ua

rt
er

s 
B

ef
or

e 
W

el
fa

re
 E

nt
ry

)

Ea
rn

in
gs

 (Q
ua

rt
er

s 
B

ef
or

e 
W

el
fa

re
 E

nt
ry

)

U
nw

ei
gh

te
d 

by
 P

ro
p.

 S
co

re
W

ei
gh

te
d 

by
 P

ro
p.

 S
co

re
Le

ve
l

D
iff

-in
-D

iff
Le

ve
l

D
iff

-in
-D

iff



Ta
bl

e 
5.

 D
iff

er
en

tia
l T

re
at

m
en

t E
ffe

ct
s 

of
 tr

ai
ni

ng
 p

ro
gr

am
s 

fo
r 1

99
5 

Q
1 

to
 1

99
9 

Q
2 

co
ho

rt
s 

in
 2

5 
C

A
 c

ou
nt

ie
s

   
   

   
   

  O
ut

co
m

e:
 q

ua
rt

er
ly

 e
m

pl
oy

m
en

t

Q
tr

s 
A

fte
r

N
um

be
r

W
el

fa
re

of
N

o
P-

Va
lu

e
N

o
P-

Va
lu

e
En

tr
y

O
bs

er
va

tio
ns

Tr
ai

ni
ng

LF
A 

− N
T

H
C

D
 − N

T
F 

Te
st

Tr
ai

ni
ng

LF
A 

− N
T

H
C

D
 − N

T
F 

Te
st

R
2

P-
Va

l F
R

2
P-

Va
l F

(N
T)

C
oe

ffs
=0

(N
T)

C
oe

ffs
=0

In
st

ru
m

.
In

st
r=

0
In

st
ru

m
.

In
st

r=
0

1
44

1
-0

.1
3*

**
0.

08
**

*
0.

03
0.

00
-0

.1
3*

**
0.

10
**

*
0.

00
0.

00
0.

83
0.

00
0.

61
0.

00
(0

.0
1)

(0
.0

1)
(0

.0
3)

(0
.0

1)
(0

.0
2)

(0
.0

9)
2

44
1

-0
.1

1*
**

0.
12

**
*

0.
03

0.
00

-0
.1

1*
**

0.
19

**
*

-0
.0

9
0.

00
0.

83
0.

00
0.

61
0.

00
(0

.0
1)

(0
.0

2)
(0

.0
4)

(0
.0

1)
(0

.0
4)

(0
.1

1)
3

44
1

-0
.0

7*
**

0.
15

**
*

0.
02

0.
00

-0
.0

8*
**

0.
23

**
*

-0
.1

4
0.

00
0.

83
0.

00
0.

61
0.

00
(0

.0
2)

(0
.0

2)
(0

.0
4)

(0
.0

2)
(0

.0
4)

(0
.1

1)
4

44
1

-0
.0

6*
**

0.
18

**
*

0.
02

0.
00

-0
.0

7*
**

0.
25

**
*

-0
.0

6
0.

00
0.

83
0.

00
0.

61
0.

00
(0

.0
2)

(0
.0

3)
(0

.0
5)

(0
.0

2)
(0

.0
5)

(0
.1

3)
5

44
1

-0
.0

2
0.

18
**

*
0.

07
0.

00
-0

.0
4*

*
0.

26
**

*
-0

.0
2

0.
00

0.
83

0.
00

0.
61

0.
00

(0
.0

2)
(0

.0
3)

(0
.0

5)
(0

.0
2)

(0
.0

4)
(0

.1
1)

6
44

1
0.

00
0.

17
**

*
0.

09
*

0.
00

-0
.0

1
0.

23
**

*
0.

10
0.

00
0.

83
0.

00
0.

61
0.

00
(0

.0
2)

(0
.0

3)
(0

.0
5)

(0
.0

2)
(0

.0
5)

(0
.1

2)
7

44
1

0.
01

0.
17

**
*

-0
.0

8*
0.

00
0.

01
0.

27
**

*
-0

.3
9*

**
0.

00
0.

83
0.

00
0.

61
0.

00
(0

.0
2)

(0
.0

2)
(0

.0
4)

(0
.0

2)
(0

.0
4)

(0
.1

1)
8

44
1

0.
05

0.
04

-0
.0

6
0.

15
0.

05
*

0.
17

**
*

-0
.5

8*
**

0.
00

0.
83

0.
00

0.
61

0.
00

(0
.0

3)
(0

.0
3)

(0
.0

8)
(0

.0
3)

(0
.0

5)
(0

.1
7)

9
41

6
0.

05
**

0.
03

-0
.2

5*
**

0.
01

0.
06

**
0.

18
**

*
-0

.8
5*

**
0.

00
0.

81
0.

00
0.

60
0.

00
(0

.0
3)

(0
.0

3)
(0

.0
8)

(0
.0

3)
(0

.0
5)

(0
.1

7)
10

39
2

0.
06

**
*

0.
01

-0
.3

8*
**

0.
00

0.
06

**
*

0.
11

*
-0

.8
4*

**
0.

00
0.

81
0.

00
0.

61
0.

00
(0

.0
2)

(0
.0

4)
(0

.0
5)

(0
.0

2)
(0

.0
6)

(0
.1

9)
11

36
8

0.
05

*
-0

.0
3

-0
.3

1*
**

0.
00

0.
07

**
0.

02
-0

.8
8*

**
0.

01
0.

82
0.

00
0.

63
0.

00
(0

.0
3)

(0
.0

4)
(0

.0
7)

(0
.0

3)
(0

.0
6)

(0
.2

6)
12

34
4

0.
05

**
-0

.0
4

-0
.2

5*
**

0.
01

0.
08

**
*

-0
.1

0
-0

.8
8*

**
0.

01
0.

85
0.

00
0.

65
0.

00
(0

.0
2)

(0
.0

6)
(0

.0
8)

(0
.0

3)
(0

.0
9)

(0
.2

9)
13

32
0

0.
02

-0
.2

2*
**

-0
.2

5*
0.

04
0.

06
-0

.3
0*

*
-1

.1
0*

*
0.

02
0.

88
0.

00
0.

76
0.

00
(0

.0
3)

(0
.0

8)
(0

.1
5)

(0
.0

4)
(0

.1
2)

(0
.4

5)
14

29
6

0.
06

*
-0

.3
0*

**
-0

.1
8

0.
00

0.
09

**
-0

.3
2*

*
-1

.0
2*

*
0.

04
0.

88
0.

00
0.

76
0.

00
(0

.0
3)

(0
.0

8)
(0

.1
2)

(0
.0

4)
(0

.1
4)

(0
.4

4)
15

27
2

0.
00

-0
.3

2*
**

0.
21

0.
00

0.
04

-0
.5

3*
**

-0
.4

9
0.

01
0.

89
0.

00
0.

88
0.

00
(0

.0
3)

(0
.0

9)
(0

.2
7)

(0
.0

3)
(0

.1
6)

(0
.4

8)
16

24
8

0.
01

-0
.2

2*
0.

14
0.

19
0.

03
-0

.4
3*

*
-0

.1
2

0.
21

0.
91

0.
00

0.
89

0.
00

(0
.0

1)
(0

.1
1)

(0
.2

4)
(0

.0
3)

(0
.2

1)
(0

.5
8)

N
ot

es
:

*,
 *

*,
 *

**
 d

en
ot

e 
co

ef
fic

ie
nt

 s
ig

ni
fic

an
t a

t 1
0%

, 5
%

 a
nd

 1
%

 le
ve

l r
es

pe
ct

iv
el

y 
(s

ta
nd

ar
d 

er
ro

rs
 in

 p
ar

en
th

es
es

, a
dj

us
te

d 
by

 c
ou

nt
y/

fis
ca

l y
ea

r c
lu

st
er

s)
.

A
ll 

th
e 

re
gr

es
si

on
s 

in
 th

is
 ta

bl
e 

in
cl

ud
e 

co
un

ty
 fi

xe
d 

ef
fe

ct
s.

E
ac

h 
ro

w
 re

pr
es

en
t a

 re
gr

es
si

on
 a

ga
in

st
 L

FA
 a

nd
 H

C
D

 tr
ai

ni
ng

 p
ro

po
rti

on
s 

of
 th

e 
av

er
ag

e 
tre

at
m

en
t o

n 
th

e 
tre

at
ed

 e
ffe

ct
s 

of
 w

el
fa

re
 e

nt
ry

 
on

 e
m

pl
oy

m
en

t. 
Th

es
e 

tre
at

m
en

t e
ffe

ct
s 

w
er

e 
es

tim
at

ed
 b

y 
ta

ki
ng

 d
iff

er
en

ce
s 

of
 e

ac
h 

em
pl

oy
m

en
t o

ut
co

m
e 

re
sp

ec
t t

o 
its

 v
al

ue
 o

n 
qu

ar
te

r 5
 

be
fo

re
 e

nt
ry

, u
si

ng
 W

LS
 re

gr
es

si
on

s 
w

ith
 w

ei
gh

ts
 fo

r t
he

 c
on

tro
l i

nd
iv

id
ua

ls
 g

iv
en

 b
y 

(P
i/1

-P
i),

 w
he

re
 P

i i
s 

th
e 

pr
op

en
si

ty
 s

co
re

 fo
r i

nd
iv

id
ua

l i
.

O
LS

IV
 fo

r P
ro

po
rt

io
ns

 L
FA

 &
 H

C
D

 T
ra

in
in

g
1s

t S
ta

ge
 P

r. 
LF

A
1s

t S
ta

ge
 P

r. 
H

C
D



Ta
bl

e 
6.

 D
iff

er
en

tia
l T

re
at

m
en

t E
ffe

ct
s 

of
 tr

ai
ni

ng
 p

ro
gr

am
s 

fo
r 1

99
5 

Q
1 

to
 1

99
9 

Q
2 

co
ho

rt
s 

in
 2

5 
C

A
 c

ou
nt

ie
s

   
   

   
   

  O
ut

co
m

e:
 q

ua
rt

er
ly

 e
ar

ni
ng

s 
($

1,
00

0)

Q
tr

s 
A

fte
r

N
um

be
r

W
el

fa
re

of
N

o
P-

Va
lu

e
N

o
P-

Va
lu

e
En

tr
y

O
bs

er
va

tio
ns

Tr
ai

ni
ng

LF
A 

− N
T

H
C

D
 − N

T
F 

Te
st

Tr
ai

ni
ng

LF
A 

− N
T

H
C

D
 − N

T
F 

Te
st

R
2

P-
Va

l F
R

2
P-

Va
l F

(N
T)

C
oe

ffs
=0

(N
T)

C
oe

ffs
=0

In
st

ru
m

.
In

st
r=

0
In

st
ru

m
.

In
st

r=
0

1
44

1
-0

.3
8*

**
0.

03
0.

07
0.

00
-0

.3
8*

**
-0

.0
7

0.
47

0.
00

0.
83

0.
00

0.
61

0.
00

(0
.0

3)
(0

.0
5)

(0
.1

0)
(0

.0
3)

(0
.1

0)
(0

.3
7)

2
44

1
-0

.2
6*

**
0.

25
**

*
0.

24
**

0.
00

-0
.2

8*
**

0.
35

**
0.

21
0.

00
0.

83
0.

00
0.

61
0.

00
(0

.0
6)

(0
.0

6)
(0

.1
1)

(0
.0

6)
(0

.1
3)

(0
.4

1)
3

44
1

-0
.1

1*
0.

32
**

*
0.

28
**

0.
00

-0
.1

4*
*

0.
45

**
*

0.
25

0.
00

0.
83

0.
00

0.
61

0.
00

(0
.0

6)
(0

.0
8)

(0
.1

4)
(0

.0
6)

(0
.1

4)
(0

.3
8)

4
44

1
0.

04
0.

02
0.

91
**

0.
00

-0
.0

3
-0

.3
7

3.
16

0.
01

0.
83

0.
00

0.
61

0.
00

(0
.1

4)
(0

.5
1)

(0
.4

1)
(0

.1
3)

(0
.9

5)
(2

.2
9)

5
44

1
0.

25
**

0.
58

**
*

0.
82

**
*

0.
00

0.
20

*
0.

84
**

*
0.

61
0.

00
0.

83
0.

00
0.

61
0.

00
(0

.1
2)

(0
.1

2)
(0

.2
2)

(0
.1

1)
(0

.1
9)

(0
.4

9)
6

44
1

0.
10

0.
84

**
*

0.
62

**
*

0.
00

0.
02

1.
05

**
*

0.
86

0.
00

0.
83

0.
00

0.
61

0.
00

(0
.0

7)
(0

.1
0)

(0
.1

3)
(0

.0
8)

(0
.1

9)
(0

.5
8)

7
44

1
0.

19
**

*
0.

84
**

*
0.

44
**

0.
00

0.
17

**
*

1.
03

**
*

0.
06

0.
00

0.
83

0.
00

0.
61

0.
00

(0
.0

4)
(0

.0
9)

(0
.2

0)
(0

.0
5)

(0
.1

5)
(0

.4
7)

8
44

1
0.

34
**

*
0.

40
**

*
-0

.0
9

0.
00

0.
32

**
*

1.
18

**
*

-2
.5

6*
**

0.
00

0.
83

0.
00

0.
61

0.
00

(0
.1

0)
(0

.1
3)

(0
.3

4)
(0

.1
0)

(0
.3

2)
(0

.8
8)

9
41

6
0.

49
**

*
0.

13
-0

.8
8*

*
0.

00
0.

47
**

*
1.

00
**

*
-3

.8
4*

**
0.

00
0.

81
0.

00
0.

60
0.

00
(0

.1
1)

(0
.1

5)
(0

.3
7)

(0
.1

0)
(0

.2
8)

(0
.9

7)
10

39
2

0.
64

**
*

0.
03

-0
.9

1
0.

00
0.

66
**

*
0.

48
-3

.3
9*

**
0.

00
0.

81
0.

00
0.

61
0.

00
(0

.1
7)

(0
.2

7)
(0

.5
6)

(0
.1

7)
(0

.3
1)

(1
.0

0)
11

36
8

0.
54

**
*

-0
.2

8
-1

.3
2*

*
0.

00
0.

62
**

*
-0

.2
1

-3
.2

9*
**

0.
00

0.
82

0.
00

0.
63

0.
00

(0
.1

1)
(0

.1
8)

(0
.5

8)
(0

.1
2)

(0
.2

5)
(1

.0
2)

12
34

4
0.

39
**

*
-0

.1
2

-1
.3

6*
**

0.
00

0.
55

**
*

-0
.4

7
-4

.0
9*

*
0.

00
0.

85
0.

00
0.

65
0.

00
(0

.1
0)

(0
.2

6)
(0

.5
0)

(0
.1

5)
(0

.4
4)

(1
.5

8)
13

32
0

0.
30

**
*

-0
.8

3*
*

-1
.7

5*
0.

03
0.

49
**

*
-1

.0
6

-6
.6

0*
*

0.
04

0.
88

0.
00

0.
76

0.
00

(0
.1

1)
(0

.3
7)

(0
.9

9)
(0

.1
8)

(0
.7

1)
(2

.7
0)

14
29

6
0.

63
**

*
-1

.2
2*

-0
.9

8
0.

00
0.

77
**

*
-0

.9
8

-5
.3

4*
0.

00
0.

88
0.

00
0.

76
0.

00
(0

.1
7)

(0
.6

3)
(0

.8
5)

(0
.2

1)
(1

.0
6)

(2
.7

2)
15

27
2

0.
32

-2
.0

9*
**

0.
93

0.
00

0.
44

*
-2

.8
4*

**
-1

.0
1

0.
00

0.
89

0.
00

0.
88

0.
00

(0
.2

5)
(0

.4
4)

(1
.3

0)
(0

.2
5)

(0
.8

0)
(2

.1
0)

16
24

8
0.

46
**

*
-1

.4
6*

-0
.0

6
0.

00
0.

59
**

*
-2

.5
5*

-1
.8

3
0.

00
0.

91
0.

00
0.

89
0.

00
(0

.1
1)

(0
.8

1)
(1

.6
1)

(0
.2

2)
(1

.4
8)

(3
.7

4)

N
ot

es
:

*,
 *

*,
 *

**
 d

en
ot

e 
co

ef
fic

ie
nt

 s
ig

ni
fic

an
t a

t 1
0%

, 5
%

 a
nd

 1
%

 le
ve

l r
es

pe
ct

iv
el

y 
(s

ta
nd

ar
d 

er
ro

rs
 in

 p
ar

en
th

es
es

, a
dj

us
te

d 
by

 c
ou

nt
y/

fis
ca

l y
ea

r c
lu

st
er

s)
.

A
ll 

th
e 

re
gr

es
si

on
s 

in
 th

is
 ta

bl
e 

in
cl

ud
e 

co
un

ty
 fi

xe
d 

ef
fe

ct
s.

E
ac

h 
ro

w
 re

pr
es

en
t a

 re
gr

es
si

on
 a

ga
in

st
 L

FA
 a

nd
 H

C
D

 tr
ai

ni
ng

 p
ro

po
rti

on
s 

of
 th

e 
av

er
ag

e 
tre

at
m

en
t o

n 
th

e 
tre

at
ed

 e
ffe

ct
s 

of
 w

el
fa

re
 e

nt
ry

 
on

 e
ar

ni
ng

s.
 T

he
se

 tr
ea

tm
en

t e
ffe

ct
s 

w
er

e 
es

tim
at

ed
 b

y 
ta

ki
ng

 d
iff

er
en

ce
s 

of
 e

ac
h 

ea
rn

in
gs

 o
ut

co
m

e 
re

sp
ec

t t
o 

its
 v

al
ue

 o
n 

qu
ar

te
r 5

 
be

fo
re

 e
nt

ry
, u

si
ng

 W
LS

 re
gr

es
si

on
s 

w
ith

 w
ei

gh
ts

 fo
r t

he
 c

on
tro

l i
nd

iv
id

ua
ls

 g
iv

en
 b

y 
(P

i/1
-P

i),
 w

he
re

 P
i i

s 
th

e 
pr

op
en

si
ty

 s
co

re
 fo

r i
nd

iv
id

ua
l i

.

O
LS

IV
 fo

r P
ro

po
rt

io
ns

 L
FA

 &
 H

C
D

 T
ra

in
in

g
1s

t S
ta

ge
 P

r. 
LF

A
1s

t S
ta

ge
 P

r. 
H

C
D



Ta
bl

e 
7.

 D
iff

er
en

tia
l T

re
at

m
en

t E
ffe

ct
s 

of
 tr

ai
ni

ng
 p

ro
gr

am
s 

fo
r 1

99
5 

Q
1 

to
 1

99
9 

Q
2 

co
ho

rt
s 

in
 2

5 
C

A
 c

ou
nt

ie
s

   
   

   
   

  I
nc

lu
di

ng
 W

el
fa

re
 R

ef
or

m
 in

di
ca

to
r a

nd
 in

te
ra

ct
io

ns
 w

ith
 tr

an
in

g 
pr

ob
ab

ili
tie

s 
(IV

 s
pe

ci
fic

at
io

n)
   

   
   

   
  O

ut
co

m
e:

 q
ua

rt
er

ly
 e

m
pl

oy
m

en
t

Q
tr

s 
A

fte
r

N
um

be
r

N
o

W
el

fa
re

LF
A

 - 
N

T
H

C
D

 - 
N

T
F 

Te
st

W
el

fa
re

of
Tr

ai
ni

ng
LF

A 
− N

T
H

C
D

 − N
T

R
ef

or
m

 
X

X
W

el
fa

re
 R

ef
or

m
En

tr
y

O
bs

er
va

tio
ns

(N
T)

D
um

m
y

W
el

f R
ef

W
el

f R
ef

In
te

ra
ct

. C
oe

fs
=0

1
44

1
-0

.1
3*

**
0.

30
**

*
-0

.4
6

0.
03

-0
.3

0*
**

0.
63

*
0.

00
(0

.0
2)

(0
.0

7)
(0

.2
9)

(0
.0

3)
(0

.0
7)

(0
.3

7)
2

44
1

-0
.1

1*
**

0.
45

**
*

-0
.6

0
0.

08
**

-0
.4

3*
**

0.
67

0.
00

(0
.0

2)
(0

.0
8)

(0
.3

7)
(0

.0
4)

(0
.0

9)
(0

.4
4)

3
44

1
-0

.0
7*

**
0.

49
**

*
-0

.8
4*

*
0.

07
**

-0
.4

7*
**

0.
95

**
0.

00
(0

.0
2)

(0
.0

8)
(0

.3
8)

(0
.0

4)
(0

.0
9)

(0
.4

7)
4

44
1

-0
.0

6*
*

0.
66

**
*

-1
.0

2*
*

0.
09

*
-0

.6
6*

**
1.

28
**

0.
00

(0
.0

3)
(0

.1
2)

(0
.4

3)
(0

.0
5)

(0
.1

3)
(0

.5
6)

5
44

1
-0

.0
4

0.
72

**
*

-0
.8

6*
*

0.
08

*
-0

.6
5*

**
1.

13
**

0.
00

(0
.0

2)
(0

.1
3)

(0
.4

2)
(0

.0
5)

(0
.1

4)
(0

.5
4)

6
44

1
-0

.0
7*

*
0.

83
**

*
-0

.0
4

0.
13

**
*

-0
.6

5*
**

0.
06

0.
00

(0
.0

3)
(0

.1
5)

(0
.3

8)
(0

.0
5)

(0
.1

4)
(0

.5
2)

7
44

1
-0

.0
2

0.
70

**
*

-0
.6

8*
0.

12
**

-0
.5

5*
**

0.
32

0.
00

(0
.0

3)
(0

.1
5)

(0
.3

8)
(0

.0
5)

(0
.1

5)
(0

.5
3)

8
44

1
0.

02
0.

62
**

*
-0

.8
5

0.
13

**
-0

.5
8*

**
0.

27
0.

00
(0

.0
4)

(0
.1

3)
(0

.6
1)

(0
.0

5)
(0

.1
4)

(0
.7

4)
9

41
6

0.
03

0.
60

**
*

-1
.1

1*
*

0.
11

*
-0

.5
8*

**
0.

46
0.

00
(0

.0
3)

(0
.1

4)
(0

.4
8)

(0
.0

6)
(0

.1
6)

(0
.6

6)
10

39
2

0.
07

*
0.

58
**

*
-1

.4
9*

**
0.

17
**

*
-0

.8
8*

**
1.

10
0.

00
(0

.0
3)

(0
.1

6)
(0

.5
5)

(0
.0

6)
(0

.2
1)

(0
.8

0)
11

36
8

0.
07

*
0.

46
**

-1
.4

9*
**

0.
09

-0
.8

1*
*

1.
45

*
0.

09
(0

.0
4)

(0
.2

0)
(0

.4
8)

(0
.0

6)
(0

.3
2)

(0
.8

7)
12

34
4

0.
03

0.
64

**
*

-0
.7

5
0.

16
-1

.0
2*

*
0.

14
0.

00
(0

.0
4)

(0
.1

8)
(0

.6
7)

(0
.1

0)
(0

.4
6)

(1
.3

3)
13

32
0

0.
07

-0
.0

6
-1

.5
3*

* 
0.

13
-1

.2
8

2.
48

0.
37

(0
.0

5)
(0

.1
8)

(0
.7

1)
(0

.1
6)

(0
.7

8)
(1

.7
9)

N
ot

es
:

*,
 *

*,
 *

**
 d

en
ot

e 
co

ef
fic

ie
nt

 s
ig

ni
fic

an
t a

t 1
0%

, 5
%

 a
nd

 1
%

 le
ve

l r
es

pe
ct

iv
el

y 
(s

ta
nd

ar
d 

er
ro

rs
 in

 p
ar

en
th

es
es

,
ad

ju
st

ed
 b

y 
co

un
ty

/fi
sc

al
 y

ea
r c

lu
st

er
s)

.
A

ll 
th

e 
re

gr
es

si
on

s 
in

 th
is

 ta
bl

e 
in

cl
ud

e 
co

un
ty

 fi
xe

d 
ef

fe
ct

s.
E

ac
h 

ro
w

 re
pr

es
en

t a
 re

gr
es

si
on

 a
ga

in
st

 L
FA

 a
nd

 H
C

D
 tr

ai
ni

ng
 p

ro
po

rti
on

s 
of

 th
e 

av
er

ag
e 

tre
at

m
en

t o
n 

th
e 

tre
at

ed
 e

ffe
ct

s 
of

 w
el

fa
re

 e
nt

ry
 o

n 
em

pl
oy

m
en

t. 
Th

es
e 

tre
at

m
en

t e
ffe

ct
s 

w
er

e 
es

tim
at

ed
 b

y 
ta

ki
ng

 d
iff

er
en

ce
s 

of
 

ea
ch

 e
m

pl
oy

m
en

t o
ut

co
m

e 
re

sp
ec

t t
o 

its
 v

al
ue

 o
n 

qu
ar

te
r 5

 b
ef

or
e 

en
try

, u
si

ng
 W

LS
 re

gr
es

si
on

s 
w

ith
 

w
ei

gh
ts

 fo
r t

he
 c

on
tro

l i
nd

iv
id

ua
ls

 g
iv

en
 b

y 
(P

i/1
-P

i),
 w

he
re

 P
i i

s 
th

e 
pr

op
en

si
ty

 s
co

re
 fo

r i
nd

iv
id

ua
l i

.



Ta
bl

e 
8.

 D
iff

er
en

tia
l T

re
at

m
en

t E
ffe

ct
s 

of
 tr

ai
ni

ng
 p

ro
gr

am
s 

fo
r 1

99
5 

Q
1 

to
 1

99
9 

Q
2 

co
ho

rt
s 

in
 2

5 
C

A
 c

ou
nt

ie
s

   
   

   
   

  I
nc

lu
di

ng
 W

el
fa

re
 R

ef
or

m
 in

di
ca

to
r a

nd
 in

te
ra

ct
io

ns
 w

ith
 tr

an
in

g 
pr

ob
ab

ili
tie

s 
(IV

 s
pe

ci
fic

at
io

n)
   

   
   

   
  O

ut
co

m
e:

 q
ua

rt
er

ly
 e

ar
ni

ng
s 

($
1,

00
0)

Q
tr

s 
A

fte
r

N
um

be
r

N
o

W
el

fa
re

LF
A 

− N
T

H
C

D
 − N

T
F 

Te
st

W
el

fa
re

of
Tr

ai
ni

ng
LF

A 
− N

T
H

C
D

 − N
T

R
ef

or
m

 
X

X
W

el
fa

re
 R

ef
or

m
En

tr
y

O
bs

er
va

tio
ns

(N
T)

D
um

m
y

W
el

f R
ef

W
el

f R
ef

In
te

ra
ct

. C
oe

fs
=0

1
44

1
-0

.3
8*

**
0.

35
-0

.4
5

0.
01

-0
.5

1*
1.

25
0.

33
(0

.0
7)

(0
.2

8)
(0

.8
9)

(0
.0

9)
(0

.2
7)

(1
.3

0)
2

44
1

-0
.2

8*
**

0.
92

**
-0

.8
0

0.
19

*
-0

.9
4*

**
1.

27
0.

01
(0

.0
9)

(0
.3

5)
(1

.0
2)

(0
.1

0)
(0

.3
2)

(1
.3

6)
3

44
1

-0
.1

2
1.

14
**

*
-1

.2
9

0.
26

**
-1

.2
9*

**
2.

00
0.

00
(0

.0
9)

(0
.3

8)
(1

.2
5)

(0
.1

2)
(0

.3
5)

(1
.5

6)
4

44
1

0.
10

0.
04

0.
10

0.
08

-1
.0

2
3.

75
0.

53
(0

.2
1)

(1
.7

0)
(3

.6
8)

(0
.2

2)
(1

.2
3)

(3
.4

4)
5

44
1

0.
25

1.
89

**
*

-2
.5

2
0.

06
-1

.5
5*

**
4.

29
*

0.
02

(0
.1

6)
(0

.5
0)

(1
.7

2)
(0

.2
0)

(0
.5

2)
(2

.3
7)

6
44

1
-0

.0
8

2.
69

**
*

-0
.6

5
0.

29
**

-1
.9

1*
**

1.
77

0.
00

(0
.1

0)
(0

.4
7)

(1
.2

3)
(0

.1
4)

(0
.5

3)
(1

.7
6)

7
44

1
0.

19
*

1.
74

**
*

-1
.3

8
0.

41
**

-1
.4

7*
**

1.
58

0.
00

(0
.1

0)
(0

.5
5)

(1
.4

4)
(0

.1
6)

(0
.5

2)
(2

.0
9)

8
44

1
0.

10
2.

21
**

*
0.

27
0.

95
**

*
-1

.5
0*

-4
.9

3
0.

00
(0

.1
9)

(0
.6

3)
(2

.8
2)

(0
.2

4)
(0

.8
5)

(3
.6

4)
9

41
6

0.
52

**
*

1.
76

**
*

-5
.1

6*
*

0.
73

**
*

-2
.2

6*
**

1.
80

0.
00

(0
.1

6)
(0

.5
4)

(2
.4

0)
(0

.2
2)

(0
.7

2)
(3

.3
1)

10
39

2
0.

76
**

*
2.

56
**

*
-7

.3
5*

*
0.

89
**

*
-4

.4
5*

**
6.

43
0.

00
(0

.2
4)

(0
.7

6)
(2

.9
6)

(0
.3

0)
(1

.0
7)

(4
.6

3)
11

36
8

0.
57

**
*

2.
37

**
*

-5
.8

3*
**

0.
35

-4
.0

3*
**

6.
85

*
0.

00
(0

.1
7)

(0
.6

4)
(2

.1
5)

(0
.2

4)
(1

.1
0)

(4
.1

0)
12

34
4

0.
11

4.
06

**
*

-2
.0

5
0.

48
-4

.6
0*

*
-0

.9
3

0.
00

(0
.1

6)
(0

.7
6)

(2
.6

8)
(0

.4
3)

(1
.8

0)
(5

.4
8)

13
32

0
0.

54
**

 
1.

02
-9

.7
5*

**
0.

23
-8

.1
2*

* 
20

.4
0*

* 
0.

03
(0

.2
3)

(1
.0

4)
(3

.6
7)

(0
.8

6)
(3

.6
7)

(8
.8

0)

N
ot

es
:

*,
 *

*,
 *

**
 d

en
ot

e 
co

ef
fic

ie
nt

 s
ig

ni
fic

an
t a

t 1
0%

, 5
%

 a
nd

 1
%

 le
ve

l r
es

pe
ct

iv
el

y 
(s

ta
nd

ar
d 

er
ro

rs
 in

 p
ar

en
th

es
es

,
ad

ju
st

ed
 b

y 
co

un
ty

/fi
sc

al
 y

ea
r c

lu
st

er
s)

.
A

ll 
th

e 
re

gr
es

si
on

s 
in

 th
is

 ta
bl

e 
in

cl
ud

e 
co

un
ty

 fi
xe

d 
ef

fe
ct

s.
E

ac
h 

ro
w

 re
pr

es
en

t a
 re

gr
es

si
on

 a
ga

in
st

 L
FA

 a
nd

 H
C

D
 tr

ai
ni

ng
 p

ro
po

rti
on

s 
of

 th
e 

av
er

ag
e 

tre
at

m
en

t o
n 

th
e 

tre
at

ed
 e

ffe
ct

s 
of

 w
el

fa
re

 e
nt

ry
 o

n 
em

pl
oy

m
en

t. 
Th

es
e 

tre
at

m
en

t e
ffe

ct
s 

w
er

e 
es

tim
at

ed
 b

y 
ta

ki
ng

 d
iff

er
en

ce
s 

of
 

ea
ch

 e
m

pl
oy

m
en

t o
ut

co
m

e 
re

sp
ec

t t
o 

its
 v

al
ue

 o
n 

qu
ar

te
r 5

 b
ef

or
e 

en
try

, u
si

ng
 W

LS
 re

gr
es

si
on

s 
w

ith
 

w
ei

gh
ts

 fo
r t

he
 c

on
tro

l i
nd

iv
id

ua
ls

 g
iv

en
 b

y 
(P

i/1
-P

i),
 w

he
re

 P
i i

s 
th

e 
pr

op
en

si
ty

 s
co

re
 fo

r i
nd

iv
id

ua
l i

.



Fi
gu

re
 1

Tr
ai

ni
ng

 P
ol

ic
ie

s 
in

 C
al

ifo
rn

ia
(A

ve
ra

ge
 2

5 
C

ou
nt

ie
s)

0.
00

0.
10

0.
20

0.
30

0.
40

0.
50

0.
60

0.
70

0.
80

0.
90

19
95

19
96

19
97

19
98

19
99

Ye
ar

Proportion Treated

N
o 

Tr
ai

ni
ng

 
LF

A
 T

ra
in

in
g 

H
C

D
 T

ra
in

in
g 



Fi
gu

re
 2

Pr
op

en
si

ty
 S

co
re

 D
is

tr
ib

ut
io

n
Po

ol
ed

 T
re

at
ed

 a
nd

 C
on

tr
ol

 In
di

vi
du

al
s

20151050510

0.
00

0.
10

0.
20

0.
30

0.
40

0.
50

0.
60

0.
70

0.
80

0.
90

1.
00

Pr
op

en
si

ty
 S

co
re

Percentage observations

C
on

tro
l I

nd
iv

id
ua

ls
   

 
Tr

ea
te

d 
In

di
vi

du
al

s 
   

0.
12

03
0.

55
45



Fi
gu

re
 3

Tr
ea

tm
en

t E
ffe

ct
s 

of
 W

el
fa

re
 E

nt
ry

 o
n 

Em
pl

oy
m

en
t (

le
ve

ls
)

Se
le

ct
ed

 E
nt

ry
 C

oh
or

ts
 (A

ve
ra

ge
 2

5 
C

A
 C

ou
nt

ie
s)

-0
.1

5

-0
.1

0

-0
.0

5

0.
00

0.
05

0.
10

0.
15

0.
20

1
2

3
4

5
6

7
8

9
10

11
12

13
14

15
16

Q
ua

rt
er

s 
A

fte
r W

el
fa

re
 E

nt
ry

Quarterly Employment Rate

19
95

 Q
1

19
96

 Q
1

19
97

 Q
1

19
98

 Q
1

19
99

 Q
1



Fi
gu

re
 4

Tr
ea

tm
en

t E
ffe

ct
s 

of
 W

el
fa

re
 E

nt
ry

 o
n 

Em
pl

oy
m

en
t (

di
ff-

in
-d

iff
)

Se
le

ct
ed

 E
nt

ry
 C

oh
or

ts
 (A

ve
ra

ge
 2

5 
C

A
 C

ou
nt

ie
s)

-0
.1

5

-0
.1

0

-0
.0

5

0.
00

0.
05

0.
10

0.
15

0.
20

1
2

3
4

5
6

7
8

9
10

11
12

13
14

15
16

Q
ua

rt
er

s 
A

fte
r W

el
fa

re
 E

nt
ry

Quarterly Employment Rate

19
95

 Q
1

19
96

 Q
1

19
97

 Q
1

19
98

 Q
1

19
99

 Q
1



Fi
gu

re
 5

Tr
ea

tm
en

t E
ffe

ct
s 

of
 W

el
fa

re
 E

nt
ry

 o
n 

Ea
rn

in
gs

 (l
ev

el
s)

Se
le

ct
ed

 E
nt

ry
 C

oh
or

ts
 (A

ve
ra

ge
 2

5 
C

A
 C

ou
nt

ie
s)

-0
.6

0

-0
.4

0

-0
.2

0

0.
00

0.
20

0.
40

0.
60

0.
80

1.
00

1.
20

1
2

3
4

5
6

7
8

9
10

11
12

13
14

15
16

Q
ua

rt
er

s 
A

fte
r W

el
fa

re
 E

nt
ry

Average Quarterly Earnings ($1,000)

19
95

 Q
1

19
96

 Q
1

19
97

 Q
1

19
98

 Q
1

19
99

 Q
1



Fi
gu

re
 6

Tr
ea

tm
en

t E
ffe

ct
s 

of
 W

el
fa

re
 E

nt
ry

 o
n 

Ea
rn

in
gs

 (d
iff

-in
-d

iff
)

Se
le

ct
ed

 E
nt

ry
 C

oh
or

ts
 (A

ve
ra

ge
 2

5 
C

A
 C

ou
nt

ie
s)

-0
.6

0

-0
.4

0

-0
.2

0

0.
00

0.
20

0.
40

0.
60

0.
80

1.
00

1.
20

1
2

3
4

5
6

7
8

9
10

11
12

13
14

15
16

Q
ua

rt
er

s 
A

fte
r W

el
fa

re
 E

nt
ry

Average Quarterly Earnings ($1,000)

19
95

 Q
1

19
96

 Q
1

19
97

 Q
1

19
98

 Q
1

19
99

 Q
1




