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1 Introduction

Manpower training programs seek to reduce unemployment and poverty by increasing the

work-related skills, human capital and employability of the poor and disadvantaged. A great

deal of attention has been paid in the literature to estimating the impacts, or returns, to these

programs. The issue confronting these evaluations, though, is how to deal with the bias that

results from the fact that who gets trained and what type of training they receive is determined

in a non-random way.1 The processes, or decision rules, governing these choices are the domain

of program administrators and governmental agencies. Unfortunately, to date, we understand

very little about these decision rules and the objectives of these agencies/administrators.2,3

This paper helps to fill this void in our knowledge using data for Welfare-to-Work (WTW)

training programs run by counties in California during the 1990s. In 1996, the U.S. welfare

system underwent a major reform with the passage of the Personal Responsibility and Work

Opportunity Reconciliation Act (PRWORA). One of the key features of the new system was

to require most participants to enroll in one or more training or work-related activities, under

WTW programs, as a condition of receipt of this temporary assistance.4,5 Within these WTW

programs, training is typically classified into two types: labor force attachment (LFA) pro-

grams that provide recipients with training and assistance in finding jobs, and human capital

development (HCD) programs that seek to develop basic and work-oriented skills. In this pa-

per, I attempt to understand the decisions made by the program administrators; in particular,

1See Heckman and Robb (1985) and Heckman, LaLonde and Smith (1999), amongst other articles, for a
discussion of the issue of selection bias. (the latter paper provides an extensive survey of methods and evidence
on the evaluation of training programs).

2However, the analysis of the determinants of government policies has been an issue of interest for a long time
in economics. The areas of interest have been diverse. Classic examples are the study by McFadden (1975, 1976)
on decision rules underlying freeway route selection, and the book by Wilson (1989) on several aspects of the
functioning of government agencies. Other areas of interest have been, for example, the analysis of monetary
policy rules by central bankers (see the collection of articles in Taylor, 1999) and the fiscal consequences of
political regimes (see for example Persson, Roland and Tabellini, 2000; Persson and Tabellini, 2002; and Besley
and Case, 2003).

3Special attention has received recently the modeling and empirical estimation of the effects of incentives and
performance standards on the decisions of public sector organizations (see Dixit, 2002, for an overview of the
issues surrounding incentives in organizations in the public sector), particularly related to training and education
policy. Regarding education policies, for example, see Eberts, Hollenbeck and Stone (2002), Hoxby (2002), and
Koretz (2002). Regarding training policies, see Courty and Marschke (1997), Dehejia (forthcoming), Heckman,
Smith and Taber (1996), Heckman, Heinrich, and Smith (1997 and 2002), and Pepper (2002 and forthcoming).

4Note that having a requirement for welfare recipients to participate in training or work-related activities
was not new to PRWORA. Since the the 1960s, the U.S. welfare system, under the old Aid to Families with
Dependent Children (AFDC) program, included requirements for participation in employment and training
programs by non-exempted welfare recipients. But these provisions were not consistently enforced. The current
federal legislation contains stronger mandates and incentives to states to comply with these provisions, especially
the participation in work-related activities.

5One interpretation of the work and training requirements is that they are just a devise to identify the people
really needy from the people that want to enjoy leisure (see Besley and Coate, 1992). Although this might be
one of their objectives, I will assume throughout this paper that the training programs do have added value.
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who these programs/agencies train and, more importantly, which type of training they provide

to particular participants. To do so, I model the decision-rules for how welfare agencies run

their WTW programs.

I examine several alternative models of how government agencies assign workers to different

training programs. In an initial model, I assume that welfare agencies assign workers to

different types of training, including a no training option, so as to maximize the well-being –or,

specifically in this case, the present value of their earnings– of program participants subject to

an agency’s budget constraint and the costs of the alternative types of training. This “earnings

maximization” model of how training programs operate characterizes a “utilitarian” view of

the objectives of government agencies and is a natural place to begin to study agency/program

decision-making. This is the base model in the study by Heckman, Heinrich, and Smith (2002)

of how agencies respond to the imposition of performance standards. In alternative models to

the earnings-maximization model, I allow for a richer set of agency preferences, both across

types of training and/or across people depending on their initial skills.

In modeling the training choices of agencies, I allow for several important sources of het-

erogeneity with respect to participants and the labor markets in which they operate. First,

I allow for the possibility that program participants are heterogeneous with respect to their

initial skill levels. Second, I also allow for agencies to differ with respect to the labor market

environments for which they are training participants, and for the possibility that the nature

of labor markets interact with participant skill levels to affect the marginal returns to earnings

for different types of training. As a result, I allow for the possibilities that training is not

beneficial for every individual (i.e. is optimal not to train some people), that any particular

type of training does not benefit all individuals in the same way, and that the effectiveness of

different training programs varies with the conditions prevailing in the labor market. Also, in

my analysis, I explore alternative assumptions about how the training production functions,

i.e., the mappings of training type to subsequent earnings, vary with initial skills and labor

market conditions.6,7

6More formally, I allow for skill and labor market heterogeneity that induces heterogeneity in the marginal
returns to different types of training. As such, the model shares the essential features of the Roy Model of
self-selection in the labor market (Roy, 1951; see also Willis,1986 and Heckman and Honore, 1990), in which
heterogeneous agents self-assign themselves to occupations according to a principle of comparative advantage.
Both sources of heterogeneity, and their consequences for optimal assignments to training activities, are thought
to be important in the context of the allocation of training (see, for example, Heckman and Robb, 1985, and
Pepper, forthcoming).

7Note that I assume that training program administrators know the expected marginal returns to earnings
of different types of training for each participant. Thus, I ignore an issue, namely that program administrators
may lack information about the potential impacts of training for program participants before assignment. When
facing less than complete information about such returns, program administrators must make inferences about
the expected returns to training if they are to use it in their training assignment decisions. This issue is
considered by Pepper (forthcoming), Manski, Newman and Pepper (2002), and Dehejia (forthcoming).
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My primary focus is on how different objectives attributed to the program agencies affect

their assignment decisions. As noted above, I first consider the earnings-maximization model

of agency training assignment. Under this model, the agency will allocate participants to the

alternative types of training to achieve efficient allocations that equalize marginal benefits and

marginal costs of training. In the special case where the agency’s budget constraint is not

binding, it corresponds to an individual participant’s problem where she optimally self-selects

the type of training she undertakes as if she had access to perfect capital markets. In this

special case, the agency problem reduces to maximizing the present value of the marginal

impacts of training for each participant, implying that the role of the training program is to

overcome the imperfections of private capital markets.

To the extent that the budget constraints of the welfare agency are binding, the optimal

assignment of individuals to treatment will depend on what is analogous to the social marginal

costs of training. Furthermore, the optimal assignments will differ from the unconstrained case

in that the optimal policies of agencies will ration-out some individuals from any training and

for some other individuals will substitute from more expensive training to cheaper training,

until the relative returns of the treatment alternatives are equated to the relative costs. Note

that the problem of how the agency assigns participants to training, subject to a common

budget constraint, has close parallels to the intrahousehold allocation decisions of parents

when deciding how much to invest in the education of their heterogeneous-in-skills children.8

Finally, I consider the possibility that welfare programs have a richer set of preferences

over participants than implied by a simple earnings-maximization model. Because oversight

of welfare agencies is done by elected officers, a political economy model suggests that public

opinion and the beliefs of the median voter should affect the assignment to training policies.9

As is well documented in various types of polling data, citizens often have strong views about

people on welfare, the appropriateness of having a welfare system and what types of benefits

and services people on welfare should receive.10 Also, political parties and quasi-public organi-

zations (e.g., unions and special interest groups) often maintain explicit positions, or platforms,

relative to the structure of welfare programs.11 Lastly, welfare agency administrators and case-

8See Becker and Tomes (1976), Behrman, Pollak and Taubman (1982) and Behrman (1997). The models of
the family in these papers differ from the training problem in that parents seeking to maximize the wealth of
their (dynastic) family seek to make decisions about both educational investments and financial transfers (either
bequests or inter-vivo transfers), whereas in the assignment to training models I analyze agencies only consider
how to allocate individuals across types of training.

9There is a debate in the literature on whether politicians respond to public opinion or, just to their beliefs
and of their supporters. See Jacobs and Shapiro (2002) and Erikson, Mackuen and Stimson (2002) for discussion
and some evidence on this issue.
10See Kluegel and Smith (1986), Cox and Barrett (1992), Bean and Papadakis (1998) and Weaver (2002).
11Various theories have been put forward in the political science literature concerning how policy decisions

related to the distribution of services to targeted groups, such as those on welfare, might be affected, including
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workers, may develop their own independent objectives for how their programs are run and

which individuals should be served.12 I generalize the earnings-maximization model to allow

for a richer set of agency preferences, including different preferences across types of training

and/or across people depending on their initial skills. I show that these preferences lead to

different assignment decisions than the ones that result from simple earnings maximization.

Based on these models, I derive a number of testable empirical implications. In particular,

I derive comparative-static predictions concerning how the proportions assigned to different

types of training (including a no-training option) vary as one varies the distribution of initial

skills of the participant pool in a particular administrative locality, the budgets for that locality,

and the labor market conditions in that locality. I derive these predictions under minimal

assumptions about the nature of the training production functions. Imposing more structure

on these production functions at the theoretical level can yield more precise comparative static

results, but they are made at the cost of having these predictions depend on maintained

assumptions that cannot, themselves, be tested with the data available. Thus, it is preferable

to focus the attention on a robust, but more limited, set of predictions in my empirical analyses.

As noted above, I test the implications of my alternative models using county level panel

data for the WTW programs of counties in California.13 California is a well suited application

because it runs a very decentralized welfare system in which individual counties have great

latitude over which training schemes they offer and how they assign welfare recipients across

these programs. The focus of the empirical analysis is on how the proportions of welfare

recipients that received three types of treatment–no training, labor force attachment training

and human capital development training–vary as a function of the budgets they receive from

the State to run their training programs, the characteristics of their welfare recipients and

indicators of the local labor market conditions prevailing in the county. As it is shown below,

there is a great deal of diversity across California’s counties in their pool of welfare recipients

and their labor market conditions over the 1990s.

One difficulty with the empirical analysis involves characterizing the unobserved distribu-

tion of initial skills of the potential trainees. Although I can not observe actual skills, I am

able to use microdata to approximate them. This is accomplished by using individual level

information on welfare recipients and constructing a measure of skills as the residual from an

theories of self-interest (i.e., individuals that are more likely to benefit from a policy support it) and political
predisposition (for which party identification has been shown to be a good predictor). See Kluegel and Smith
(1986) and Cox and Barrett (1992).
12Evidence on the effects of preferences of caseworkers is presented by Heckman, Smith and Taber (1996)

regarding acceptance into the JTPA training program.
13During the period analyzed (1994-1999) training in California was offered to welfare recipients through the

GAIN Program, which was renamed as WTW in 1998, when TANF started in California. Section 2 explains in
details the characteristics of the programs.
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econometric model of labor force participation and earnings. In a second step, aggregate statis-

tics from the skills distribution, along with county level data on expenditures, local economic

conditions and registration and voting patterns are used to explain the variation in training

policies.

My findings imply that a simple earnings-maximization model does not characterize the

observed assignment decisions of county welfare agencies. In particular, I find that political

variables, such as voting and registration patterns, have a strong effect on training policies,

specifically positive with respect to human capital development training. This is consistent with

political economy models of assignment to training in which decision makers have preferences

for either a particular type of training or a particular group of participants. These results

suggest that the often assumed objective of earnings-maximization in the literature needs to

be reconsidered. They also imply that government agencies exhibit complex objective functions

that need to be taken into account in the design of policies.

The paper is organized in seven sections. The next section describes the WTW training

programs for welfare recipients in California, and shows the evolution over time of these two

types of training. The third section presents the optimization problem faced by a welfare office

that tries to maximize the expected outcome from its training policies and derives the empirical

implications of such a problem. It also analyzes extensions to the basic model. The fourth

section presents the county level and individual data to be used. The fifth section describes

the empirical strategy, which entails estimating measures of the distribution of observable and

unobservable characteristics of welfare entrants in a first step and estimating regressions using

the county level data on training policies in a second step. The sixth section presents the

results, while the seventh section concludes.

2 The GAIN and WTW programs

Training was offered to welfare recipients in California in the 1990s through two programs. Cal-

ifornia’s version of the JOBS Program14, 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 Respon-

sibility to Kids (CalWORKs) program, California’s version of the Temporary Assistance for

14The 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, vocational 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).
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Needy Families (TANF) Program.15 Both programs offered different types of services to wel-

fare recipients who were mandated to participate (except parents of small children), or face

financial 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.16 The activities that the programs offered included, among others, job search

and job readiness assistance, on the job training and subsidized employment, vocational edu-

cation 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 classified in two groups: work-oriented, termed La-

bor 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).17

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 1994 through 1999 in the proportion

of adults receiving any training, and the two types of training is presented in Figure 1.18 As

can be seen in the figure, there has been an increasing trend in the proportion of individuals

trained in general, 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. This figure does not show the important

cross county variation in these proportions, but it can be observed in the Appendix Table A.1,

which presents yearly data for the 25 biggest counties in California, the ones that will be used

in this study.

15TANF replaced AFDC after the passage of the Personal Responsibility andWork Opportunity Reconciliation
Act (PRWORA) in 1996. California was the last state to implement TANF, starting in January 1998 under the
CalWORKs name.
16However, 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).
17The Labor Force Attachment (or Work First) type of programs try to increase the insertion of welfare recip-

ients into the labor force by providing job search training and assistance, while the Human Capital Development
type of programs are oriented to increase the trainees human capital by offering longer duration basic skills and
vocational training programs.
18This paper covers the period January 1994-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.
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Note that the figure 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 theoretical model and empirical analysis will be based,

however, in the characteristics of new entrants to welfare, because their assignment to training

is a well defined problem, while the problem in which the county has to decide the assignment

to training for a welfare recipient conditional on her (potentially) having already received

training before is a more complex problem. 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 will be reflected in a “no training” category, which will be explicitly

modeled in the next section.19

3 Assignment to Training Models

In this section I develop a simple earnings maximization model for the decision making process

of a county that has to assign welfare recipients to different training alternatives. I charac-

terize the solution to the problem, and derive testable implications with respect to the effects

of changes in the budget constraint, in local economic conditions and in the initial skills dis-

tribution of the welfare entrants. In the last subsection I extend the basic model to allow for

political economy considerations that imply that welfare programs have a richer set of prefer-

ences over participants than implied by the simple earnings-maximization model. Specifically

I generalize the earnings-maximization model to consider agency preferences across types of

training or across people depending on their initial skills. I show that these preferences lead

to different assignment decisions than the ones that result from earnings maximization.

The hypothesis of the simple model is that the objective of the county is to maximize the

expected returns from its training policies. Since the county cares about the outcomes of all

individuals, trained or not, this is equivalent to maximizing expected earnings. This seems

like a natural starting point, given that it reflects the view that the welfare agency’s objective

is to obtain the best possible outcomes in the labor market for the welfare recipients, to help

them be self-sufficient. Furthermore, this objective function is the same as that assumed by

Heckman, Heinrich, and Smith (2002), Dehejia (forthcoming), Manski (2000, 2001) and Pepper

19The “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.
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(2002, forthcoming).20

The model by Heckman, Heinrich, and Smith (2002) is similar to the one I present below, in

particular, because it incorporates into the analysis a budget constraint, that the other papers

do not take into account.21 Also, their model allows the decision maker to choose the level

of training effort for each individual, which in some sense is similar to the problem in this

paper, in which the county has to choose among three treatment options. The contribution of

the model in this paper is to show how the decisions of the county regarding the two training

options can be used to empirically test implications of alternative objectives governing agencies’

assignment decisions.

3.1 Setup

Assume a county needs to make training decisions regarding an entrant cohort of welfare

recipients. Each individual has certain associated characteristics, denoted by a random vector

Xi, which includes her demographic information, education attainment, previous employment

and earnings histories, and, in some cases, evaluations (either objective or subjective) made

by county officers on the individual’s potential.22 I assume that this information is aggregated

by the county in a single-dimension index θ = ω(Xi), where ω is a known weighting function.

Furthermore, I assume that this index is continuous, that it takes on values in the interval

[θ, θ], and that it follows a county specific probability distribution function f(θ). I assume that

the ability to generate earnings or to find employment is positively correlated with θ, which

can be interpreted as a measure of the initial skills of the individuals. I will refer subsequently

to θ simply as skills.

The county has three treatment options for each individual: to not provide her any training

services (treatment N ), to provide her with LFA training services (treatment L), or to provide

her with HCD training services (treatment H ). The county evaluates the effect of each treatment

option on an individual with skills θ, by looking at the outcome variable Y (θ). This variable can

represent different outcomes of interest for the county (like earnings, probability of finding a

job, etc.). To make the discussion specific I assume that Y (θ) represents an earnings generating

function.

Treatments N , L and H have associated, at each period, earnings generating functions

Y N(θ), Y L(θ) and Y H(θ) respectively. The earnings functions for treatments L and H can

20However, Dehejia also incorporates uncertainty regarding the distribution of outcomes, and allows for a
social welfare function that exhibit inequality aversion.
21Pepper (forthcoming) does consider as one possible source of identification of the potential effects of WTW

polices an optimization model with a budget constraint.
22Some elements of the vector Xi will be observed and some will be not observed. I discuss this issue in detail

in section 5.
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also be rewritten as

Y L(θ) = Y N (θ) +∆L(θ)

Y H(θ) = Y N (θ) +∆H(θ)

where ∆L and ∆H represent the training effects of training L and H respectively, and they are

assumed to be non-negative functions of θ. This assumption just implies that an individual

can not have her earnings generation capacity diminished because of receiving training.23

However, because training takes time (and hence forgone income), the present value of

the earnings under treatment N could be higher than the present value of the earnings under

treatment L or treatment H, for some values of θ. I assume that each individual, at the

moment of treatment, has a future labor life of T periods (fixed). Treatment L takes place

over τL > 0 periods, while training H takes place over τH > 0 periods. Therefore, as HCD

training takes longer than LFA training, this implies τH > τL.

Then, the expected present value of the future stream of benefits (in each period t) associ-

ated with receiving treatment i is represented by the benefit functions

V i(θ) =
TX
t=τ i

ρtE[Y it (θ)]

where ρ is the discount factor, i = N,L,H, and τN ≡ 0. To simplify the setup I assume that
the expected earnings are constant over time, i.e. E[Y it (θ)] = E[Y

i(θ)] for all t, which implies

that the benefit functions can be re-expressed as

V i(θ) = κiE[Y
i(θ)]

where κi is a constant.24 Without loss of generality it can be assumed that ρ = 1, in which

case κN = T , κL = T − τL, and κH = T − τH (and it is easy to see that κN > κL > κH).
25

Because the cost of training is borne by the county, for the individuals, there is no direct cost

of receiving training L or training H, other than the opportunity cost of attending the training.

Also, I assume there is no cost to the county associated with the provision of treatment N (no

training), i.e. cN ≡ 0. Thus, the county faces direct costs per person cL and cH associated

with the provision of treatments L and H respectively, where cH > cL, because HCD training,

23However, note than the differential treatment effect ∆1(θ)−∆2(θ) can be positive or negative.
24One interpretation to a constant over time Y i(θ) is that it represents the average earnings over the period

that would imply the present value of earnings V i(θ).
25Note that if ρ < 1, then κN = 1−ρT+1

1−ρ , κL =
ρτL−ρT+1

1−ρ , κH =
ρτH−ρT+1

1−ρ and it still holds that κN > κL >

κH .
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is more expensive than LFA training.26 Finally, the county has a fixed budget B which it has

to use to cover the expenses of providing the training services.27

3.2 The county’s problem

The county welfare agency seeks to assign individuals to the different treatments so as to

maximize the expected returns to the investment. Denoting by Ii(θ), the indicator functions

equal to 1 if the individual with skills θ is assigned to treatment i (i = L,H) and equal to

0 otherwise, the county optimally chooses these indicator functions by solving the following

problem:

max
{IL(θ),IH(θ)}

W =

Z θ

θ
[V L(θ)− V N (θ)− cL]IL(θ)dF (θ)

+

Z θ

θ
[V H(θ)− V N(θ)− cH ]IH(θ)dF (θ) (P1)

s.t.

Z θ

θ
[IL(θ)cL + IH(θ)cH ]dF (θ) ≤ B

IL(θ) + IH(θ) ≤ 1 ∀θ.

This problem implies that the county has to assign a treatment (choose IL and IH) for each

individual. Although an analytical solution can be obtained, it is not a particularly interesting

formulation in terms of obtaining empirical implications. To make some progress, I impose

minimal conditions on the earnings generating functions Y N , Y L and Y H that make the prob-

lem both analytically simpler, and more importantly, informative in terms of implications of

changes in the economic environment faced by the county.

Assumption 1. The earnings generating functions Y i(θ) (i = N,L,H) are:

i) twice differentiable

ii) concave: Y iθθ <= 0

iii) strictly increasing: Y iθ > 0 for all θ ∈ [θ, θ]
iv) bounded from below and above: Y i(θ) ≥ 0 and Y i(θ) < K, where the constant K <∞.

Assumption 1 implies that there are always positive but decreasing returns to skills for

any treatment and that the problem will be well specified. Note that with Y N concave, it is

26See Hamilton, Freedman et. al. (2001).
27In the model I abstract from the budget allocation process, by which B is available to spend in training

programs. This simplification allows to focus on the determination of training policies, given a budget. However,
in the empirical analysis it must be recognized that the allocation of resources to the training programs is not
endogenous. This issue will be dealt with in the empirical specifications.
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sufficient that the treatment effects ∆L and ∆H are concave, to have earnings functions Y L

and Y H that are concave.28

Assumption 2. There is an ordering of the (present value of) expected marginal returns

to skills for the three earnings functions Y N , Y L and Y H that is unchanged for all θ ∈ [θ, θ].
That is, for all triplets of earnings functions (Y i, Y j, Y k) ordered by their marginal returns, it

is satisfied that

κiY
i
θ < κjY

j
θ < κkY

k
θ ∀θ, i, j, k = N,L,H, i 6= j 6= k.

Assumption 2 has a clear economic interpretation: if a particular treatment is better for

individuals of higher skills, then the marginal returns to skills are also higher for these individ-

uals. This is a standard single crossing property (i.e. ensures that the benefit functions cross

at most once), and is crucial to be able to simplify the decision problem of the county.29

Assumption 3. The cumulative distribution function of θ is differentiable and strictly

increasing in θ: Fθ(θ) ≡ f(θ) > 0, for θ ∈ [θ, θ].

Assumption 3 guarantees that there are no regions of θ in which the density function is

not defined, and it is necessary to assure that the first order conditions of the problem are well

defined.

It is straightforward to prove that under Assumptions 1 and 3 a solution always exists.30

Moreover, Assumptions 1 and 2 imply that the interaction of the functions V N(θ), V L(θ)− cL
and V H(θ)−cH divide the support of θ, into (at most) three regions, in which all the individuals
belonging to a region will receive the same treatment.

I denote the three regions over the distribution of θ as Rl (low), Rm (medium) and Rh

(high), and use the region subscript to denote the treatment provided in that region (i.e. l,m

and h, where each of them can assume values N,L or H). Then, the county problem reduces to

choosing two critical values for θ, that define the regions’ limits. Designating θl as the critical

value that separates regions Rl and Rm, and θh as the critical value that separates regions Rm

28Although this is not necessary as long as Y N
θ > ∆L

θ , Y
N
θ > ∆H

θ and |Y N
θθ | > |∆L

θθ|, |Y N
θθ | > |∆H

θθ |.
29This condition is analog to what is known in the incentives literature as “Spence-Mirrlees” condition or

“constant sign” condition (see for example Salamié, 1997, pp. 31).
30Assumptions 1 and 3 guarantee that the objective function W is continuous and that the budget set is

compact.
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and Rh, the county will choose the θl and θh that solve the following problem:

max
{θl,θh}

W =

Z θl

θ
[V l(θ)− cl]dF (θ) +

Z θh

θl

[V m(θ)− cm]dF (θ)

+

Z θ

θh

[V h(θ)− ch]dF (θ)−
Z θ

θ
V N(θ)dF (θ) (P2)

s.t. F (θl)cl + [F (θh)− F (θl)] cm + [1− F (θh)]ch ≤ B,

where cl, cm, or ch will assume the value 0 when valued at treatment N (i.e. cN ≡ 0).
The formulation of (P2) is more interesting than the one for (P1) because it allows testable

implications to be derived. Whereas in (P1) the welfare agency has to make a decision tailored

for each individual that is a candidate to receive treatment, in (P2) the county only needs to

set a decision rule based on the two critical values, and assignment to each treatment follows

directly from this decision. This allows the study of the effects of changes in the environment

faced by the county welfare agency by just analyzing the effects on the critical values for θ.

3.3 Solution

The first order necessary conditions for (P2) (using a Lagrange multiplier λ for the budget

constraint) are the following:

θl : [V
l(θl)− cl]f(θl)− [V m(θl)− cm]f(θl) + λf(θl)(cm − cl) ≤ 0 (1)

θh : [V
m(θh)− cm]f(θh)− [V h(θh)− ch]f(θh) + λf(θh)(ch − cm) ≤ 0 (2)

λ : B + F (θl)(cm − cl) + F (θh)(ch − cm)− ch ≥ 0. (3)

The second order conditions for a maximum are always satisfied under Assumption 2, as shown

in the Appendix.

I only consider the “interior solutions” to this problem, in which the three treatments are

always provided (i.e. the regions Rl, Rm and Rh are not empty).
31 Depending on which type

of individuals benefits more from each type of treatment, there are six possible cases when

considering “interior solutions”. I will characterize these cases by the treatment received by

the individuals in the regions of low, medium and high skills, in this order. Denoting them by

the notation [Rl, Rm, Rh], where the subscripts refer to the treatment, the cases are:

1. [RN , RL, RH ] =⇒ [No Training, Training L, Training H]

31Note, however,that there are configurations of the benefit functions, cost and timing of the treatments under
which one or even two of the treatments might not be offered in equilibrium. These instances can be obtained
as extreme cases of the interior solution ones.
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2. [RN , RH , RL] =⇒ [No Training, Training H, Training L]

3. [RL, RN , RH ] =⇒ [Training L, No Training, Training H]

4. [RL, RH , RN ] =⇒ [Training L, Training H, No Training]

5. [RH , RN , RL] =⇒ [Training H, No Training, Training L]

6. [RH , RL, RN ] =⇒ [Training H, Training L, No Training]

Budget constraint not binding If the county has enough funds, such that the budget

constraint is not binding (λ = 0), then the welfare agency provides training to all the individuals

for which the (net) returns to training are positive. The allocation between training L and

training H is determined by the marginal returns to each pair of treatments compared with

the marginal costs of treatment. Hence, inside each skills region the individuals receive the

treatment with the greater (net) benefit compared to the other two. The agency chooses the

optimal critical values θul and θuh (where the superindexes stands for “unconstrained”) such

that

V m(θul )− V l(θul ) = cm − cl (4)

V h(θuh)− V m(θuh) = ch − cm. (5)

The left hand sides of (4) and (5) represent the marginal benefit of one training with respect

to the other, while the right hand sides represent the marginal costs. Figure 2 depicts this

situation, where panels 2.A to 2.F show each of the possible six cases.

Note that if the individuals do take into account the direct costs of training, cL and cH , the

solution is the same as would be obtained in the decentralized problem where the individuals

are allowed to choose the treatment strategy themselves. For example, individuals could be

offered “vouchers”, valid to use in any training of their choice, allowing them to keep any

difference between the value of the voucher and the cost of the training. In this way, they would

completely internalize the cost of training. As such, the model shares the essential features of

the Roy Model of self-selection in the labor market (Roy, 1951), in which heterogeneous agents

self-assign themselves to occupations according to a principle of comparative advantage.32

Budget constraint binding When the budget constraint is binding, using (1) and (2), it

is easy to show that the county will choose the θl and θh that satisfy the following condition

32See on the Roy Model Willis (1986) and Heckman and Honore (1990).
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(where the superindexes stands for “constrained”) :

V m(θcl )− V l(θcl )
cm − cl =

V h(θch)− V m(θch)
ch − cm . (6)

That is, the treatment regions are chosen in a way that equalizes the ratio of marginal benefits

to the ratio of marginal costs of the treatments across regions. Hence, the county resorts

to substitution between treatments until the above condition is satisfied. Although (4) and

(5) might appear as similar conditions to (6), it is important to note that the mechanisms

that operate in this case are different with respect to the unconstrained case. Specifically, the

agency no longer equates just private marginal benefits with private marginal costs, but now

has to consider the “social” cost implicit in the fact that providing training to some individuals

imply that training has to be denied to other individuals. Equation (6) takes this into account

by equating ratios of marginal benefits to marginal costs across the two critical values of θ.

To describe exactly how the agency attains the optimality condition let’s consider Case 1

as an example. Faced with a binding budget constraint, the county obviously can train fewer

people (with respect to the unconstrained case), the issue is how to decide which individuals

to train, and which training to offer them. There are two effects. First, because training H

is the most expensive treatment, the county chooses to offer fewer people this treatment. As

it is shown in Figure 2.A, the individuals “denied” treatment H (that is, individuals who in

the unconstrained case would have received training H), will be offered treatment L. But, as

more and more individuals around θuh are offered treatment L instead of treatment H, the lost

marginal benefits of training increase (as measured by the vertical distance between the curves

V H(θ)−cH and V L(θ)−cL). Second, if the county denies training to individuals that otherwise
would have received treatment L, starting with the individuals around θul , the lost marginal

benefits are also small at the beginning and increase as more and more people are denied

training. The equilibrium will be attained when the vertical distance between V H(θ)−cH and
V L(θ)−cL, divided by cH−cL, and between V L(θ)−cL and V N(θ), divided by cL, are equated
(which is what equation (6) shows). In the figure the new critical values are represented by θcl

and θch, and the shaded areas roughly indicate the lost “social” benefit of substituting for one

treatment or the other.33

It is clear from Figure 2.A that total training diminishes (as shown by the translation to

the right of θul to θcl ) as well as treatment H (as shown by the translation to the right of θul

to θcl ). However, it is not obvious which is the effect on the percentage of people receiving

training L, because on one hand it decreases in the lower tail of the distribution of θ, but on

33The shaded areas are just an approximation because they do not take into account the division by the cost
differences.
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the other hand it increases in the upper part of such distribution.34

Note that the problem of how the agency assigns participants to training, subject to a

common budget constraint, has close parallels to the intrahousehold allocation decisions of

parents deciding how much to invest in the education of their heterogeneous-in-skills children.35

Analogously to the terminology in this literature, the county follows a compensating strategy

(i.e. devote more resources to more disadvantaged individuals) when the nature of the training

production functions is such that lower skill individuals benefit more from the more expensive

training (cases 2, 5 and 6), where as it follows a reinforcing strategy (i.e. devote more resources

to more skilled individuals) if the more expensive training favors more skilled individuals (cases

1, 3 and 4). As in the parental allocation literature, even if the county has equal concern

for every individual (weights them equally), it will choose not to offer every individual their

optimal treatment option, because it takes into account the trade-off generated by the resource

constraint.

3.4 Testable implications of earnings-maximization model

The objective of the model is to be able to study how changes in its parameters affect the

proportions of people trained (total and in each type of training). These proportions will be

denoted in the rest of paper by PN , PL, and PH for treatments N , L and H respectively. Note

that PN ≡ 1−PT , where PT ≡ PL+PH represents the total proportion of individuals receiving
any type of training.

To study the changes in PN , PL, and PH it is clear that the key is to analyze the reaction

of the optimal critical values θcl and θch (where superindexes will be dropped in the remainder

of the paper to simplify notation) to changes in the environment faced by the welfare agency.36

Of interest are the effects of changes in the budget B, the effects of changes in a parameter

vector Γ that affects the opportunity cost of training Y N(θ;Γ), and the effect of changes in a

parameter vector Ψ that affects the distribution of skills F (θ;Ψ).

34The intuition behind the other cases is the same, although under Case 2 and Case 4 the proportion of people
receiving training 1 unambiguously increases respect to the unconstrained case, while in Case 3 and Case 5 it
unambiguously decreases. In Case 6 the change is ambiguous. A formal proof of these results is presented in
the next subsection.
35See Becker and Tomes (1976), Behrman, Pollak and Taubman (1982) and Behrman (1997). The models of

the family in these papers differ from the training problem in that parents seeking to maximize the wealth of
their (dynastic) family seek to make decisions about both educational investments and financial transfers (either
bequests or inter-vivo transfers), whereas in the assignment to training model agencies only consider how to
allocate individuals across types of training.
36The two critical values are enough to determine the proportions of each treatment: using the general

notation for cases 1 through 6,the proportions are Pl = F (θl), Pm = F (θh)− F (θl), and Ph = 1− F (θh).
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Changes in budget The following proposition indicates the effects of changes in available

budget to the county, B, on PN , PL and PH .

Proposition 1 If the budget B increases then:

a) the total proportion of people not trained, PN , decreases;

b) the proportion of people receiving training H, PH , increases;

c) the change in the proportion of people receiving training L, PL, is ambiguous in Case 1 and

Case 6, negative in Case 3 and Case 5, and positive in Case 2 and Case 4.

Proof. See Appendix.

The intuition behind this result is the same as the previous subsection. Faced with an

increased budget, the county obviously can train more people. The issue is how the agency

decides which additional training to offer and to whom. Because training H was offered in all

cases to a lower proportion of people than when the budget constraint was not binding, the

county increases PH . This is attained in different ways depending on the case. In Cases 1 and

6 it is done by offering training H to individuals that with the original budget would have

been offered training L, in Cases 3 and 5 it is done by offering training H to individuals that

otherwise would have been offered treatment N (no training), and in Cases 2 and 4 it is done

by a combination of the two previous strategies.

Likewise, the increase in budget makes it profitable for the county to offer more training

L than before, in all cases in which the county had substituted training L with treatment

N . This effect, plus the increase of PH in Cases 2 through 5 implies that, unambiguously,

PN always decreases (PT increases). However, the effects of a budget increase on PL are not

clear: in Cases 2 and 4 PL unambiguously decreases (because training L was used as substitute

for training H), while in Cases 3 and 5 PL increases (because both training L and H were

rationed). In Cases 1 and 6, there are two opposite effects on PL (as it is shown in the Appendix

the total effect will be ambiguous): the positive substitution from no training to training L

and the negative substitution from training L to training H.

Changes in the opportunity cost of training To study the effects of changes in the

opportunity cost of training, I parameterize Y N with a vector Γ that measures changes in the

earnings generating function under no treatment in two ways: by increasing Y N in a constant

manner, and by increasing it more for more able individuals. Then, Y N(θ;Γ) = γ0+γ1Y
N(θ),

where the vector Γ is formed by two elements: γ0 which implies a parallel translation of the

original function Y N(θ) and γ1 which implies a proportional increase of the returns to skills.

Note that a change in Y N affects also Y L and Y H (the earnings under training L and H),

but just through the effect of Y N . This rules out the possibility that changes in the economic
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situation of the county also affect the treatment effects ∆L or ∆H .

The effects of a change in γ0, a parallel translation in Y
N , are specified in the following

proposition, and depend on a condition that is fully explained below.

Proposition 2 a) In general the effects of a parallel translation in the earnings generating

function Y N are ambiguous;

b) If the ratio of the opportunity cost to its direct cost of training H is “small enough” relative

to the same ratio for training L, then an increase in γ0 will reduce PL and will increase PN

and PH .

Proof. See Appendix.

This proposition shows that the effect of a change in the opportunity cost of training will

have two opposite effects. On one hand, there is a direct effect of increasing the cost of no

treatment, which implies that PN should always increase. How PL and PH change is more

complex to analyze. Given that the budget is fixed and that PN increases, with everything else

equal, the county has now more budget available for the people that are going to be trained.

Following the same logic of Proposition 1, given that training H is always “rationed”, there

should be a substitution of training L for training H (therefore making PL decrease and PH

increase). However, because training H is the training that takes longer to be completed, there

is an effect by which the opportunity cost of this training with respect to training N increases

more than for training L, making training H less desirable. If this effect is big enough, then

the substitution will be from training H to training L, which in turn might even imply (if the

savings are big enough, given that training H is more expensive) that the increase in PL makes

PN actually decrease.

Part b) of the proposition states the condition under which this situation will not occur:

if the ratio of the opportunity cost to its direct cost of training H is “small enough” with

respect to the same ratio for training L unambiguously PL will decrease, and PN and PH will

increase. In the Appendix I show that the necessary and sufficient condition for part b) of the

proposition is

τH
cH

<
τL
cL
,

where the left hand side of the inequality is an expression that captures the ratio of opportunity

versus direct cost of training H (because the higher is τH , the time that takes to complete the

training, the higher is the opportunity cost), and the right hand side captures the same ratio

for training L.

As a testable implication, the situation where the “direct effect” of an improvement in the

benefits of no treatment dominates the “indirect effect” of changes in the relative benefits of

17



the two types of training, seems more plausible. Therefore, in the empirical analysis, part b)

of Proposition 1 will be the one of interest.

The effects of a change in γ1, a proportional translation in Y
N , are the same as the effects

of a change in γ0. Therefore, in the interest of space, I defer to the Appendix the discussion

of the effects of a change in γ1, presented in Proposition 3, which is analogous to Proposition

2. In summary, the expected effect of an increase in the opportunity cost of training, it that

PL decreases, while PN and PH increase.

Changes in the distribution of skills If the distribution of skills of a cohort of individuals

to be treated changes, it would be useful to understand how the county would change its optimal

decisions. This happens to be a particularly difficult issue to explore. In the Appendix I show,

for two distributional assumptions (Uniform and Normal), that the effects of changes in the

distribution of skills are ambiguous. The intuition is that depending on the (relative) cost of

the treatment towards which the distribution moves, the county might be able to increase the

proportion of people receiving that particular treatment, for the cheaper treatments, but not

for the expensive treatments. Therefore, changes that would be easy to analyze if the budget

constraint were not binding, become extremely complicated with a binding budget constraint.

See the Appendix for details.

Summary of testable implications In summary, the testable implications of the models

are: an increase in the budget decreases PN , increases PH , and has ambiguous effects on PL

(negative in cases 2 and 4, positive in cases 3 and 5 and undeterminate in cases 1 and 6). An

increase in the opportunity costs of training increases PN and PH and decreases PL.

3.5 Alternative objective functions

The simple earnings-maximization model assumes that only factors associated with returns to

training enter the decision making process of the county welfare agency. However, there are

reasons why this might not be the case. Because welfare agencies are public bureaucracies there

are many ways in which their decisions will reflect preferences for particular groups or types

of training that arise as the interaction of the objectives and preferences of several parties

involved.

First, the general oversight of the welfare agency is done by county supervisors, who are

elected officers and determine general policy guidelines, as well as appoint the agency managers.

As such, the managers preferences should reflect the elected officers preferences. Second, the

agency managers and caseworkers might have their own preferences that will affect the agencies
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decisions.37 Third, special interest groups (i.e. advocacy groups) might also influence the

decisions of the county welfare agency. Therefore, the combination of these factors might

generate preferences regarding either individuals or a type of training, that would be reflected

on the assignment to training policies.

Political economy models, and the political science literature, suggests that the actions of

politicians are influenced by different factors. First, it is well documented in various types of

polling data, that citizens often have strong views about people on welfare, the appropriateness

of having a welfare system and what types of benefits and services people on welfare should

receive (Kluegel and Smith, 1986; Cox and Barrett, 1992; Bean and Papadakis, 1998; Weaver,

2002).38 Although it is a topic of debate whether politicians and public officers respond to

public opinion, or conversely, shape public opinion by pursuing their beliefs, the fact is that

there is an interaction between public opinion and policies that can be very important.39

Second, standard median voter theory suggests that politicians will pursue policies favored by

the median voter, which implies that political participation and voting patterns should be an

important factor in the politicians actions. Third, because political parties and quasi-public

organizations (e.g., unions and special interest groups) often maintain explicit positions, or

platforms, relative to the structure of welfare programs, the party affiliation of politicians

and/or program administrators might be an important factor in explaining policies.40

In what follows I explore two alternative objective functions that, due to some or all the

reasons above, reflect specific preferences. One assumes that welfare agencies have preferences

for a particular type of training. The other one assumes that the preferences of the agency are

over individuals (or groups).

Preferences for one type of training can appear in the particular case of LFA and HCD

training, because they are two distinctive approaches with differences that can be deemed

philosophical. For example, Hamilton, Freedman et. al. (2001) judge that there has been

disagreement over which type of training should be used as the best way of fostering the

goal of self sufficiency. They characterize the differences between LFA and HCD as: “[LFA

training] emphasizes quick employment, reflecting the belief that individuals can best build

their employability and improve their skills, eventually achieving self-sufficiency, through actual

37Evidence on the effects of preferences of caseworkers is presented by Heckman, Smith and Taber (1996)
regarding acceptance into the JTPA training program.
38One theory for the determinants of public support for public programs is self interest, by which individuals

that are most likely to benefit from a program favor it (see Cox and Barrett, 1992).
39See Jacobs and Shapiro (2002) and Erikson, Mackuen and Stimson (2002) for a debate and some evidence

on this issue.
40Party identification has been shown to be a good predictor of the attitudes of individuals towards the

distribution of services to targeted groups, such as those on welfare (see Kluegel and Smith, 1986 and Cox and
Barrett, 1992).
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work, even if their initial jobs are minimum wage and without fringe benefits”, while “[HCD

training] emphasizes initial investments in short-term education and, in some cases, training,

reflecting the view that these investments will eventually enable individuals to obtain higher-

wage, longer-lasting jobs with health insurance coverage” (Hamilton, Freedman et. al., 2001,

p.4). Ideological attitudes towards the role of work and education then can explain preferences

for one type of training or the other.41 These preferences can also reflect heterogeneity in the

discount rates of the benefits of training by policy makers, because it has been shown that

LFA training benefits are more immediate, while HCD training benefits appear more in the

medium and long run (Hotz, Imbens and Klerman, 2000).

To introduce the preferences for one type of training, I consider the case of an agency

administrator that does care about the expected returns to the assignment to training policies,

but also prefers one type of training to the other. To make notation simpler, suppose that

the earnings generating functions are such that, in terms of the prior subsections’ terminology,

Case 1 is the relevant one.42 Denoting by α the weight (preference) given to training 1 by the

agency administrator, the problem to solve is the following:

max
{θl,θh}

W = α

Z θh

θl

[V L(θ)− V N(θ)− cm]dF (θ) + (1− α)

Z θ

θh

[V H(θ)− V N (θ)− ch]dF (θ)

(P3)

s.t. [F (θh)− F (θl)] cL + [1− F (θh)]cH ≤ B.

In the Appendix I show that under “moderate” values of α (i.e. such that both types of

training are still offered), the empirical implications regarding changes in budget and oppor-

tunity costs of training of the simple earnings-maximization model still hold. However, the

optimal critical values θl and θh are different (i.e. the optimal proportions change) and affected

by α. The effects of α are clear: higher preference for training L implies a higher proportion

of individuals in training L and a lower proportion of no training and training H (see propo-

sition 4 in the Appendix). If the preferences for training L are extreme (α is “large”), then

the testable implications of the earnings-maximization model regarding changes in budget and

local economics conditions would not hold.

Preferences might be over individuals in a particular position in the skills distributions, and

not for training alternatives. In the appendix, I show that this would arise in a specification

41The evidence shows that in the specific case of training policies (and attitude towards welfare reform in
general) more liberal individuals favor an education-approach, and more conservative individuals favor a work-
first approach. See Nathan and Gais (1998) and Weaver (2002).
42That is, lower skills individuals do not benefit from training, middle skills individuals benefit from training

L, and upper skills individuals benefit from training H.
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where the objective function of the program administrator presents inequality aversion.43 In

this case a preference for the training that benefits the lower initial skills group will appear.

In the Appendix the first order conditions for a problem in which the program administrator

presents inequality aversion are presented, and compared with the ones associated with (P2)

and (P3). It is not difficult to show that for moderate inequality aversion the results would be

similar to the ones from solving (P3), in which the testable implications regarding budget and

opportunity costs of training from the earnings-maximizing model might still hold. However,

for high degrees of aversion to inequality the implications would be very different. In general,

if the agency administrator (or the caseworker) favors one particular group of individuals44,

and if this group benefits only from a particular training type, then preferences for individuals

or for types of training are observationaly equivalent hypotheses.

4 Data

The empirical analysis is based on county level information, and on the aggregation at the

county level of individual data on new 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.45 Based on these reports, the probabilities of training and

participating in activities were constructed.46 As it was mentioned in section 2, the period

under analysis is from quarter 1 of 1994 to quarter 2 of 1999. 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).

To measure economic conditions at the county level (as a proxy for the opportunity cost

of training), I use published unemployment rates, employment to population ratio (total and

in different sectors), and measures of average earnings for all and for specific sectors.47 In

43This type of objective function is proposed by Dehejia (forthcoming).
44Heckman, Heinrich and Smith (2002) allow for the possibility in their model that there are preferences for

a particular group, not explained by returns to training.
45As has been already mentioned in section 2, the data used is from the GAIN25 report (that covers the

GAIN Program period and the first year and half of the WTW Program).
46The monthly reports record the number of individuals participating in either the GAIN or WTW programs,

and the number of “activities” offered during the month. Potentially some individuals might participate in
more than one activity, which might imply that more activities are offered 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.
47The 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
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addition growth rates of employment and earnings are used.

The budget is approximated by measures of county expenditures on the training programs.

These expenditures measure costs associated with providing training services. As it is discussed

below, the budget for training is the variable suggested by the theoretical model, but it is very

likely to be endogenous to the training policies followed by the counties. Therefore I use an

instrumental variables strategy to deal with this problem, as is explained in the next section.

The variable to be used as an instrument is the total expenditures associated to running the

welfare program (administrative, employment and training services and child care), and do not

include the costs of the actual cash aid provided to welfare recipients.48

Finally measures of the “political leaning” of the county and of “political participation” are

included. These measures are used to take into account that there can be preferences for a type

of training or types of individuals by the welfare agencies, which are determined by the party

of the agency administrators and/or by the characteristics of the individuals participating in

the political process. The political party of the county administrators is not possible to be used

because the elections for county supervisors are (at least officially) non-partisan in California

(although it is the case that many supervisors do identify with a party). As a proxy then

for the “party identification” of the voters in the county, the number of votes cast in the

county for the Democratic Party in the State Assembly elections were used to construct the

variable “Proportion Votes Democratic Party Assembly”. In addition, several measures of the

characteristics of the individuals registered to vote in each election are included.49

Table 1 presents statewide and yearly averages of the county level data that is used in the

regressions.

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

(MEDS and UI base wage files) 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 in

California (around 90% of the employment of the State).50

Department (EDD) and BLS as part of the program known as ES-202 or Covered Employment and Wages.
48The data on expenditures comes from the County Financial Analysis Bureau at the California Department

of Social Servides (CDSS). For each quarter the data corresponds to the quarter equivalent of the annual
expenditures in the corresponding fiscal year.
49The data used reflect registration and election results of the general elections of the years 1992, 1994, 1996,

and 1998, and comes from the “Statewide Voting Database” of the Institute of Governmental Studies, UC
Berkeley. For each quarter, the results from the most recent election were used.
50The MEDS (MediCal Eligibility Data System) dataset goes from 1987 to 2000 and contains the welfare

use and individual level information (although MEDS identifies welfare cases, not 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 filed by employers to
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Using the MEDS dataset, new entrants to welfare (defined as individuals never on welfare

from 1987 on) were identified. As mentioned before, only the 25 biggest counties are analyzed,

and also some individuals had to be dropped from the analysis sample because they had missing

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

allow to construct reliable family structure variables.51 An additional sample restriction is

that only adults 45 years old or younger are analyzed (because with older welfare recipients it

is not clear how counties perceive the effectiveness of assigning them to training).

Table 2 presents county and year averages of the characteristics of the sample of entrants

to be analyzed. Appendix Table A.2 presents an analysis of the cases dropped from the

sample, and the reasons why they were dropped (panel A). It also presents a comparison of

the percentages of people dropped from the sample in the 25 counties analyzed versus the rest

of the counties (panel B), and it finally shows the distribution of entrants by county (and gives

the list of the 25 counties studied) kept in the sample (panel C). In summary, 65% of all the

new entrants in the period 1994-1999 are analyzed (449,636 individuals), with a concentration

of half of these entrants in some few counties (Los Angeles, Orange, Riverside, San Bernardino,

San Diego, and Sacramento).

5 Empirical strategy

The implications derived from the theoretical models in section 3 can be tested empirically,

using the county level data on the total proportions of people trained, and receiving LFA and

HCD training, and the county level variables presented in the previous section. The following

two subsections will detail the econometric specifications to be used.

5.1 Estimation of skills distribution52

As the model emphasizes, it is necessary to control for changes in the skills distribution of each

cohort of trainees to be able to compare county data across time and counties. Also, having a

measure of the skills distribution permits to evaluate empirically the effects of changes in this

distribution on the average assignment to training rules of the counties.

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.
51Missing or invalid personal information refers primarily to SSN not valid, and/or missing date of birth, sex

or ethnicitcy. Also, because MEDS identifies 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.
52I want to thank Moshe Buchinsky for suggesting this methodology for estimating the unobserved skills

distribution.

23



The distribution of skills is unobservable for each cohort, at least from the point of view of

the econometrician. It is very likely that this is true for the county’s welfare agency too, but

it is also true that the agency (i.e. the case worker dealing with a particular individual’s case)

can try to “learn” the value of θ for each individual that enters welfare, by different means.

One piece of information is provided by the individual’s previous employment and earnings

history, as well as personal information (age, civil status, number of kids. age of kids, etc.)

that should be very informative regarding the earnings potential of the individual (which is

ultimately what θ tries to capture). Thanks to the individual level data available on all the

welfare recipients in California, aggregate measures (at the entry cohort-county level) of these

variables can be constructed, and used in the analyses.

A second piece of information on the underlying θ for the county is provided by the in-

teraction between the county (the case worker) and the welfare entrant: all counties conduct

one-on-one interviews with every entrant to generate an assessment of her potential and weak-

nesses. In addition, many counties also conduct basic math and language exams to further

inform this assessment. As there is no data on the results of these assessments, this is truly

unobservable data from the econometric analysis point of view (albeit it is observable for the

county). It is also unobservable all other information on the individual that the county observes

but is not recorded in the data (most notably educational attainment measures, unfortunately

not available in the data sources). Finally there are some other factors (like the individual’s

motivation) which are not observed by the county (unless the case worker is able to gauge

them in the personal interviews) or recorded in any data set.

Let’s assume that for an individual i her skill level is θi = ωX 0
i, where Xi is a 1 × K

vector of individual characteristics observed by the county, and ω is a 1 ×K (known) vector

of weights used by the county to aggregate this information. Furthermore, assume that Xi is

partitioned into two vectors, Xi = [X
o
i ,X

u
i ], where X

o
i is the vector of characteristics observed

in the econometric analysis, and Xu
i is the vector of characteristics that are unobserved in the

econometric analysis. Similarly ω can be partitioned as ω = [ωo,ωu].

Because the regressions are based on county-level data, it is necessary to introduce measures

of the characteristics of the distribution of θ, for example by including in the regression the

cohort/county means of the observed variables Xo. However, this has two problems. First, the

coefficients associated with these measures will not have a clear interpretation, because they

will be implicitly multiplied by ωo. Second, this strategy leaves out Xu which might include

very important factors in the county’s decision. Arguably, Xo includes factors like employment

and earnings histories that are considered crucial in the selection into training decision, by the

training literature53, but still there are (potentially) other factors which are taken into account

53The whole “selection on observables” approach to the non-experimental literature of estimation of training
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by the county that are being left out.

The strategy that I follow to deal with this problem is to use the individual level information

available on welfare entrants to estimate an index for the left out individual components, and

then include features of its distribution in the aggregate level regressions. Specifically, in the

tradition of the estimation of earnings equations literature, I calculate earnings equations for

the welfare entrants in a period prior to entry, and interpret the residuals from these regressions

as measures of the skills of the individuals. Subsequently I use measures of the distribution of

these residuals in the aggregate level equations.

Because the central interest when calculating the earnings regressions is to obtain the best

possible approximation to the skills of the individuals, the strategy for modelling the earnings

equation emphasizes prediction of earnings. Running a simple linear equation on the earnings

does not seem to be a sensible option, given that (in particular in the earlier years) a large

proportion of the individuals were not working before entry into welfare, and then there is a

substantial mass at zero earnings. A Tobit model, which would take into account the truncation

at zero earnings, might be an option, but the problem is that this model assumes that the same

coefficients apply both to the zero part as to the positive part of the earnings distribution.

A better approach is to model both the labor force participation decision, and the earnings

generating function, conditional on participation. This is done by using the so called “two-

part” model, which first estimates the probability of earnings being positive, and then estimates

the earnings equation conditional on positive earnings.54 That is, the first part estimates a

standard probit model

Pr(LFPi = 1) = Φ(Z1iδ1)

where Φ is the CDF of the standard normal distribution, LFP = 1 if Yi > 0 (positive earnings)

and zero otherwise, and Z1i is a vector of variables that determine the labor force participation

decision of individual i. The second part is a linear model

ln(Yi|LFPi = 1) = Z2iδ2 + u2i

where E(u2i|LFP = 1) = 0, and Z2i is a vector of variables that determine the (log) earnings
of individual i. The vectors Z1i and Z2i include individual demographic variables (language,

race, gender), age and age squared, while Z1i also includes family structure variables (number

effects, is based on the assumption that a rich set of variables is available on the individuals, with earnings and
employment histories playing a central role.
54An alternative would be to use the “Heckit” sample selection model. Leung and Yu (1996) argue that the

“two-part” model might be marginally better than the Heckit model for purposes of prediction. Furthermore,
both models were estimated with the data, and there are minimum differences between them.
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and age groups of kids, entered welfare as single as proxy for civil status), and a dummy that

indicates whether the individual received welfare as a child or not. Using this model, each

individual’s (log) earnings can be predicted as ln(Ŷi) = Φ(Z1iδ̂1)× Z2iδ̂2.
The measure of skills of an individual i can then be calculated as the residual Ûi = ln(Yi)−

ln(Ŷi). To make the residuals comparable across counties and cohorts, the above model is

estimated pooling all cohorts of entrants together, and including county and cohort fixed

effects. This makes it possible to introduce comparable measures of the distribution of the

residuals by county and cohort in the county level regressions.

5.2 County level regressions

To test the model presented in section 3, the following three equations are estimated:

PN,ct = β0N+β1NBct+β2NEct+β3NMÛ ,ct+β4NXct+β5NZct+ηc + τ t+vN,ct (7)

PL,ct = β0L +β1LBct +β2LEct +β3LMÛ ,ct +β4LXct +β5LZct +ηc+ τ t +vL,ct (8)

PH,ct = β0H +β1HBct +β2HEct +β3HMÛ ,ct +β4HXct +β5HZct+ηc + τ t +vH,ct (9)

where the subindexes c and t refer to county and time, PN,ct, PL,ct and PH,ct are respectively

the total proportion of people not trained, the proportion of people that received LFA training,

and the proportion of people that received HCD training, Bct represents budget, Ect represents

measures of local economic conditions, MÛ ,ct represents moments and percentiles of the dis-

tribution of estimated skills distribution of welfare entrants, Xct represents average observed

characteristics of welfare entrants, and demographic characteristics of the county, and Zct rep-

resents the political variables. The term ηc represents (fixed) unobserved heterogeneity at the

county level (such as differences in the administration of the welfare programs at the county

level), the term τ t represents (fixed) time unobserved heterogeneity (such as policy changes

at the state level that affect all counties in a period of time), and vN,ct, vL,ct and vH,ct are

error terms. Note that as PN ≡ 1 − PL + PH , all the coefficients in (7) will be equal to one
minus the sum of the respective coefficients in (8) and (9). Still, it is interesting to estimate

(7) separately because the theoretical model has predictions on the effects on the proportion

not trained, even in cases when the testable implications regarding training L are ambiguous.

If vN,ct, vL,ct and vH,ct are uncorrelated with all the explanatory variables, this implies

that each equation can be consistently estimated, using OLS, allowing for county and time

fixed effects (the relevant time period is a fiscal year, the unit of measure of the budget, and

it appears as the appropriate variable to capture unobserved changes in policies at the state

level).

However, as mentioned in the previous section, the budget measure of resources available
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for training is derived from the report of expenses of the counties on the training programs.

Therefore, is very likely that this variable will be endogenous to the training policies of the

counties. To deal with this problem of endogeneity I use an instrumental variables strategy, in

which the instrument for the training budget is the total budget (expenditures) of the county.

This seems as a reasonable instrument, given that the budget allocations from the State of

California to its counties were based, in the period analyzed on a “statewide model” in which

the California Department of Social Services allocated funds to counties based on historical

spending patterns (for employment and child care services, not for administrative costs).55

In the same way, it is necessary to assume that the number and characteristics of the

entrants are not affected by the training policies. This seems to be a reasonable assumption,

because the entrants to welfare are probably attracted by the cash component of the aid. If

they were interested just in training, there are several options available for obtaining training

services elsewhere, without the need to apply to welfare. The rest of the county level measures

are clearly exogenous to the training policies.

6 Analysis of results

Using the data and the methodology described in the previous two sections, the two steps of

the empirical strategy are: 1) estimate the distribution of the skills, and 2) estimate county

level regressions based on the training proportions.

6.1 Skills distribution

The two-part model was used to obtain the distribution of skills, based on the earnings of

the new entrants to welfare at different periods before welfare. When applying this strategy

to data on labor force participation and earnings in quarter 5 through quarter 8 before entry

to welfare, the results were very similar. When the same was done using data for quarter 3

and 4 before entry, some noticeable differences appeared, and the results were very different

for quarters 1 and 2 before entry. This is consistent with the observed pattern in which, for

all cohorts, average earnings are reasonably stable up to quarter 5 before entry, and start to

decrease sharply thereafter with a minimum in the quarter of entry to welfare. This is not

surprising given that to qualify for welfare the individual (or family in the case of two-parent

families) needs to prove that her income is below a certain threshold, and it is a regularity

that has been deemed in the literature as the “Ashenfelter dip”.

Because the interest is in characterizing the permanent component of the skill measure,

55See Hill (2001).
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net of transitory shocks that the individuals might be suffering at a particular moment of time

(which probably explains the entry to welfare), I do not use data on quarters 1 to 4 before

entry. Also, because for the early cohorts fewer quarters of pre-entry data are available, and

given that the earnings seem fairly constant for quarters 5 to 8 before entry, I use quarter 5

before entry to obtain the skills distribution.

The estimation was done by pooling together all the cohorts of entrants in all counties, and

including time and county fixed effects. Figure 3 shows the (kernel-smoothed) density of the

skills distribution (residuals from the two-part model), for selected years (i.e. averaging across

counties and quarters within a year).56

The figure shows that the distribution of skills experienced a noticeable compression during

the period. The biggest movements, though, occur in the upper part of the distribution, with

a clear shift toward the center. The effects of these shifts are made clear by Figures 4 to 7.

Figure 4 shows that the mean of the distribution has decreased over time, with the differences

not statistically significant as is indicated by the confidence intervals. Figure 5, in contrast,

shows that the median has increased slightly (around 6%, the skill measure is expressed in

logs) until 1998, and remained fairly constant or decreased afterwards, which is a reflection

of the movement towards the center of the lower part of the distribution. Figure 6 and 7

show the 10th and 90th percentiles of the skill distribution. While the 10th percentile has

remained fairly constant, the 90th percentile experienced a very important change, decreasing

more than 20%. This shows that the latest cohorts of entrants were less skilled than the ones

at the beginning of the period. This is consistent with the claim by welfare administrators

that they had to cope with the individuals hardest to serve in these late periods. This is very

consistent with the fact that the economy was very strong through the end of the 90s, meaning

that the individuals that really had trouble finding jobs were the ones entering welfare.

6.2 Proportions of training regressions

Table 3 presents the results from running regressions using respectively as dependent variables

the proportion of welfare recipients that received LFA training, the proportion of welfare

recipients that received HCD training, and the proportion that received no training. Four

specifications are shown for each variable, the first and third do not instrument the log(training

budget), and the second and fourth use the log(total budget) as an instrument for log(training

budget), as it was explained in the previous section. All the specifications include county and

fiscal year fixed effects, and the standard errors are robust to heterokedasticity, and corrected

56Only years 1994, 1997 and 1999 are presented to make the figure readable, the omitted distributions lie in
within the ones displayed.
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by county/fiscal year clusters.57 As it can be seen in columns (1) and (2) of Table 3, the

OLS and IV coefficients for the budget measure differ greatly, which highlights the very likely

endogeneity of the training budget measure. Note that the table does not show a whole set of

variables that were included to control for the demographic characteristics of the entrants to

welfare and the adult population in the county.58

Effects of changes in the skills distribution The characteristics of the individuals, both

observables59 and unobservables play a role in the determination of the training policies. To

characterize the changes in the distribution of skills, the mean, median, 10th and 90th percentile

of the skills distribution were included in the regressions.60 The preferred specification (before

including any interaction terms) is the one in Column 2 (that instruments the training budget

variable). The decrease of the 90th percentile has a very important effect in increasing the

total number of people trained. The same is true for a decrease in the 10th percentile. What is

surprising is that the effects of changes in the mean and the median go in opposite directions,

but this is a result of the fact that both measures move in opposite directions in the data.

The more interesting question is which of the two types of training is increased when the

distribution of skills become more homogenous as result of changes in the upper part of the

distribution. As it is explained in the Appendix, the theoretical model gives ambiguous results

regarding the expected effects of translations in the distribution, because counties will have to

substitute individuals between training programs to satisfy the budget constraint, depending of

which training program benefits more the individuals towards which the distribution is moving.

The results show that the biggest negative effect of a decrease on the mean of the distribution

and increase of the median is on the proportion of people receiving HCD training, which is

consistent with a substitution from HCD training to LFA training. The fact that total training

decreases with a decrease in the mean reflects the effects of an extra mass of people to train

that can not be covered with just substitution between types of training. Also, the coefficient

associated to the 90th percentile for LFA training is almost four times the size of the coefficient

for HCD training (which also is not statistically significant), showing that, when keeping the

amount of resources fixed, the need to provide more training has to be done through the

57All the county level regressions were estimated by GMM (which is more efficient in the presence of het-
eroskedasticity than two stage least squares) and are weighted by average caseload of the counties in the period
under analysis. However, for convenience I will still use the term OLS and IV to refer to the regressions.
58The variables included in all the regressions are: gender, age and race (black, hispanic, white) composition

of the entrants cohorts to welfare, as well as measures of the demographic composition of the adult (18 and plus
years old) population in the county (proportions of females, race/ethnicity groups) and log(population).
59The coefficients associated to the demographic characteristics of the entrant cohorts and of the county

population are not shown for space reasons, they are available from the author upon request.
60Higher order moments were also tried, but there were highly correlated with the lower order moments, and

they were never significant.
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increase of LFA training which is the cheaper training. However, when the decrease in skills

comes from the lower part of the distribution (a decrease in the 10th percentile), the effects

are more balanced. This, together with the effects of changes in the mean and the median

suggest that HCD training is offered to low skills individuals, and LFA training is offered to

individuals in the middle part of the skills distribution (Case 6 in the theoretical model).

Note that the above results are holding resources (budget) constant. The results change

somehow when relaxing that constraint. In particular Column 4 of Table 3 shows how when

the interactions with the resources available to the county is taken into account, the negative

effects on HCD training of changes in the distribution are less clear.

Table 4 summarizes the results of Columns 2 and 4 of Table 3 (note that the results in

Table 4 are expressed in percentage terms, that is the coefficients in Table 3 are multiplied by

100). Panel A shows the effects on each type of training of a standard deviation increase in all

the variables, when no interactions are taken into account. Note that a decrease in the 10th

or 90th percentile increase total training, but in particular regarding a decrease in the 90th

percentile the increase is much bigger for LFA training (and it is statistically not significant

for HCD training). Panel B shows that under a situation in which the available budget is

“high” (defined as the mean of the period analyzed plus one standard deviation), the effect

of a decrease in the 90th percentile implies a bigger increase in LFA than in HCD training,

but that a decrease in the 10th percentile implies only an increase in HCD training, once the

availability of resources is taken into account. Under a “low” budget (defined as the mean

of the period minus one standard deviation), as expected given the diminished possibility of

offering the more expensive training, there is a much smaller effect of the decrease in the 90th

percentile with a higher proportional decrease respect to the previous case in HCD training.

Also, in the low budget case there is no effect of the changes in the 10th percentile (which are

more likely to affect HCD training, if lower skills individuals are receiving this training).

Effects of local economic conditions To capture local economic conditions several vari-

ables were tried (not reported in the tables). Unemployment rates had no predictive power,

consistent with previous studies that found them as very poor approximations to counties

local labor markets (Hoynes, 2000). Also consistent with the same evidence, employment to

population ratio and average earnings in the retail trade sector were significant in particular

for HCD training and total training. In addition, the quarterly growth rates of employment

and earnings in the retail trade sector appear significant for HCD and no training. Other

sectors (including overall employment and earnings) were tried, and retail appeared as the one

with stronger effects. This should not come as a surprise given that retail is probably one of

the more important sectors for low wage workers, and therefore is the sector where welfare
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recipients would most likely try to obtain jobs.

To evaluate the total effect of changes in the local economic conditions Table 4, panel A

shows the effect on the different training programs of an improvement of the economy that

implies a higher employment to population ratio, higher earnings, as well as an increase in

employment and earnings growth rates. As predicted by the simple earnings-maximization

model, the effect on LFA training of an improvement in the economic conditions is negative

and the effect on HCD training is positive. The effect on no training also has the expected

negative sign.

Effects of budget Under the simple earnings-maximization model, with a budget constraint

binding, it is expected that the budget variable will be a fundamental element in determining

the training policies. The coefficients in Table 3 (column 2) on the log(training budget) have

the predicted signs by the earnings maximization model: they are positive for HCD training

and negative for no training. The coefficient on LFA training is ambiguous, as predicted by

the model, and although in the regressions they appear as positive, they are statistically not

significant.

The size of the coefficients is large, for HCD training the coefficient of 0.19 implies that

every 10% of increase in the budget translates roughly in an in increase of two percentage

points in the proportion of people receiving HCD training). As a reference point, the average

proportion of HCD training in the period was 0.09. In fact Table 4, panel 1, shows how an

increase of standard deviation in the budget (respect to the average in the period), implies an

increase of 19 percentage points, almost double the actual change in the whole period (from

0.09 to 0.18, see Table 1).

Note in Table 4, panel B, that the effects of the changes in budget do not vary much accord-

ing to the characteristics of the skills distribution, in particular for HCD training. For LFA

training the effect of the budget under a more homogenous distribution (more “compressed”)

is much bigger, but it remains statistically insignificant.

Effects of political variables Summarizing what has been analyzed up to this point, the

results in Tables 3 and 4 are consistent with a simple earnings maximization model: budgets

affect positively HCD training and total training, and local economic conditions also affect in

the way predicted by the theoretical model. Furthermore, the distribution of skills does appear

as an important factor in the training policies, suggesting that HCD training is more respon-

sive to changes in the lower part of the distribution, while LFA training is more responsive

to changes in the upper part. This would suggest that a characterization of the results, in

terms of the model in Section 3, is that counties are operating under Case 6, that is, offering
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HCD training to the lower part of the distribution, LFA training to the middle part of the

distribution, and no training to the upper part of the skills distribution.

Although the results in Table 3 seem in general consistent with the simple earnings-

maximization model, as it was discussed in Section 3, they are also compatible also with

models in which the welfare agency administrators exhibit moderate preferences for a par-

ticular type of training or moderate inequality aversion. Therefore, to determine whether the

simple earnings-maximization model characterizes the observed training policies, it is necessary

to incorporate variables that permit approximate preferences for programs and/or individuals.

Table 5 shows regressions equivalent to the ones in Table 3, but where a whole set of

political variables are included.61 The results strongly suggest that indeed the simple earnings-

maximization model is not appropriate, because several of the political variables appear as

significant in explaining the training policies.

The “Democratic tendency” of the county, as measured by the proportion of individuals

voting for Democratic candidates in the last assembly election, negatively affects LFA training,

and positively HCD and total training (although the latter is not statistically significant).

Other variables included are registration to vote patterns, and are intended as proxies for

political participation of different groups (which might translate as pressure or “mandates”

for program administrators to favor particular groups, or types of training). The proportion

of adults that are registered as Democrats has no statistically significant effects. However,

the variable that has an important effect on HCD training is the proportion of individuals

registered as independent or under other political affiliation (not Republican or Democrat).

Note that in the period analyzed the proportion of individuals registered in the Republican and

Democratic parties decreased, and the Independent/Other category increased (with a stronger

negative effect on Democratic registration). It is not surprising that the variable that matters

is the registration of Independents/Other because it includes disenchanted Democrats and

individuals registered in the Green Party (which has shown an increase in registration in the

period).

One of the variables that appears as more consistently affecting training policies is the

proportion of adults registered and Hispanic. Its effects are strongly positive on HCD training

and total training, and negative on LFA training. This is a period of strong increase in the

political participation of Hispanics in California (fueled by several propositions presented to

the voters in this period that were perceived as particularly negative for Hispanics),62 and the

61Appendix Table A3 shows the first stage regression, when instrumenting Log (Budget Training) with Log
(Total Training), including the effect of political variables (the rest of the variables in this regression are not
shown, but all the other variables included in all the regressions were included).
62A series of propositions between 1994 and 1998 were passed that were strongly opposed (and generated

increased political participation) by Hispanics. Proposition 187 of 1994 (which was later struck down in the
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results suggest that when Hispanics have more political clout they strongly favor HCD training.

If Hispanics, as a group, perceive that they are likely welfare users, and HCD training is also

perceived as a “better quality” training, the results would be consistent with the “self-interest”

theory of the determinants of public support for public programs, by which individuals that

are most likely to benefit from a program favor it.63

Table 5 and 6 presents several specifications allowing for different interactions between

political variables, budget and skills distribution. The effects of these specifications are sum-

marized in Table 7 (for the models in Table 5) and in Table 8 (for the models in Table 6).

Table 7, panel A, summarizes the direct effect of the political variables, when not allowing

for any interactions. It is interesting that the increase of HCD training associated to voting

for Democratic candidates or higher registration of Hispanics and of Independents/Others are

through both an increase in total training and a decrease in LFA training. This is when

resources (budget) are kept constant. The results change somehow when allowing for different

budget environments.

Table 7, panel B, explores the effects of these political variables under two environments:

one of high budgets (like the end of the period analyzed), and one of low budgets (similar to the

beginning of the period analyzed). The first thing to note is that the effect of the registration

of Hispanics and Independent/Others is strong under any budget situation. However, under

a high budget the proportion of votes for Democrats has no statistically significant effect on

HCD training, but still a negative effect on LFA training. Also, the proportion of registered

Democrats appear now as positive on HCD training and on total training (and even a positive

but not statistically significant effect on LFA training). The situation is similar under a low

budget, but with the proportion of votes for Democratic candidates having a positive and

statistically significant effect on HCD training. Under low budget the effects are much smaller

which makes sense because it is easier to increase the proportion of HCD training (the more

expensive training) when there are more resources available. Still the effects of the political

variables are very important.

Table 8 explores the effects of the political variables under different configurations of the

skills distribution, regarding the position of the 10th and 90th percentiles. Comparing situa-

tions in which the 10th percentile is low or high (defined as the average for the period minus or

plus a standard deviation), shows similar results as Table 7 (panel A). The difference between

courts) seeked to deny social services, health care, and public education to undocumented immigrants. Propo-
sition 209 of 1996 banned the use by government agencies of affirmative action programs in employment, and
contracting and in university admissions. Proposition 227 of 1998 ended bilingual education in public schools,
and it was opposed by some and defended by other Hispanic political leaders (in fact, bilingual education has not
been completely eliminated from California public schools through a provision that allowed parents to petition
for this type of instruction).
63See Cox and Barrett (1992).
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these two situations is that the proportion of votes for Democrats, registration of Indepen-

dents/Other and registration of Hispanics positively affects HCD training more under a low

10th percentile than under a high 10th percentile. That is, when the skill level of the more

disadvantaged individuals decrease, more HCD training is offered to these individuals as result

of the effect of the political variables. This is consistent with aversion to inequality that gives

a higher weight to the more disadvantaged individuals. Regarding the upper part of the skills

distribution, two scenarios are studied, with a low and a high 90th percentile (defined also as

the average of the period minus or plus a standard deviation). Two results are interesting.

First, with a low 90th percentile the proportion of votes for Democratic has a positive effect

on LFA training as opposed to the negative or non significant effect in the other cases. Second,

the same variable shows an important negative effect on LFA training and a small positive

effect on HCD training, in the scenario of a high 90th percentile. Both results seem consistent

with a desire for offering some type of training to individuals that are below a certain skill

level, and confirm that the individuals that receive LFA training have a higher a skill level than

individuals receiving HCD training. Note that in all four scenarios the effect of the registration

of Hispanics remains strong and positive.

It is not easy to determine whether the effects of these political variables reflect preferences

for a particular type of training (i.e. HCD) or for the individuals that most likely would benefit

from that training. The results show that the effects of votes for Democratic candidates are

different according to the distribution of skills: when the skills level of the individuals in the

upper part of the distribution decrease LFA training increases as much as HCD training with

an important increase in total training. In the cases where the upper part of the distribution

moves to the right LFA training decreases, and when the lower part of the distribution moves,

then HCD training is affected. On the other hand, the effect of the registration of Hispanics

appears as important in every case in increasing the proportion of HCD training. That is,

Hispanics seem to favor HCD training in general, while the votes for Democratic candidates

seem to be associated to more total training in general oriented to individuals below certain

skills level. This, unfortunately is not enough to discriminate between the hypotheses of

preferences for a type of training or for particular individuals in the skills distribution. What

is clear is that the political variables capture preferences that are not consistent with a simple

earnings-maximization model.

Effects of political variables including impact on training budget decisions One

possibility to explain the effect of the political variables is that they reflect different training

budget allocation policies (for example Democrats prefer to spend more on training), but not

direct effects on training policies themselves. This can be analyzed in several ways. First,
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if the political variables affected only training budgets and not the training policies directly,

they should not appear as statistically significant in the proportions of training regressions.64

Second, instead of instrumenting the log(training budget) with log(total budget), the latter can

be included directly in the regressions. This changes in the interpretation of the coefficients

on the political variables because they will reflect now not only their direct effect on training

policies, but also their effect through budget allocation decisions. The fact that except for

the registration of Hispanics all other coefficients of the political variables in the first stage

regressions (shown in Appendix Table A3) are not statistically significant already suggest that

it is not the case that the effect of political variables is only through budget allocation decisions.

This is reflected clearly in Table 9 that is equivalent to Table 7 (panel A), showing the effect

of changes in political variables on training policies, when log(total budget) is entered directly

in the regressions instead of as an instrument for log(training budget). As it is clear of the

comparison with Table 7, the only variable that diminishes its effect is the registration of

Hispanics. In particular, the results show that the total effect of this variable is of substitution

of LFA for HCD training with no statistically significant effect on total training, as a result of

the negative effect on training budgets of the registration of Hispanics. What Table 9 makes

clear is that the bulk of the effect of the political variables is directly on the training policies,

and not through budget allocation decisions.

7 Conclusions

In this paper I modeled the training assignment problem faced by county welfare agencies and

considered alternative assumptions about what the agencies seek to maximize when assigning

welfare participants to alternative types of training. Using these models I derived empirical

implications regarding aggregate training policies, and test them using data for Welfare-to-

Work training programs run by California’s counties during the 1990s.

My findings imply that a simple earnings-maximization model does not fully characterize

the observed assignment decisions of county welfare agencies. The results are consistent with

the expected implications of a simple earnings maximization model and show that counties

adjust their policies to changes in the environment they face in the way predicted by this

model. However, I also find that political variables have a strong effect on the training policies,

specifically increasing human capital development training. This is consistent with political

64Remember that log(training budget) is being instrumented with log(total budget). It can be proved that
if the political variables only affect log(training budget) but not training policies,then if they are included in
the first and second stage regressions when they should have been included only in the first stage regressions,
their coefficient in the second stage regression should be zero. That is, political variables can be non-zero in the
second stage regression only if they affect training poliicies directly, aside from their effect on training budgets.
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economy models of assignment to training in which decision makers have moderate preferences

for either a particular type of training or a particular group of participants. The results do

not allow to differentiate between these two hypotheses, though.

The results from this study are important for several reasons. First, the results raise the

possibility that the imposition of work requirements by the federal government after welfare

reform might not be consistent with the objectives of the counties. The literature in per-

formance standards shows how standards that do not properly solve the potential tensions

between the objectives behind the implementation of the standards and the local decision

makers own objectives may cause “cream-skimming”, “gaming” of the system, and probably

efficiency losses.65 In this particular case, the fact that the more expensive training (HCD)

seems to be directed to low skills individuals, might imply that under the pressure of satis-

fying performance standards the counties might decrease the provision of training services to

the more disadvantaged individuals. This could decrease or increase efficiency depending on

whether these individuals are the ones that benefit most from HCD training or not, but clearly

would have equity consequences. One could make the argument that the federal government

actually is aware of the preferences of the welfare agencies and that the imposition of particular

performance standards has the objective of changing the behavior of the counties. That is an

open question, but clearly it is necessary for the federal (and state) government to be aware

of the nature of the objective functions and preferences of the local decision makers, when

designing incentive policies, to understand how agencies might respond to them, and their

consequences on the individuals to be trained.

Second, the results are a contribution to the growing literature in treatment assignment,

because they show that the often assumed objective of earnings-maximization may be inap-

propriate. In particular, as future research, it would be interesting to explore whether these

results are idiosyncratic to welfare agencies in California, or if they reflect a larger pattern

concerning government agencies.

Third, the results of this study are an input for complementary studies of the effects of

Welfare to Work programs. The theoretical models suggest that training policies are deter-

mined by the characteristics of the pool of individuals to be trained, by exogenous factors to

the programs and by the preferences of the program administrators. The empirical evidence

supports these implications, which can then be used to learn more about the characteristics

of the production functions for training (earnings generating processes). Specifically, Mitnik

(2003) uses the variation in the exogenous factors and preference components in training poli-

65Evidence on these undesired effects on training programs can be found in Courty and Marschke (1997),
Heckman, Heinrich, and Smith (1997 and 2002), and Bell and Orr (2002). Berger, Black and Smith (2000)
discuss some similar potential problems associated to statistical profiling methods.
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cies to estimate the treatment effects of the Welfare to Work programs, exploiting the fact that

different entry cohorts to welfare were subject to different policy regimes.

Finally, a more direct evaluation of the objective function of the welfare agencies would be

possible if more detailed information about assignment to training of individuals were available.

In particular, using individual level datasets on assignment to training, it would be possible to

further explore the nature of the preferences of county administrators, and their implications

for the assignment rules. Also, a better understanding of the political processes behind the

determination of training policies is necessary to be able to explain the agencies preferences.

These will be lines of future research.
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Appendix

Second order conditions for (P2) The second order conditions that need to be satisfied
around a maximum for P2, denoting by L the Lagrangian, are:

det(M) ≡ det

⎡⎢⎢⎣
0 ∂2L

∂θl∂λ
∂2L

∂θh∂λ
∂2L
∂θl∂λ

∂2L
∂θ2l

∂2L
∂θl∂θh

∂2L
∂θh∂λ

∂2L
∂θl∂θh

∂2L
∂θ2h

⎤⎥⎥⎦ > 0
where (valued at the critical values θ∗l and θ∗h that solve (P2)):
∂2L
∂θ2l

= V lθ (θ
∗
l )− V mθ (θ∗l );

∂2L
∂θ2h

= V mθ (θ
∗
h)− V hθ (θ∗h);

∂2L
∂θl∂θh

= 0;
∂2L
∂θl∂λ

= f(θ∗l )(cm − cl);
∂2L

∂θh∂λ
= f(θ∗h)(ch − cm).

Then, det(M) > 0⇔−( ∂2L
∂θl∂λ

)2 ∂
2L

∂θ2h
− ( ∂2L

∂θh∂λ
)2 ∂

2L
∂θ2l

> 0. Therefore, the sufficient conditions

for the critical values that solve (P2) are,

f(θ∗l )
2(cm − cl)2[V hθ (θ∗h)− V mθ (θ∗h) > −f(θ∗k)2(ch − cm)2[V mθ (θ∗l )− V lθ (θ∗l )], (A1)

and will always be satisfied because under Assumption 2 V hθ (θh) > V mθ (θh) and V
m
θ (θl) >

V lθ (θl).¥

Necessary conditions for interior solutions to (P2) The following conditions are nec-
essary for an “interior solution” of (P2) in which all three treatments l,m and h (in ascending
order of the distribution of θ) are offered:
i) V l(θ)− cl > V m(θ)− cm > V h(θ)− ch;
ii) V l(θ)− cl < V m(θ)− cm < V h(θ)− ch;
iii) V h(θl)− ch < V l(θ∗l )− cl.
iv) V h(θl)− ch < V m(θ∗l )− cm.¥

Proof of Proposition 1 Equations (6) and (3) form a system of implicit equations

Π1(θl, θh, B,Γ,Ψ) =
V h(θh;Γ)− V m(θh;Γ)

ch − cm − V
m(θl;Γ)− V l(θl;Γ)

cm − cl = 0 (A2)

Π2(θl, θh, B,Γ,Ψ) = B + F (θl;Ψ)(cm − cl) + F (θh;Ψ)(ch − cm)− ch = 0. (A3)

Differentiating (A2) and (A3) with respect to θl, θh and B, and reordering terms, the following
system needs to be solved to obtain the effect of changes of B on θl and θh:∙

dθl
dθh

¸
= A−1

∙
0
dB

¸
, (A4)
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where

A =

"
−Vmθ (θl)−V lθ (θl)

cm−cl
V hθ (θh)−Vmθ (θh)

ch−cm−f(θl)(cm − cl) −f(θh)(ch − cm)

#
. (A5)

Note that

A−1 =
1

det(A)

⎡⎣ −f(θh)(ch − cm) −V hθ (θh)−Vmθ (θh)
ch−cm

f(θl)(cm − cl) −Vmθ (θl)−V lθ (θl)
cm−cl

⎤⎦ (A6)

where

det(A) =
V mθ (θl)− V lθ (θl)

cm − cl f(θh)(ch − cm) + V
h
θ (θh)− V mθ (θh)

ch − cm f(θl)(cm − cl). (A7)

The sign of this determinant is key to evaluate the effects of changes in B, and it will depend
on the particular case under which the county is operating. Because of Assumption 2 it always
holds that V mθ (θl) − V lθ (θl) > 0 and that V hθ (θh) − V mθ (θh) > 0. Therefore, the sign of the
determinant will depend on the differences of costs in each case. Given that cH > cL > cN , it
is easy to see that under Case 1 ch > cm > cl; under Case 2 and Case 4 cm > cl and ch < cm;
under Case 3 and Case 5 cm < cl and ch > cm; and under Case 6 ch < cm < cl. In this way
det(A) will be positive in Cases 1 and 6, and negative in Cases 2, 3, 4, and 5.

Hence, using (A4), (A6) and (A7), the effect of changes in B on the critical values θl and
θh will be:

∂θl
∂B

= − 1

det(A)

V hθ (θh)− V mθ (θh)
ch − cm (A8)

∂θh
∂B

= − 1

det(A)

V mθ (θl)− V lθ (θl)
cm − cl (A9)

where, given the sign of the cost differences and of det(A) in each case, it is clear that ∂θl
∂B will

be negative in Cases 1, 2 and 4, and it will be positive in Cases 3, 5 and 6. Likewise ∂θh
∂B will

be negative in Cases 1, 3 and 5, and it will be positive in Cases 2, 4 and 6.
Finally, analyzing for each case Pl, Pm, and Ph, the proportion of individuals receiving

treatment l,m, and h respectively, it is easy to see that:

∂Pl
∂B

= f(θl)
∂θl
∂B

(A10)

∂Pm
∂B

= f(θh)
∂θh
∂B
− f(θl)∂θl

∂B
(A11)

∂Ph
∂B

= −f(θh)∂θh
∂B

. (A12)

Using (A8) and (A9) in (A10), (A11) and (A12), it can be seen then that the proportion of
people receiving treatment N will always decrease (i.e. total training will increase) (∂PN∂B <

0⇔ ∂(PL+PH)
∂B > 0), and that the proportion of people receiving training H will always increase

(∂PH∂B > 0). The change in the proportion of people receiving training L will be negative in
Cases 2 and 4 (where training H is offered to the individuals in the middle of the distribution
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of θ) and positive in Cases 3 and 5 (where treatment N is offered to the individuals in the
middle of the distribution of θ). However, it will ambiguous in Cases 1 and 6 (where treatment
L is offered to the individuals in the middle of the distribution of θ), because in the equation
∂PL
∂B = f(θh)

∂θh
∂B −f(θl)∂θl∂B (even without taking into account f(θl) and f(θh)), it is ambiguous

whether ∂θl
∂B >

∂θh
∂B or ∂θl

∂B <
∂θh
∂B .¥

Proof of Proposition 2 Differentiating (A2) and (A3) with respect to θl, θh and γ0, and
reordering terms, the following system∙

dθl
dθh

¸
= A−1

" ³
κm−κl
cm−cl −

κh−κm
ch−cm

´
dγ0

0

#
, (A13)

where A is defined as in (A5), needs to be solved to obtain the effects of changes of γ0 on θl
and θh. Note that κm − κl ≡ −(τm − τ l), κh − κm ≡ −(τh − τm), for l,m, h = N,L,H, and
τN ≡ 0.66 Then, replacing these terms and using (A6), (A7) and (A13), the effects can be
expressed as

∂θl
∂γ0

= − 1

det(A)
f(θh)(ch − cm)

∙
τh − τm
ch − cm −

τm − τ l
cm − cl

¸
(A14)

∂θh
∂γ0

=
1

det(A)
f(θl)(cm − cl)

∙
τh − τm
ch − cm −

τm − τ l
cm − cl

¸
, (A15)

where, by the analysis made in the proof of Proposition 1, det(A) will be positive in Cases 1
and 6 and negative in Cases 2 through 5. It is clear that the sign of the derivatives will depend
crucially on the sign of the term between square brackets. Each ratio in the bracketed term
represents the ratio of relative opportunity costs of two treatments (the higher τ , the longer
the number of periods in which the individual can not generate earnings) versus the relative
direct costs of these two treatments (as cH > cL > cN and τH > τL > τN , the two ratios will
be always positive).

To analyze the changes in the proportions, use expressions analogous to (A10), (A11) and
(A12), and introduce (A14) and (A15) to get (rearranging terms):

∂Pl
∂γ0

= − 1

det(A)
f(θl)f(θh)(ch − cm)

∙
τh − τm
ch − cm −

τm − τ l
cm − cl

¸
(A16)

∂Pm
∂γ0

=
1

det(A)
f(θl)f(θh)(ch − cl)

∙
τh − τm
ch − cm −

τm − τ l
cm − cl

¸
(A17)

∂Ph
∂γ0

= − 1

det(A)
f(θl)f(θh)(cm − cl)

∙
τh − τm
ch − cm −

τm − τ l
cm − cl

¸
. (A18)

From (A16), (A17) and (A18), it is clear that each proportion change according to a weight
given by the difference in direct costs of the other two treatments, times the difference in
ratios of opportunity costs. The sign of these differences will be different in each case, but it

66In the case in which the discount factor is not one, the terms will be a little bit different, but all the analysis
holds the same. Specifically, with ρ < 1, κm − κl ≡ − ρτm−ρτl

1−ρ , κh − κm ≡ − ρτh−ρτl
1−ρ .
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is straightforward to see that if

τH
cH

<
τL
cL
,

the bracketed expression will be negative in Cases 1, 2 and 3, and it will be positive in Cases
4, 5 and 6. This implies that in every case ∂PN

∂γ0
> 0, ∂PL

∂γ0
< 0 and ∂PH

∂γ0
> 0.67¥

Proportional changes in earnings under no training (proposition 3) The intuition
of the results is exactly the same as with changes of γ0, with the caveat that the condition
that assures that the “direct effect” of an increase of the opportunity cost of training is greater
than the “indirect effect” has to take into account now the position in the earnings generating
function Y N in which these changes occur (because the change in γ1 affects more higher skills
individuals than lower skills individuals).

Proposition 3 a) In general the effects of a proportional translation in the earnings generating
function Y N are ambiguous;
b) If the ratio of the opportunity cost to its direct cost of training H is “small enough” relative
to the same ratio for training L, then an increase in γ1 will reduce PL and will increase PN
and PH .

Proof. The sufficient condition for part b) of the proposition is

τH − τL
cH − cL <

τL
cL

Y N(θl)

Y N(θh)
,

where the left hand side is the ratio of the differential opportunity cost of training with respect
to the differential direct cost, and the right hand side presents the ratio of opportunity to
direct cost of training L, adjusted by a number less than 1, the ratio of the earnings function
Y N valued at the optimal values of θ.

To see this, differentiate (A2) and (A3) with respect to θl, θh and γ1, and reorder terms, to
obtain the system the needs to be solved to obtain the effects of changes of γ1 on θl and θh:∙

dθl
dθh

¸
= A−1

" ³
κm−κl
cm−cl Y

N(θl)− κh−κm
ch−cm Y

N(θh)
´
dγ1

0

#
, (A19)

where A is defined as in (A5). Note that the only difference between (A13) and (A19) is in
the term between parentheses in the vector in the right hand side of (A19). However, the
interpretation of this term is the same as in Proposition 2, it shows the difference between the
ratios of differential opportunity costs of training with respect to the differential direct costs
of training. Then analogously to (A16)-(A18), the effects of changes in γ1on the proportions

67With a discount factor ρ < 1, the analogous condition (which has the same economic implications) will be
1−ρτ2
c2

< 1−ρτ1
c1

.
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of each treatment are:

∂Pl
∂γ1

= − 1

det(A)
f(θl)f(θh)(ch − cm)

∙
τh − τm
ch − cm Y

N(θh)− τm − τ l
cm − cl Y

N(θl)

¸
∂Pm
∂γ1

=
1

det(A)
f(θl)f(θh)(ch − cl)

∙
τh − τm
ch − cm Y

N(θh)− τm − τ l
cm − cl Y

N(θl)

¸
∂Ph
∂γ1

= − 1

det(A)
f(θl)f(θh)(cm − cl)

∙
τh − τm
ch − cm Y

N (θh)− τm − τ l
cm − cl Y

N(θl)

¸
.

The analysis is the same as in Proposition 2. To assure that the “direct effect” of the increase in
γ1 is greater than the “indirect effect”, it is necessary that the following condition be satisfied:

τH − τL
cH − cL Y

N (θh) <
τL
cL
Y N(θl). (A20)

When this condition is satisfied, the bracketed term in the equations above will be negative in
Cases 1, 2 and 3, and it will be positive in Cases 4, 5 and 6.68 This implies that in every case
∂PN
∂γ1

> 0, ∂PL
∂γ1

< 0 and ∂PH
∂γ1

> 0.

Effects of change in skills distribution Let’s call Ψ the vector of parameters that define
the distribution of skills, and represent this distribution as F (θ;Ψ). Using the definitions of
the proportions of individuals receiving treatment l,m and h, it is easy to see that the effect
on these proportion of a change in Ψ will be composed by two parts: the change in the optimal
θl and θh because of the distributional change, and the change in the mass of the distribution
for given θl and θh:

∂Pl
∂Ψ

= f(θl)
∂θl
∂Ψ

+ FΨ(θl) (A21)

∂Pm
∂Ψ

= [f(θh)
∂θh
∂Ψ

+ FΨ(θh)]− [f(θl)∂θl
∂Ψ

+ FΨ(θl)] (A22)

∂Ph
∂Ψ

= −[f(θh)∂θh
∂Ψ

+ FΨ(θh)]. (A23)

The effects of a change in Ψ can be analyzed in the same way as with changes in B, γ0 or
γ1. In particular, differentiating (A2) and (A3) with respect to θl, θh and Ψ, and reordering
terms, the following system∙

dθl
dθh

¸
= A−1

∙
0

[(cm − cl)FΨ(θl) + (ch − cm)FΨ(θh)]dΨ
¸
, (A24)

where A is defined as in (A5), needs to be solved to obtain the effects of changes of Ψ on θl and
θh. Then, using (A6), (A7), (A8), (A9) and (A20), the effect of changes in Ψ on the critical
values θl and θh can be expressed as:

∂θl
∂Ψ

=
∂θl
∂B
[(cm − cl)FΨ(θl) + (ch − cm)FΨ(θh)] (A25)

∂θh
∂Ψ

=
∂θh
∂B

[(cm − cl)FΨ(θl) + (ch − cm)FΨ(θh)]. (A26)

68In fact, for Cases 4, 5 and 6, only the condition τ2
c2
< τ1

c1
is necessary.
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The term in the square bracket shows that the interaction of the relative costs of the treatments
and the changes in the mass of the distribution of θ, will determine the effect on θl and θh.
However, (A25) and (A26) are not enough to characterize the effects of changes in Ψ on the
proportions, because as it is shown in (A22), (A23) and (A24), there will be an extra term,
FΨ that will make the final effect in most of the cases ambiguous (many of the signs would be
ambiguous even without this extra term).

I make two different distributional assumptions. The first is assume that F (θ) is distributed
Uniform (θ, θ), and define Ψ ≡ θ. This implies studying the effect of the entrance (or exit) of
more able individuals (given the properties of the Uniform distribution, an increase in θ imply
an increase in both E(θ) and V (θ)). The results are ambiguous in most cases: Fθ is always

negative, but ∂θl
∂θ
and ∂θh

∂θ
are some times positive and some times negative (depending on the

case). This reflects the fact that depending the (relative) cost of the treatment towards which
the distribution moves, the county would be able to increase the proportion of people receiving
that particular treatment. The results below show that in the cases (except Case 1, ambiguous)
in which training L is offered to individuals of relative less skills than the ones offered training
H, PL decreases unambiguously if θ increases. Intuitively, given that the budget remains
constant, one should think that this would imply a less than proportional increase in PH and
an increase in PN . In the same way, intuition suggests that the opposite effects should occur
for cases in which training L is offered to (relatively) more able individuals than individuals
offered training H.

The second assumption is that F (θ) is distributed Normal (µ,σ2), and Ψ ≡ [µ,σ2]. Below
I show that analyzing the effects of changes in µ and in σ2 gives also ambiguous results.
However, because an increase in µ with σ2 fixed implies that the new distribution stochastically
dominates the old one, the intuition would be equivalent to changing θ in the Uniform case.

Uniform case Assume θ is distributed Uniform (θ, θ), and define Ψ = θ, then F (θ) =
θ−θ
θ−θ , f(θ) =

1
θ−θ , which implies that Fθ(θ) = −

θ−θ
(θ−θ)2 = −f(θ)F (θ) < 0 and that

∂Fθ(θ)

∂θ =

−f(θ)2 < 0 (that is, an increase in θ implies that the new distribution stochastically dominates
the old one, and that the distance between the two cumulative distribution functions increases
with θ). The bracketed term in (A21) and (A22) will be negative in Cases 1 and 3, positive in
Cases 4 and 6, and will have an ambiguous sign in Cases 2 and 5, which implies that in Cases
1 and 6 ∂θl

∂θ
> 0 and ∂θh

∂θ
> 0, in Cases 3 and 4 ∂θl

∂θ
< 0 and ∂θh

∂θ
> 0 and in Cases 2 and 5 the

derivatives will have an ambiguous sign. Using (A21), (A22) and (A23), the only unambiguous
signs will be ∂PL

∂θ
< 0 in Cases 3 and 4.

Normal case Assume θ is distributed Normal (µ,σ2), and define Ψ = [µ,σ2]. Then for a

particular value of θ, say eθ, Fµ(eθ) = R eθ−∞ f(θ)(θ−µσ2
)dθ =

R eθ−µ
σ−∞ φ(

eθ−µ
σ )zdz < 0, where φ is the

pdf of a standard Normal, and z ≡ θ−µ
σ . Note that although Fµ(eθ) is negative, it will attain a

minimum at eθ = µ and then it will be increase asymptotically towards zero with θ. Therefore,
when evaluating Fµ(θl) and Fµ(θh) in (A21) and (A22), it is not possible to determine which
value is higher. However, still an increase in µ implies that the new distribution stochastically
dominates the old one, and intuitively results are similar to changes in θ in the Uniform case.

Changes in σ2 are even more difficult to evaluate because Fσ2(eθ) = 1
2σ2

R eθ
−∞ f(eθ)((θ−µσ )2 −

1)dθ = 1
2σ2
[
R eθ−µ

σ−∞ φ(
eθ−µ
σ )z2dz − F (eθ)] Q 0 (it is > 0 when eθ < µ, = 0 when eθ = µ, and < 0
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when eθ > µ). Hence, it is not possible to evaluate Fσ2(θl) versus Fσ2(θh) in (A21) and (A22),
given that the position of θl and θh with respect to µ is unknown.¥

Preference for one type of training (proposition 4) The solution to (P3) is similar to
the solution to (P2). The first order conditions from (P3) are:

θl :− α[V L(θl)− V N(θl)− cL]f(θl) + λf(θl)cL ≤ 0 (A27)

θh :{α[V L(θh)− cL]− (1− α)[V H(θh)− cH ] + (1− 2α)V N (θh)}f(θh)
+ λf(θh)(cH − cL) ≤ 0 (A28)

λ :B − [F (θh)− F (θl)]cL − [1− F (θh)]cH ≥ 0. (A29)

Combining (A27) and (A28), and defining a ≡ 1−α
α as the preference factor for training H, the

agency chooses θl and θh such that the following condition is satisfied:

V L(θl)− V N(θl)
cL

=
aV H(θh)− V L(θh)− (a− 1)[V N(θh)− cH ]

cH − cL (A30)

That is, as with (P2) the ratio of marginal benefits to marginal costs of each training are
equated, but with a weight factor to benefits given by a. It is easy to see that when α = 1/2
(i.e. there is equal weight given to each type of training), then a = 1, and (A30) collapses to
the optimality condition (6).

If α is such that an interior solution occurs in which (A30) is satisfied, then the empirical
implications regarding budget and opportunity cost of training under (P2) still hold69, and
empirical implications can be derived for changes in α. For that is necessary that the preference
for training L α be in a certain range, as is specified in the following proposition:

Proposition 4 If the preference for training L is such that α < V H(θh)−V N (θh)
V H(θh)+V L(θh)−2V N (θh) then:

a) the results in Proposition 1 hold;
b) if also α > κN−κH

cH−cL
cL

κN− cH
cL

κL+κH
then the results of Proposition 2 hold;

c) an increase in α increases PL and decreases PN and PH .

Proof. The condition α < V H(θh)−V N (θh)
VH(θh)+V L(θh)−2V N (θh) is a sufficient condition for the second

order conditions of (P3) to be satisfied (because it assures that [aV Hθ (θh) − V Lθ (θh) − (a −
1)V Nθ (θh)] > 0, which is a condition analogous to the one imposed in Assumption 2). Then,
(A29) and (A30) can be used to form the following system of equations:

Π1(θl, θh, B, γ0) =
V L(θl)− V N(θl)

cL

− aV
H(θh)− V L(θh)− (a− 1)[V N(θh)− cH ]

cH − cL = 0 (A31)

Π2(θl, θh, B, γ0) =B − [F (θh)− F (θl)]cL − [1− F (θh)]cH = 0. (A32)

Part a) can be proved by differentiating (A31) and (A32) with respect to θl, θh and B, and

69Only the conditions for the results of Proposition 2 to hold, will be specified.
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reordering terms to form the following system∙
dθl
dθh

¸
= A−1

∙
0
dB

¸
, (A33)

where

A−1 =
1

det(A)

"
−f(θh)(cH − cL) −[aV Hθ (θh)− V Lθ (θh)− (a− 1)V Nθ (θh)]

f(θl)cL −V Lθ (θl)−V Nθ (θl)
cL

#
(A34)

and

det(A) =
V Lθ (θl)− V Nθ (θl)

cL
f(θh)(cH − cL)

+ [aV Hθ (θh)− V Lθ (θh)− (a− 1)V Nθ (θh)]f(θl)cL. (A35)

The sign of the determinant in (A35) is positive, and it is straightforward to see that the same
results with respect to changes in B as under (P2) hold (see (A8) through (A12)).

Part b) can be proved by differentiating (A31) and (A32) with respect to θl, θh and γ0, and
using the (A34) and (A35) in the system

∙
dθl
dθh

¸
= A−1

"
(κL−κNcL

− aκH−κL−(a−1)κN
cH−cL )dγ0
0

#
(A36)

where under the condition imposed in part b) it can be shown that κL−κN
cL

< aκH−κL−(a−1)κN
cH−cL

and all the results in (A14) through (A18) hold.
Finally, part c) of the proposition can be proved by differentiating (A31) and (A32) with

respect to θl, θh and a, and forming the system∙
dθl
dθh

¸
= A−1

"
V H(θh)−V N (θh)−cH

cH−cL da

0

#
(A37)

where (A34) and (A35) still hold. Solving (A37), it is clear that

∂θl
∂a

=
1

det(A)
f(θh)(cH − cL)V

H(θh)− V N(θh)− cH
cH − cL (A38)

∂θh
∂a

= − 1

det(A)
f(θl)cL

V H(θh)− V N (θh)− cH
cH − cL (A39)

will be positive and negative respectively. This clearly implies that as a increases PL decreases
and PN and PH increase (see for example (A10)-(A12)). Given that a = 1−α

α , then α and a
will go in opposite directions, and an increase in α will increase PL and decrease PN and PH .

Objective function with inequality aversion The problem in which the program admin-
istrator exhibits inequality aversion can be expressed using a Constant Elasticity of Substitu-
tion (CES) welfare function for a decision maker that cares about the after treatment earnings
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distribution and that solves the following problem:

max
{θl,θh}

W =
1

ε

"Z θl

θ
[V l(θ)]εdF (θ) +

Z θh

θl

[V m(θ)]εdF (θ) +

Z θ

θh

[V h(θ)]εdF (θ)

#
(P4)

s.t. F (θl)cl + [F (θh)− F (θl)] cm + [1− F (θh)]ch ≤ B,

where ε is the inequality aversion parameter. When ε = 1 there is no inequality aversion, if
ε = 0 the utility function becomes logarithmic and implies unitary inequality aversion, and
if ε → −∞ then the there infinite aversion to inequality and the welfare function becomes
rawlsian where only the welfare of the individual worst off matters. Solving for the first order
conditions of this problem it is straightforward to show that the optimality condition will be

[V h(θh)]
ε − [V m(θh)]ε

[V m(θl)]ε − [V l(θl)]ε =
ch − cm
cm − cl (A40)

which is analogous to the first order condition of (P2), equation (6). In fact (P2) is a special
case of (P4) when ε = 1, i.e. there is no aversion to inequality. It can be shown that for some
low levels of inequality aversion the results of (P2) will hold, but for higher levels of inequality
aversion the results can actually be very different. If the first case occurs, though, it would not
be possible to differentiate between preferences towards the lower earnings group introduced
by the inequality aversion parameter, from the preferences for a type of training (as in (P3)).
If the inequality aversion is high, then depending which training is more beneficial for the lower
skills individuals, the results from (P2) could be even stronger, or could become completely
the opposite. In particular, if training H favors lower skills individuals, the results from (P4)
will be similar with respect to changes in budget and local economic conditions to the results
from (P2).¥
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Table 1. Evolution of county level variables (annual average 25 counties)

Variable 1994 1995 1996 1997 1998 1999 /a
Proportion Not Trained 0.802 0.780 0.753 0.688 0.485 0.287
                                        (0.10) (0.13) (0.15) (0.19) (0.26) (0.22)
Proportion LFA Training 0.108 0.143 0.186 0.247 0.405 0.531
                                        (0.07) (0.08) (0.11) (0.14) (0.22) (0.21)
Proportion HCD Training 0.091 0.077 0.062 0.065 0.110 0.182
                                        (0.05) (0.06) (0.05) (0.08) (0.11) (0.12)
Total Budget ($ millions) /b 35.98 34.96 35.21 33.34 34.93 38.83
                                        (33.1) (32.5) (32.9) (30.4) (30.5) (33.1)
Training Budget ($ millions) /b 5.30 5.18 5.35 6.12 8.79 11.03
                                        (4.4) (4.3) (4.5) (5.0) (7.5) (8.7)
Training Share of Total Budget 0.173 0.175 0.178 0.210 0.272 0.307
                                        (0.05) (0.05) (0.05) (0.05) (0.06) (0.05)
Proportion Votes Democratic Party Assembly 0.573 0.498 0.498 0.528 0.528 0.531

(0.13) (0.11) (0.11) (0.13) (0.13) (0.14)
Proportion  Adults Registered Democrat 0.315 0.309 0.307 0.307 0.302 0.284

(0.06) (0.05) (0.05) (0.05) (0.05) (0.05)
Proportion  Adults Registered Indep/Other 0.090 0.085 0.089 0.111 0.119 0.112

(0.02) (0.02) (0.02) (0.03) (0.03) (0.02)
Proportion Adults Registered & Hispanic 0.079 0.085 0.084 0.101 0.099 0.102

(0.02) (0.03) (0.02) (0.03) (0.03) (0.03)
Proportion Adults Registered & Female 0.338 0.333 0.330 0.345 0.339 0.322

(0.04) (0.04) (0.04) (0.04) (0.04) (0.03)
Proportion Adults Registered & 18-34 yrs old 0.212 0.191 0.189 0.193 0.190 0.168

(0.03) (0.03) (0.03) (0.03) (0.02) (0.02)
Proportion Adults Registered & 55+ yrs old 0.128 0.135 0.134 0.144 0.142 0.146

(0.04) (0.04) (0.04) (0.03) (0.03) (0.03)
Proportion Adults Registered to Vote 0.638 0.623 0.623 0.650 0.650 0.607

(0.08) (0.07) (0.07) (0.07) (0.07) (0.06)
Proportion Adults Voted in Assembly Election 0.339 0.259 0.257 0.290 0.286 0.294

(0.05) (0.04) (0.03) (0.03) (0.03) (0.05)
Employment/Population Retail 0.104 0.106 0.107 0.108 0.108 0.107

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Average Real Earnings Retail /$1,000 4.844 4.787 4.739 4.846 5.079 5.046

(0.46) (0.46) (0.46) (0.47) (0.52) (0.49)
Quarterly Growth Rate Employment Retail (%) 0.440 0.520 0.300 0.460 0.470 -0.650

(2.89) (2.26) (2.91) (2.20) (2.60) (2.29)
Quarterly Growth Rate Earnings Retail (%) -0.990 -0.110 -0.210 0.870 1.660 -1.920

(5.05) (2.75) (3.15) (2.98) (3.54) (6.26)
Enrollment Adults in Welfare (AFDC/TANF) 783,679 784,407 751,427 653,562 541,553 465,460

Notes:
Standard deviations between parentheses
/a First two quarters only
/b Budget refers to data on total expenses (not including cash grants) and expenses in training in the welfare program, 
(AFDC/TANF), where training referst to both GAIN (1994-1997) and WTW (1998-1999) programs.



Table 2. Characteristics new entrants (annual average 25 counties)

Variable 1994 1995 1996 1997 1998 1999 /a
Percentage Female Entrants 0.759 0.758 0.747 0.760 0.751 0.757
                                                (0.06) (0.06) (0.06) (0.05) (0.06) (0.05)
Average Age at Entry 27.7 27.0 26.6 26.2 25.8 25.6
                                                (0.91) (0.84) (0.84) (0.82) (0.95) (0.91)
Proportion White 0.340 0.350 0.350 0.354 0.335 0.327
                                                (0.15) (0.15) (0.13) (0.14) (0.14) (0.13)
Proportion Hispanic 0.420 0.399 0.394 0.377 0.371 0.371
                                                (0.16) (0.16) (0.15) (0.15) (0.15) (0.14)
Proportion Black 0.150 0.164 0.173 0.194 0.205 0.211
                                                (0.08) (0.09) (0.09) (0.10) (0.10) (0.10)
Proportion Other Races 0.090 0.087 0.083 0.075 0.089 0.091
                                                (0.05) (0.05) (0.05) (0.04) (0.05) (0.05)
Average Number of Kids at Entry 1.471 1.390 1.379 1.354 1.330 1.284
                                                (0.11) (0.08) (0.09) (0.08) (0.08) (0.09)
Proportion Entrants with Infants at Entry /b 0.216 0.232 0.245 0.266 0.287 0.289
                                                (0.03) (0.03) (0.03) (0.03) (0.04) (0.04)
Proportion Entrants with Toddlers at Entry /c 0.492 0.477 0.491 0.494 0.487 0.473
                                                (0.03) (0.02) (0.04) (0.03) (0.03) (0.04)
Average Quarters Employed 1 Yr before Entry 1.334 1.387 1.415 1.391 1.384 1.458
                                                (0.17) (0.15) (0.16) (0.14) (0.13) (0.13)
Average Quarters Employed 2 Yrs before Entry - 1.425 1.426 1.387 1.335 1.352
                                                - (0.14) (0.14) (0.12) (0.13) (0.14)
Average Quarters Employed 3 Yrs before Entry - 0.989 1.280 1.228 1.163 1.160
                                                - (0.34) (0.14) (0.12) (0.12) (0.14)
Average Real Earnings 1 Yr before Entry/$1000 3.842 3.885 3.819 3.560 3.425 3.635
                                                (0.53) (0.46) (0.51) (0.44) (0.47) (0.52)
Average Real Earnings 2 Yrs before Entry/$1000 - 4.819 4.563 4.134 3.740 3.747
                                                - (0.55) (0.54) (0.47) (0.53) (0.62)
Average Real Earnings 3 Yrs before Entry/$1000 - 3.620 4.511 4.018 3.489 3.950
                                                - (1.34) (0.60) (0.51) (0.53) (2.63)

Notes: 
Standard deviations between parentheses
/a First two quarters only
/b Infant=less than 1 year old
/c Toddler=1-5 years old
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Table 4. Effects of changes in training budget, economic conditions and skills distribution
              under different scenarios

A. Direct effects (no interactions) (based on models in Table 3, Column 2)

Variable (change)

Log(Training Budget) (increase 1 std dev) 8.7 19.7 *** ` **
(10.1) (5.9) (13.2)

Local Economic Conditions (increase 1 std dev) -5.3 *** 11.2 *** -5.9 ***
(2.0) (1.5) (2.0)

Mean Skills Distribution (decrease 1 std dev) -1.0 * -1.3 *** 2.3 ***
(0.6) (0.3) (0.7)

Median Skills Distribution (decrease 1 std dev) -0.4 1.4 *** -1.0 *
(0.4) (0.3) (0.5)

10th Percentile Skills Distribution (decrease 1 std dev) 0.4 0.3 -0.7 **
(0.3) (0.2) (0.3)

90th Percentile Skills Distribution (decrease 1 std dev) 3.0 *** 0.7 -3.7 ***
(0.8) (0.5) (0.9)

B. Allowing for interactions  between budget and skills distribution (based on models in Table 3, Column 4)

Variable (change)

Spread skills distribution (low 10th P, high 90th P)
                    Log(Training Budget) (increase 1 std dev) 8.1 18.2 *** -26.2 **

(9.3) (5.5) (11.8)
Compressed skills distribution (high 10th P, low 90th P)
                    Log(Training Budget) (increase 1 std dev) 14.2 21.7 *** -35.9 ***

(9.2) (5.0) (11.4)
High Log(Training Budget)
                 Mean Skills Distribution (decrease 1 std dev) -6.0 -6.9 *** 13.0 ***

(4.3) (1.8) (4.8)
                 Median Skills Distribution (decrease 1 std dev) 4.2 6.1 *** -10.2 ***

(2.8) (1.1) (3.2)
                10th P Skills Distribution (decrease 1 std dev) -0.1 1.9 * -1.8 

(1.6) (1.0) (2.0)
                90th P Skills Distribution (decrease 1 std dev) 9.3 * 6.4 *** -15.8 ***

(5.4) (2.0) (5.6)
Low Log(Training Budget)
                 Mean Skills Distribution (decrease 1 std dev) -1.7 -2.2 *** 3.9 ***

(1.1) (0.5) (1.2)
                 Median Skills Distribution (decrease 1 std dev) 0.5 2.3 *** -2.8 ***

(0.8) (0.4) (0.9)
                10th P Skills Distribution (decrease 1 std dev) 0.3 0.6 -0.9 

(0.5) (0.4) (0.6)
                90th P Skills Distribution (decrease 1 std dev) 3.6 *** 1.6 ** -5.2 ***

(1.3) (0.7) (1.4)

Note: 
Standard errors between parentheses (adjusted by county/fiscal year clusters)
*   significant at 10%; **  significant at 5%; *** significant at 1%

Results based on coefficients in Table 3 columns 2 and 4. Standard deviation change is with respect to 
average 1994-1999.

(x 100) (x 100) (x 100)

LFA Training HCD Training No Training

LFA Training HCD Training No Training

(x 100) (x 100) (x 100)



Table 5. Proportions of each type of training adding political variables

Variable
(1) (2) (1) (2) (1) (2)

Log(Training Budget) 0.09    0.48* 0.17*** -0.11    -0.26** -0.37    
(0.09)   (0.26)   (0.05)   (0.13)   (0.12)   (0.27)   

Proportion Votes Democratic Party -0.15** 6.55** 0.21*** 4.31** -0.05    -10.80***
(0.06)   (2.55)   (0.05)   (1.70)   (0.08)   (3.42)   

Proportion  Adults Registered Democrat -0.04    -15.11* -0.33    -11.67*** 0.38    27.53***
(1.06)   (8.54)   (0.62)   (4.45)   (1.14)   (9.15)   

Proportion  Adults Registered Indep/Other 1.04    -11.16    2.15** 4.91    -3.19* 7.20    
(1.49)   (8.70)   (1.01)   (7.63)   (1.80)   (13.2)   

Proportion Adults Registered & Hispanic -1.94* 21.98** 4.04*** -1.34    -2.09* -19.88**
(1.07)   (10.3)   (0.94)   (6.05)   (1.14)   (9.76)   

Proportion Adults Registered & Female -1.37    5.62    1.49    -11.17    -0.08    3.40    
(2.27)   (18.1)   (1.38)   (12.6)   (2.35)   (21.9)   

Proportion Adults Registered & 18-34 yrs old 2.64*** 20.27* 2.66*** -0.21    -5.30*** -18.88    
(0.88)   (11.9)   (0.87)   (7.46)   (1.10)   (11.8)   

Proportion Adults Registered & 55+ yrs old 1.21    11.45    3.13** 31.07*** -4.35** -40.98*
(1.46)   (15.7)   (1.25)   (10.3)   (1.85)   (21.4)   

Proportion Adults Registered to Vote -0.42    1.81    -3.62*** -6.73*** 4.01** 4.77**
(1.69)   (1.91)   (1.09)   (1.14)   (1.85)   (2.21)   

Proportion Adults Voted in Election 0.08    -7.10** -0.55*** -0.43    0.46*** 7.41**
(0.16)   (3.20)   (0.12)   (1.84)   (0.15)   (3.46)   

Mean Skills Distribution 0.21    0.22    0.25*** 0.23*** -0.46*** -0.46***
(0.15)   (0.15)   (0.08)   (0.08)   (0.17)   (0.17)   

Median Skills Distribution 0.13    0.10    -0.34*** -0.22*** 0.21    0.12    
(0.12)   (0.14)   (0.07)   (0.07)   (0.14)   (0.17)   

10th Percentile Skills Distribution -0.07    -0.07* -0.07* -0.06* 0.13** 0.14***
(0.04)   (0.04)   (0.04)   (0.04)   (0.06)   (0.05)   

90th Percentile Skills Distribution -0.20*** -0.20*** -0.06    -0.05    0.26*** 0.26***
(0.06)   (0.06)   (0.04)   (0.04)   (0.07)   (0.07)   

Log(Tr. Budget) * Prop. Votes Democratic Party -0.47*** -0.29** 0.76***
(0.18)   (0.12)   (0.24)   

Log(Tr. Budget) * Prop.  Ad. Regist. Democrat 1.09* 0.93*** -2.07***
(0.62)   (0.33)   (0.67)   

Log(Tr. Budget) * Prop.  Ad. Regist. Indep/Other 0.73    -0.09    -0.70    
(0.63)   (0.55)   (0.93)   

Log(Tr. Budget) * Prop. Ad. Regist. & Hispanic -1.67** 0.40    1.22*
(0.76)   (0.43)   (0.72)   

Log(Tr. Budget) * Prop. Ad. Regist. & Female -0.65    1.18    -0.37    
(1.32)   (0.92)   (1.63)   

Log(Tr. Budget) * Prop. Regist. & 18-34 yrs old -1.34    0.20    1.06    
(0.83)   (0.51)   (0.81)   

Log(Tr. Budget) * Prop. Regist. & 55+ yrs old -0.80    -2.14*** 2.83*
(1.20)   (0.78)   (1.65)   

Log(Tr. Budget) * Prop. Ad. Voted in Election 0.53** -0.02    -0.50**
(0.23)   (0.13)   (0.25)   

Observations 529 529 529 529 529 529
R-squared 0.80 0.82 0.49 0.53 0.83 0.87
Controls for Local Economic Conditions Yes Yes Yes Yes Yes Yes
Controls for Demographic Characteristics Yes Yes Yes Yes Yes Yes
County Fixed Effects Yes Yes Yes Yes Yes Yes
Fiscal Year Fixed Effects Yes Yes Yes Yes Yes Yes
IV for Log(Training Budget) Yes Yes Yes Yes Yes Yes
F test pol var / interactions= 0 (p-value) 0.00 0.01 0.00 0.00 0.00 0.00

Note: 
Standard errors between parentheses (adjusted by county/fiscal year clusters)
*   significant at 10%; **  significant at 5%; *** significant at 1%

Proportion LFA Training Proportion HCD Training Proportion Not Trained



Table 6. Proportions of each type of training including interactions of political variables

Variable Proportion LFA Training Proportion HCD Training Proportion Not Trained
(1) (1) (1)

Log(Training Budget) 0.12    0.15*** -0.29** 
(0.09)   (0.04)   (0.11)   

Proportion Votes Democratic Party 3.44*** 0.81*  -4.22***
(0.68)   (0.42)   (0.69)   

Proportion  Adults Registered Democrat -9.92*** -3.19** 12.40***
(2.73)   (1.57)   (3.00)   

Proportion  Adults Registered Indep/Other -1.22    4.30*  -4.37    
(3.95)   (2.60)   (3.98)   

Proportion Adults Registered & Hispanic -3.67*  3.61** 0.61    
(2.20)   (1.48)   (2.19)   

Proportion Adults Registered & Female -0.64    2.94    -4.56    
(7.75)   (4.60)   (7.67)   

Proportion Adults Registered & 18-34 yrs old 12.91*** -4.99*** -7.86***
(2.70)   (1.62)   (2.46)   

Proportion Adults Registered & 55+ yrs old 0.72    0.15    -1.53    
(3.14)   (1.48)   (3.50)   

Proportion Adults Registered to Vote 0.00    -1.10    2.92    
(5.20)   (2.89)   (5.07)   

Proportion Adults Voted in Election -3.80*** 0.91    3.15***
(0.87)   (0.62)   (1.04)   

Mean Skills Distribution 4.58    -6.59*** 1.93    
(3.05)   (2.07)   (2.79)   

Median Skills Distribution -2.52    0.67    1.93    
(1.97)   (1.03)   (1.81)   

10th Percentile Skills Distribution -1.42    2.15*** -0.76    
(1.02)   (0.77)   (0.95)   

90th Percentile Skills Distribution -1.31    1.50** -0.12    
(0.83)   (0.63)   (0.78)   

Prop. Votes Democratic Party * Mean Skills 7.96*** 4.95*** -13.05***
(1.97)   (1.68)   (2.25)   

Prop.  Ad. Regist. Democrat * Mean Skills -18.87*** -12.11*** 30.42***
(6.64)   (4.41)   (7.65)   

Prop.  Ad. Regist. Indep/Other * Mean Skills -30.30** 2.13    28.12*  
(14.1)   (8.57)   (14.6)   

 Prop. Ad. Regist. & Hispanic  * Mean Skills -12.42** 11.96*** 1.40    
(5.65)   (4.37)   (5.58)   

Prop. Ad. Regist. & Female * Mean Skills -33.86    23.34    10.95    
(28.3)   (17.7)   (32.1)   

Prop. Regist. & 18-34 yrs old * Mean Skills 14.10*** -20.01*** 6.18    
(4.93)   (4.12)   (5.76)   

Prop. Regist. & 55+ yrs old * Mean Skills -0.17    0.44    -0.24    
(6.43)   (3.19)   (7.19)   

Prop Ad. Registered to Vote * Mean Skills 21.27    2.93    -24.07    
(17.4)   (10.7)   (17.8)   

Prop. Ad. Voted in Election * Mean Skills -8.57*** 0.80    7.69***
(2.50)   (1.52)   (2.70)   

Prop. Votes Democratic Party * Median Skills -4.03** -4.07*** 8.19***
(1.64)   (0.77)   (1.68)   

Prop.  Ad. Regist. Democrat * Median Skills 4.69    13.90*** -18.18***
(4.71)   (2.35)   (5.18)   

Prop.  Ad. Regist. Indep/Other * Median Skills 54.77*** -4.68    -50.99***
(9.89)   (6.01)   (10.6)   

 Prop. Ad. Regist. & Hispanic  * Median Skills 7.73    2.90    -11.36** 
(4.75)   (2.96)   (4.55)   

Prop. Ad. Regist. & Female * Median Skills 88.65*** -7.64    -83.71***
(17.0)   (15.1)   (21.2)   

Prop. Regist. & 18-34 yrs old * Median Skills 0.41    6.45** -6.57    
(5.10)   (3.14)   (4.89)   

Prop. Regist. & 55+ yrs old * Median Skills 4.23    -5.02*  -0.01    
(5.04)   (2.66)   (5.01)   

Prop Ad. Registered to Vote * Median Skills -55.18*** -0.22    56.71***
(10.7)   (7.95)   (12.7)   

Prop. Ad. Voted in Election * Median Skills 3.78*** -1.71*  -1.84    
(1.37)   (0.98)   (1.67)   

(continues next page)



Table 6. Proportions of each type of training including interactions of political variables (continuation)

Variable Proportion LFA Training Proportion HCD Training Proportion Not Trained
(1) (1) (1)

Prop. Votes Democratic Party * 10th P Skills -1.01    -0.43    1.40*  
(0.70)   (0.55)   (0.78)   

Prop.  Ad. Regist. Democrat * 10th P Skills 4.40*  -4.47*** 0.33    
(2.41)   (1.60)   (2.64)   

Prop.  Ad. Regist. Indep/Other * 10th P Skills 6.50    -4.03    -2.50    
(4.38)   (3.00)   (5.10)   

 Prop. Ad. Regist. & Hispanic  * 10th P Skills 4.03*  -5.27*** 1.36    
(2.16)   (1.73)   (2.03)   

Prop. Ad. Regist. & Female * 10th P Skills -2.55    6.95    -4.86    
(10.1)   (6.37)   (10.6)   

Prop. Regist. & 18-34 yrs old * 10th P Skills 1.42    -1.32    -0.45    
(2.37)   (2.11)   (2.35)   

Prop. Regist. & 55+ yrs old * 10th P Skills 0.82    -3.00** 1.81    
(2.13)   (1.48)   (2.78)   

Prop Ad. Registered to Vote * 10th P Skills 0.21    -2.63    2.69    
(6.58)   (4.02)   (6.31)   

Prop. Ad. Voted in Election * 10th P Skills -0.98    1.52*  -0.29    
(1.30)   (0.78)   (1.64)   

Prop. Votes Democratic Party * 90th P Skills -4.23*** -0.95    5.11***
(0.70)   (0.60)   (0.81)   

Prop.  Ad. Regist. Democrat * 90th P Skills 12.19*** 0.65    -12.22***
(2.82)   (1.63)   (3.09)   

Prop.  Ad. Regist. Indep/Other * 90th P Skills 9.13*  -5.36*  -2.76    
(4.80)   (2.86)   (5.09)   

 Prop. Ad. Regist. & Hispanic  * 90th P Skills 4.78*** -3.94*** -1.13    
(1.71)   (1.45)   (1.62)   

Prop. Ad. Regist. & Female * 90th P Skills 2.22    4.13    -5.19    
(10.4)   (6.36)   (11.2)   

Prop. Regist. & 18-34 yrs old * 90th P Skills -6.94*** 4.49** 2.24    
(2.01)   (1.80)   (2.07)   

Prop. Regist. & 55+ yrs old * 90th P Skills 1.13    -1.02    0.29    
(2.40)   (1.07)   (2.77)   

Prop Ad. Registered to Vote * 90th P Skills -3.91    -3.43    6.22    
(6.65)   (3.83)   (6.38)   

Prop. Ad. Voted in Election * 90th P Skills 2.79*** -0.36    -2.46***
(0.66)   (0.55)   (0.82)   

Observations 529 529 529
R-squared 0.84 0.58 0.88
Controls for Local Economic Conditions Yes Yes Yes
Controls for Demographic Characteristics Yes Yes Yes
County Fixed Effects Yes Yes Yes
Fiscal Year Fixed Effects Yes Yes Yes
IV for Log (Training Budget) Yes Yes Yes
F test pol var / interactions= 0 (p-value) 0.00 0.00 0.00

Note: 
Standard errors between parentheses (adjusted by county/fiscal year clusters)
*   significant at 10%; **  significant at 5%; *** significant at 1%



Table 7. Effects of  changes in political variables and interactions with training budget
              (based on models in Tables 5)

A. Direct effects (no interactions) (based on models in Table 5, Column 1)

Variable (change)

Log(Training Budget) (increase 1 std dev) 9.7 18.2 *** -27.8 **
(9.6) (5.6) (12.7)

Proportion Votes Democratic Party (increase 1 std dev) -2.0 ** 2.6 *** -0.7 
(0.8) (0.6) (1.0)

Proportion  Adults Registered Democrat (increase 1 std dev) -0.2 -1.8 2.0 
(5.7) (3.3) (6.2)

Proportion  Adults Registered Indep/Other (increase 1 std dev) 2.7 5.7 ** -8.4 *
(3.9) (2.6) (4.7)

Proportion Adults Registered & Hispanic (increase 1 std dev) -5.4 * 11.2 *** -5.8 *
(3.0) (2.6) (3.2)

Proportion Adults Registered & 18-34 yrs old (increase 1 std dev) 8.6 *** 8.7 *** -17.3 ***
(2.9) (2.8) (3.6)

Proportion Adults Registered & 55+ yrs old (increase 1 std dev) 5.1 13.1 ** -18.3 **
(6.1) (5.2) (7.8)

B. Allowing for interactions  of political variables with  training budget
    (based on models in Table 5, Column 2)

Variable (change)

High Log(Training Budget)
          Prop. Votes Democratic Party (increase 1 std dev) -14.7 *** -5.3 19.9 ***

(5.0) (3.3) (6.7)
          Prop. Adults Registered Democrat (increase 1 std dev) 14.0 18.9 *** -33.3 ***

(10.8) (6.2) (11.6)
          Prop. Adults Registered Indep/Other (increase 1 std dev) 1.8 9.1 ** -11.2 

(6.4) (4.3) (7.7)
          Prop. Adults Registered & Hispanic (increase 1 std dev) -14.3 ** 14.1 *** -0.2 

(6.7) (4.0) (6.8)
          Prop. Adults Regist. & 18-34 yrs old (increase 1 std dev) -5.0 9.8 ** -5.3 

(6.4) (4.1) (6.6)
          Prop. Adults Regist. & 55+ yrs old (increase 1 std dev) -6.6 -15.5 21.4 

(17.7) (11.0) (24.6)
Low Log(Training Budget)
          Prop. Votes Democratic Party (increase 1 std dev) -2.0 ** 2.5 *** -0.5 

(0.8) (0.6) (0.9)
          Prop. Adults Registered Democrat (increase 1 std dev) 1.6 8.3 ** -9.8 

(6.5) (3.3) (6.8)
          Prop. Adults Registered Indep/Other (increase 1 std dev) -2.2 9.6 *** -7.3 

(4.6) (2.6) (5.4)
          Prop. Adults Registered & Hispanic (increase 1 std dev) -4.6 11.8 *** -7.3 *

(3.5) (2.6) (4.0)
          Prop. Adults Regist. & 18-34 yrs old (increase 1 std dev) 4.3 8.5 *** -12.6 ***

(3.8) (2.9) (4.8)
          Prop. Adults Regist. & 55+ yrs old (increase 1 std dev) 0.5 3.4 -3.6 

(9.5) (5.4) (12.2)

Note: 
Standard errors between parentheses (adjusted by county/fiscal year clusters)
*   significant at 10%; **  significant at 5%; *** significant at 1%

Results based on coefficients in Table 5, Columns 1 and 2. Standard deviation change is with respect to 
average 1994-1999.

(x 100) (x 100) (x 100)

LFA Training HCD Training No Training

LFA Training HCD Training No Training

(x 100) (x 100) (x 100)



Table 8. Effects of  changes in political variables interacted with changes in skills distribution
              (based on models in Table 6, Column 1)

Variable (change)

Low 10th Percentile
          Prop. Votes Democratic Party (increase 1 std dev) -0.5 3.9 *** -3.4 ***

(1.0) (0.7) (1.0)
          Prop. Adults Registered Democrat (increase 1 std dev) -3.2 -0.2 1.9 

(6.6) (3.1) (6.4)
          Prop. Adults Registered Indep/Other (increase 1 std dev) 2.9 4.8 ** -8.2 **

(4.0) (2.2) (4.1)
          Prop. Adults Registered & Hispanic (increase 1 std dev) -5.1 8.2 *** -2.5 

(3.5) (2.2) (3.0)
          Prop. Adults Regist. & 18-34 yrs old (increase 1 std dev) 15.4 *** 1.2 -16.3 ***

(3.7) (2.7) (4.0)
          Prop. Adults Regist. & 55+ yrs old (increase 1 std dev) 4.6 6.0 -10.4 

(7.0) (4.3) (7.8)
High 10th Percentile
          Prop. Votes Democratic Party (increase 1 std dev) -2.0 * 3.2 *** -1.3 

(1.2) (0.7) (1.2)
          Prop. Adults Registered Democrat (increase 1 std dev) -0.4 -3.1 2.2 

(6.9) (3.3) (6.6)
          Prop. Adults Registered Indep/Other (increase 1 std dev) 4.9 3.6 -9.0 **

(4.1) (2.4) (4.5)
          Prop. Adults Registered & Hispanic (increase 1 std dev) -3.8 6.5 *** -2.1 

(3.7) (2.2) (3.2)
          Prop. Adults Regist. & 18-34 yrs old (increase 1 std dev) 15.9 *** 0.6 -16.5 ***

(3.8) (3.0) (4.0)
          Prop. Adults Regist. & 55+ yrs old (increase 1 std dev) 5.0 4.5 -9.5 

(6.9) (4.4) (7.5)
Low 90th Percentile
          Prop. Votes Democratic Party (increase 1 std dev) 5.8 *** 5.2 *** -10.8 ***

(1.5) (1.2) (1.7)
          Prop. Adults Registered Democrat (increase 1 std dev) -10.4 -2.1 10.6 

(7.0) (3.5) (7.0)
          Prop. Adults Registered Indep/Other (increase 1 std dev) 0.7 6.0 ** -7.6 *

(4.3) (2.4) (4.0)
          Prop. Adults Registered & Hispanic (increase 1 std dev) -6.2 * 8.8 *** -1.9 

(3.7) (2.4) (3.2)
          Prop. Adults Regist. & 18-34 yrs old (increase 1 std dev) 18.6 *** -1.0 -17.3 ***

(4.0) (2.7) (4.1)
          Prop. Adults Regist. & 55+ yrs old (increase 1 std dev) 4.2 5.8 -10.1 

(7.3) (4.4) (8.2)
High 90th Percentile
          Prop. Votes Democratic Party (increase 1 std dev) -8.3 *** 2.0 * 6.2 ***

(1.5) (1.1) (1.6)
          Prop. Adults Registered Democrat (increase 1 std dev) 6.8 -1.2 -6.5 

(7.0) (3.2) (6.6)
          Prop. Adults Registered Indep/Other (increase 1 std dev) 7.0 2.4 -9.5 *

(4.4) (2.5) (5.1)
          Prop. Adults Registered & Hispanic (increase 1 std dev) -2.7 5.9 *** -2.7 

(3.6) (2.1) (3.1)
          Prop. Adults Regist. & 18-34 yrs old (increase 1 std dev) 12.7 *** 2.8 -15.4 ***

(3.6) (3.1) (4.0)
          Prop. Adults Regist. & 55+ yrs old (increase 1 std dev) 5.4 4.7 -9.8 

(6.7) (4.4) (7.3)

Note: 
Standard errors between parentheses (adjusted by county/fiscal year clusters)
*   significant at 10%; **  significant at 5%; *** significant at 1%

Results based on coefficients in Table 6, Column 1. Standard deviation change is with respect to 
average 1994-1999.

LFA Training HCD Training No Training
(x 100) (x 100) (x 100)



Table 9. Total effects of changes in political variables (including effects on budget allocations)

Variable (change)

Log(Total Budget) (increase 1 std dev) 10.3 19.3 *** -29.4 **
(9.8) (5.8) (12.8)

Proportion Votes Democratic Party (increase 1 std dev) -2.0 *** 2.6 *** -0.6 
(0.7) (0.7) (1.1)

Proportion  Adults Registered Democrat (increase 1 std dev) -0.6 -2.6 3.2 
(5.5) (3.5) (6.2)

Proportion  Adults Registered Indep/Other (increase 1 std dev) 2.6 5.5 ** -8.1 *
(3.7) (2.7) (4.6)

Proportion Adults Registered & Hispanic (increase 1 std dev) -6.8 *** 8.4 *** -1.6 
(2.6) (2.5) (2.9)

Proportion Adults Registered & 18-34 yrs old (increase 1 std dev) 8.6 *** 8.7 *** -17.3 ***
(2.7) (2.8) (3.3)

Proportion Adults Registered & 55+ yrs old (increase 1 std dev) 4.6 12.5 ** -17.1 **
(6.1) (5.2) (7.7)

Note: 
Standard errors between parentheses (adjusted by county/fiscal year clusters)
*   significant at 10%; **  significant at 5%; *** significant at 1%

LFA Training HCD Training No Training
(x 100) (x 100) (x 100)
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Appendix Table A.2. New Entrants California 1994 Q1 - 1999 Q2

A. Reasons for not including Individuals in sample

Individuals Percentage
Sample Size 449,636 64.3%
Missing/Invalid Information 208,052 29.8%
Valid Info but not in 25 counties 41,050 5.9%
Total Number Entrants 698,738 100.0%

B. Comparison data quality 25 counties versus rest

25 Counties Rest
Individual kept in sample 70.2% 70.5%
Mainly SSN not valid 5.6% 3.6%
Mainly case type not valid 18.6% 21.0%
Mainly Individual >45 4.3% 3.3%
Mainly missing demographic vars 1.3% 1.7%

C. Entrants kept in sample 1994 Q1 - 1999 Q2  by county

County Individuals Percentage
Alameda      16,151 3.6%
Butte        4,267 0.9%
Contra Costa 9,643 2.1%
Fresno       17,787 4.0%
Imperial     4,449 1.0%
Kern         16,607 3.7%
Los Angeles  138,060 30.7%
Madera       2,685 0.6%
Merced       6,102 1.4%
Monterey     6,113 1.4%
Orange       25,452 5.7%
Riverside    24,408 5.4%
Sacramento   25,361 5.6%
San Bernardino 35,696 7.9%
San Diego    36,586 8.1%
San Francisco 7,134 1.6%
San Joaquin  11,881 2.6%
Santa Barbara 5,021 1.1%
Santa Clara  16,149 3.6%
Shasta       4,159 0.9%
Solano       5,337 1.2%
Sonoma       4,557 1.0%
Stanislaus   9,145 2.0%
Tulare       9,459 2.1%
Ventura 7,427 1.7%
Total 449,636 100.0%



Appendix Table A3. First stage IV for training expenditures
                                  (selected variables)

Variable Log(Training Budget)

Log(Total Budget) 1.06***
(0.10)   

Proportion Votes Democratic Party -0.03    
(0.12)   

Proportion  Adults Registered Democrat -0.85    
(1.43)   

Proportion  Adults Registered Indep/Other -0.46    
(2.04)   

Proportion Adults Registered & Hispanic -5.69***
(1.47)   

Proportion Adults Registered & Female 1.60    
(3.25)   

Proportion Adults Registered & 18-34 yrs old 0.02    
(1.14)   

Proportion Adults Registered & 55+ yrs old -1.04    
(2.19)   

Proportion Adults Registered to Vote 0.43    
(2.45)   

Proportion Adults Voted in Election 0.20    
(0.17)   

Observations 529
R-squared 0.99
Controls for LEC, Demographic, Skills Distribution Yes
County Fixed Effects Yes
Fiscal Year Fixed Effects Yes
F test political vars=0 (p-value) 0.01

Note: 
Standard errors between parentheses (adjusted by county/fiscal year clusters)
*   significant at 10%; **  significant at 5%; *** significant at 1%




