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Abstract:

This paper uses data from a randomized social experiment in Mexico to estimate and validate a

dynamic behavioral model of parental decisions about fertility and child schooling, to evaluate the

effects of the PROGRESA school subsidy program, and to perform a variety of counterfactual

experiments of policy alternatives. Our method of validation estimates the model without using post-

program data and then compares the model’s predictions about program impacts to the experimental

impact estimates. The results show that the model’s predicted program impacts track the experimental

results. Our analysis of counterfactual policies reveals an alternative subsidy schedule that would

induce a greater impact on average school attainment at similar cost to the existing program. (JEL

codes: J1, J2)

Introduction:

 This paper studies a large scale government program in Mexico, the PROGRESA program,

designed to foster investment in children’s human capital and to alleviate poverty.  One of the1

program’s major goals is to increase schooling levels by providing substantial payments to parents that

are contingent on their children’s regular attendance at school. To evaluate the PROGRESA program,

the Mexican government conducted a randomized social experiment, in which 506 rural villages (in 7

of the 31 states) were randomly assigned to either participate in the program or serve as controls.

Previous studies that assessed the impact of the program by comparing  outcomes for treatments and
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controls demonstrated significant gains in school attendance.  Experimental treatment effects,2

measured as the difference in average attendance rates of children in the treatment and control villages

one year after the program, ranged from about 5 to 15 percentage points depending on age and sex.

In the PROGRESA experiment, all eligible treatment group households were offered the same

school attendance subsidy schedule, which depended on the child’s grade level and sex. For that

reason, prior evaluations of the program based on a straightforward comparison of the treatment and

control groups assessed the impact only of the particular subsidy scheme that was implemented.

Obviously, the choice of subsidy scheme is a critical design element of the program, inherently limiting

what can be learned from the experiment. For example, it is not possible from the PROGRESA

experiment alone to determine the size and structure of the subsidy that achieves the policy goals at

least cost, nor is it possible to assess the many alternative policy tools available to achieve the same

goals.

The main aim of this paper is to compare the efficacy of the PROGRESA program with that of

alternative policies that were not implemented as part of the experiment. An ex ante evaluation of these

alternative policies requires a theoretical framework that can be used to extrapolate from existing

sample variation. Our evaluation is based on the structural estimation of a dynamic behavioral model

of parental decision-making about children’s schooling and family fertility. Lacking consensus on what

is reasonable model structure, we pursue a strategy that specifically exploits the experiment that was

conducted as part of the PROGRESA program.  In particular, we estimate our model using households3

that did not receive the subsidy and evaluate the performance of the model in forecasting the behavior

of the treated households. Thus, a second aim of the paper is to explore the usefulness of social

experiments as a tool for model validation.4

The schooling-fertility model developed in this paper builds on several literatures, including the

static quality-quantity fertility models of Robert J. Willis(1973) and Gary S. Becker and H. Greg Lewis
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(1973), static models of intra-household allocation of resources to children as in Jere Behrman, Robert

Pollak and Paul Taubman (1986), and dynamic fertility models, as in Kenneth I. Wolpin (1984) and V.

Joseph Hotz and Robert A. Miller (1993).   In our model, married couples are assumed to make5

sequential decisions over a finite horizon about the time allocation of all of their children age 6 through

15, including their school attendance and labor market participation, and about the timing and spacing

of births. Parents receive utility from the stock of children and their current ages, their current

schooling levels and attendance and from their leisure time (home production). Household

consumption, which also yields utility, is enhanced by children’s earnings. Parent’s income and child

wage offers are taken as exogenous. Children’s wages are assumed to depend on distance to the nearest

largest city, which provides an important source of identification. Preferences, parental income and

child wages differ permanently across households according to unobservable types and are subject to

time-varying stochastic shocks.

The model is quite rich, allowing for complex dynamic interactions in parental decision-

making. For example, the value of having older girls at home may be greater if there are very young

children in the household. The model also allows for a psychic cost of attending school that may be

higher when a child is behind in school for his age. The existence of this psychic cost implies that

forward-looking parents may forego having a child work when faced with a high child wage offer that

is transitory.

Our out-of-sample validation first compares the actual post-program school attendance rates of

the children in treated households to the rates predicted by the model based on simulating the

introduction of the subsidy schedule. Comparisons for several subgroups, distinguished by age, sex and

grade level, show that the predicted and actual attendance rates are close, ranging from within 1

percentage point for the 12-15 year olds of either sex to 7-8 percentage points for children age 13-15

who had completed 6 or more year of school and who were behind in school. As a further validation,
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we predict what the treatment effect would have been for the non-treated households and compare it to

the experimental estimate based on the treated households. The model performs well in estimating the

treatment effect for girls, but less satisfactorily for boys.

  In our judgement, the results of the out-of-sample validation provide enough confidence in the

model to use it to perform an evaluation of the benefits and costs of alternative programs as a

comparison to PROGRESA. Our evaluation of the PROGRESA program itself differs from existing

studies in that we forecast the impact of the program on completed schooling for households that

would be subject to the program beginning at marriage and extending over their entire lifetimes. Our

estimates take into account both changes in family size induced by the program and short-run rigidities

in adjustment arising , for example, from psychic costs of attending school when a child has fallen

behind. With the current PROGRESA subsidy, we estimate that competed schooling for both boys and

girls will increase, on average, by about one-half year and that the program will cost about 26,000

(1997) pesos per eligible family. Because attendance, in the absence of any subsidy, is almost universal

through the elementary school ages, subsidizing attendance at the lower grade levels, as under the

existing program, is essentially an income transfer. We determine that a change in the subsidy schedule

that eliminates the subsidy to attending grades 3 to 5 and increases the amount of the subsidy to grades

6 to 9 by about 50 percent leaves the overall cost of the program unchanged and produces an increase

in average completed schooling by about an additional .1 years. We also calculate the effects on

completed schooling of bonus payments for completing graduation milestones, building schools to

reduce transportation costs, providing a pure income transfer, and of strictly enforcing child labor laws. 

In the next section, we provide further details about the PROGRESA program, followed in

section III by a description of the data used in the estimation. Section IV presents the model and

estimation method and section V the results of the estimation, including an assessment of the model’s

within-sample fit. Section VI provides evidence on the model’s ability to forecast the impact of the
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program. Section VII evaluates the impact of the PROGRESA program and alternative programs on

completed schooling and fertility. The last section concludes with a summary and a discussion of

broader methodological issues.

II. The PROGRESA Program:

The data gathered as part of the PROGRESA experiment contain information on household

demographics, income, school attendance, and on the employment and wages of children. Data are

available for all households located in the 320 villages randomly assigned to the treatment group and in

the 186 villages assigned to the control group.  The data we analyze were gathered through two6

baseline surveys administered in October, 1997 and March, 1998 and through three follow-up surveys

administered October, 1998, May, 1999, and November, 1999. Supplemental data were also gathered

at the village level, including the travel distance to the nearest secondary school and to the nearest city.

Data collection was exhaustive within each village and included children from both eligible and

ineligible families. In the baseline survey, there were 9,221 separate households in the control villages

and 14,856 in the treatment villages.

Within treatment localities, only households that satisfy program eligibility criteria receive the

school subsidies, where eligibility is determined on the basis of a “marginality index” designed to

identify the poorest families within each community.  The benefit levels that families receive under the7

program represent about one-fourth of average family income (Gomez de Leon and Parker, 2000).

Given its generosity, most families deemed eligible decide to participate in the program to some

extent.  Under program rules, parents receive subsidies for each grade-eligible child that attends school8

at least 85 percent of the time, up to a family maximum.

The PROGRESA subsidy increases with the child’s grade level, up to grade 9, to offset the

greater opportunity costs of schooling for older children who are more likely to engage in household

production or market work. As seen in table 1, the subsidy is greatest for children in junior secondary
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school (grades 7 through 9) and is slightly higher for girls, who traditionally have lower secondary

school enrollment levels.9

III. Variable Definitions and Descriptive Statistics:

Variable Definitions

Our estimation sample consists of landless nuclear households in which there was a woman

under the age of 50 reported to be the spouse of the household head.  The restriction to landless10

households reduced the original sample to 5,602 households, and the further restrictions to 3,410

households. An additional 209 households were dropped for data-related problems, such as the

appearance of additional adult household members in later rounds of the survey. Of the remaining

3,201 households, 1,316 households are in the control villages and 1,885 households in the treatment

villages. As of 1997, there were 4,012 children born to the control households and 5,561 to the

treatment households. Of these, 1,958 children in the control villages and 2,694 in the treatment

villages are between the ages of 6 and 15 as of the October, 1997 survey. In comparison to the entire

sample, landless households tend to be poorer and, therefore, are more likely to be eligible for the

program. As of the 1997 survey, 52 percent of all households were eligible to participate, while 62

percent of the landless households were eligible. In estimating the behavioral model, we use data on

both program eligible and ineligible households. This avoids a choice based sampling problem,

because the eligibility criteria depended on the number of children attending school, which is a choice

variable in our model.11

The PROGRESA data include information on the highest grade completed for all children ever

born to the couple and on school attendance and work for all children in the household at the survey

dates. The discrete choice decision-making model that we estimate assumes that parents allocate their

children each school year (97-98 and 98-99) to one of three mutually exclusive activities: school,

market work, or home. We used the following rules to allocate children to these activities based on the
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information in the data: (1) A child was considered as having attended school for the entire year if a

child that was enrolled in at least one of the two surveys during each school year and completed at least

one grade level. (2) A child was considered as having not attended if the child was not enrolled in both

surveys during each school year and did not complete a grade level. (3) Any other cases were hand-

edited to provide a consistent sequence of attendance and grade completion. A child who attended

school, but did not complete a grade level, was deemed to have failed that school year.

A child was defined as working during the school year if the child did not attend school using

the criteria above and had been working for salary (for 1997, in the October 1997 survey and for 1998,

in the October 1998 survey). Weekly wages are available in the data for those who reported working in

the week previous to the survey. A child was designated as being home if neither attending school nor

working. We obtained parents’ weekly income from the October surveys; it includes market earnings

of both parents as well as self-employment income.  Both the children’s weekly wage and the parents’12

weekly income were multiplied by 52 to obtain an annual equivalent.  13

Descriptive Statistics

Table 2 presents basic sample statistics. The mean age of the wives in the sample as of 1997 is

30.5, and that of their husbands 34.4. On average, the families had 3 children as of 1997. The average

number of years of schooling completed was 2.4 years for children age 7 to 11, 5.8 years for children

age 12 to 15, and 6.6 years for children age 16 and older. For the latter group, there is almost no

difference by sex in completed schooling. Parent’s income over the two survey years was, on average,

about 12,000 pesos (approximately 1,100 U.S. dollars). Approximately 9 percent of children between

the ages of 12 and 15 were working for pay in 1997. Among those that worked, average income was

about 8,000 pesos. Only about one-quarter of the villages have a junior secondary school located in the

village, and among those villages that do not, the average distance to a secondary school is
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approximately three kilometers. The villages are also generally quite distant from major cities; the

average distance of households from a city is 136 kilometers.  14

Table 3 provides more detail concerning the time allocation of children in 1997. The first two

columns compare the reported school attendance rates (in percent) of girls and boys age 6 through 15,

in column one based on the raw data of whether or not the child was enrolled as of the October 1997

interview date, and in column two based on the revisions according to the rules described above. The

third column shows the percentage of children working for pay and the last column the percentage at

home (based on revised attendance rates).

A comparison of the first two columns shows that the revised attendance rates are slightly

higher than the raw attendance rates, particularly for girls. Regardless of the measure, school

attendance is almost universal from ages 7 to 11; attendance rates are somewhat lower at age 6,

particularly for boys, reflecting a tendency for delayed entry into school. At age 12, an age by which,

with normal progression, children would have completed primary school (grade 6), attendance rates fall

to 89 percent for boys and to 90 percent for girls. After age 12, attendance rates continue to decline,

more rapidly for girls. By age 15, only 48 percent of boys and 40 percent of girls attend school. At age

12 , few children work for pay (2.5 percent of boys and 1.1 percent of girls); but by age 15, 28 percent

of boys and 16 percent of girls are working.15

Girls progress through the early grades somewhat faster than boys, but ultimately complete

about the same amount of schooling. As of October 1997, 12 year-old girls completed about .3 more

years of schooling on average than boys of the same age. By age 16, this difference disappears, with

both girls and boys completing, on average, 6.6 years of schooling. Girls are more likely to complete

sixth grade, but are also more likely to drop out of school after completing it. As seen in Table 4,

among children age 15 or 16 in 1997, 22 percent of boys and 17 percent of girls have less than 6 years

of schooling, 32 percent of boys and 39 percent of girls have exactly 6 years and 46 percent of boys and
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44 percent of girls have more than 6 years. Failure rates for boys are higher than for girls in the primary

grades, 15.7 percent vs. 14.0 percent.

Table 5 shows fertility patterns, in particular, the Kaplan-Meier Survivor functions for the first

ten years of marriage with respect to the birth of each of the first three children. Fertility occurs rapidly

after marriage. About 50 percent of the women had their first birth within a year of marriage.  Two-16

thirds of the women had a first birth within the first two years of marriage and three-quarters within the

first three years. About one-half of the women had a second birth within four years and one-half had a

third birth within seven years. By the tenth year of marriage, all but a quarter of the women had three

births.

Once children leave school, they rarely return. As seen in Table 6, only 12.5 percent of boys age

13 to 15 who worked one year attended school the next year. Similarly, only 14.8 percent of those who

were at home return to school. Comparable figures for girls are 40.0 percent (although the sample size

is only 5) and zero percent. The school-to-school transition also exhibits substantial permanence, with

86.2 percent of the boys and 76.9 percent of the girls who attended school in one year also attending

the following year. Lastly, girls who are at home one year are likely to be at home the next year (92.5

percent), and boys who work tend to remain at work (62.5 percent). 

IV. The Model:

An Illustrative Model and Identification of Subsidy Effects

Given that there is no direct cost of schooling through junior secondary school, and thus no

variation from which to extrapolate the impact of a subsidy to attendance, it is useful to consider an

illustrative model to demonstrate what information in the data would enable one to forecast the impact

of the subsidy program. Consider a household with one child making a single period (myopic) decision

about whether to send the child to school or to work, the only two alternatives. Let utility of the

household be separable in consumption (C) and school attendance (s), namely u = C + ( )s, where
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s=1 if the child attends school and 0 otherwise with , a preference shock that is normally distributed

with mean zero and variance . The family’s income is y + w(1-s), where y is the parent’s income and

w is the child’s earnings if working. Under utility maximization, the family chooses to have the child

attend school if and only if . The unknown parameters of the model are thus  and . In this

simple model, the probability that family i’s child attends school is . To obtain separate

estimates of  and , it is both necessary and sufficient that child wages vary among families and that

we observe those wages.17

Now, suppose the government is contemplating a program to increase school attendance of

children through the introduction of a subsidy to parents of amount b if they send their child to school.

Under such a program, the term b times s is added to the budget constraint and the probability that a

child attends school will increase by . As this expression indicates,

knowledge of  and , estimated as above without the program, are necessary to forecast the impact of

the program. Variation in the opportunity cost of attending school, the child market wage, thus serves

as a substitute for direct variation in the tuition cost of schooling (the negative of b). The magnitude of

the effect of the subsidy depends on the size of the subsidy, the child wage level and the strength and

variability in parental preferences about child schooling.

Model Description

We next describe in detail the model that we estimate. In each discrete time period, a married

couple makes a fertility decision and a time allocation decision for each child age 6 to 15. Specifically,

the couple  decides whether or not to have the woman become pregnant, and have a child in the next

period, and whether to send each child to school, to work in the labor market (an option only after age

12) or to let the child remain at home. At age 16, children are assumed to become independent and

make their own schooling and work decisions. A woman can become pregnant beginning at the age of

marriage and ending at some exogenous age when she becomes infecund (assumed to be age 43). The
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contribution of the husband and wife to household income is exogenous (there are no parental labor

supply decisions) and stochastic, and the household cannot save or borrow. The contributions to

household income from working children under the age of 16 are pooled with parental income in

determining household consumption.

To aid in the presentation of the structure of the model, table 7 contains definitions of each of

the model’s variables. The utility function is given by 

Parents receive a utility flow from household consumption (C), from a current pregnancy (p), from the

history of births (n), from their boys’ and girls’ school attendance (s) and cumulative schooling (S),

and from the set of children at home (l). The utility function also incorporates permanent household

heterogeneity in the form of discrete types and time varying shocks shocks  that affect the

marginal utilities of some of the arguments in (1). The precise functional form of the utility function is

shown in the appendix. Here, we highlight a few of its characteristics. The utility function is CRRA in

consumption. With respect to schooling, parents derive utility in each period from the current average

level of schooling completed by their children, from the current number of children who graduated

from elementary school (grade 6) and from the current number who graduated from junior secondary

school (grade 9).  The utility function also incorporates a psychic cost of attending a junior secondary18

school that varies with the distance to the nearest village with a secondary school , a utility loss

from sending a child to school who is lagging behind in grades completed, and a utility loss if a child

attends grade 10, which often requires living away from home. Another feature is that the value of

keeping an older girl at home is allowed to depend on whether there are very young children in the

household. The exact specification of the utility function was determined in part using model fit

criteria.
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Family consumption at t is equal to total family income. Family income is the sum of parental

income ( ) and the earnings of children ( ) who work in the market.  Thus, the family’s budget19

constraint is given by

The earnings (offer) of a child depends on the child’s age and sex and the distance of the

household’s village from a city. As with parental income, there is a time-varying shock ( ) and a

permanent unobservable component ( ), both of which are family-specific. The distance from a city

( ) is assumed to affect wage offers because of urban-rural differences in skill prices. Distance serves,

in the child wage equation, as an identifying exclusion restriction, as previously discussed.  Parental20

income at t depends on the age of the husband ( ) , the distance of the household’s village from a

city, a random shock ( ) and a permanent parent-specific unobservable component ( ).21

Specifically, log earnings of parents and children are

  

Finally, the probabilistic grade completion function depends on the child’s grade level, age, and a

permanent unobservable family component, namely

.

The five time-varying -shocks are assumed to be jointly normally distributed and serially

uncorrelated, with a density .  The permanent components of parental preferences and income22

and of child earnings and grade completion are also assumed to be jointly distributed according to ,

where g is discrete with k support points or household types. These permanent components are assumed

to be known to parents from the beginning of the marriage.
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At any t, the couple maximizes the present discounted value of remaining lifetime utility with

respect to s(t), l(t) and p(t). Thus, in any period, the family faces K(t) mutually exclusive alternatives,

where K varies over time with the number of children eligible to attend school and work and with the

woman’s age (whether she is fecund). Define  if the kth alternative is chosen at t, and = 0

otherwise. Further, define to be the state space at t, consisting of all the relevant factors affecting

current or future utility or the distributions of future shocks, that is, , , , , , ,

, , , . 

The maximized present discounted value of lifetime utility at t, the value function, is given by

where is the terminal decision period (woman’s age 59) and the expectation is taken over the

distribution of parental preference and income shocks, the children’s earnings shock, and the implicit

shocks to grade completion for choices that involve school attendance.  The solution to the optimization23

problem is a set of decision rules that relate the optimal choice at any t, from among the feasible set of

alternatives, to the elements of the state space at t. Recasting the problem in a dynamic programming

framework, the value function can be written as the maximum over alternative-specific value functions,

, i.e., the expected discounted value of alternative , that satisfies the Bellman equation,

namely

Model Solution:



14

Given that the solution of the optimization problem is in general not analytic, we solve the model

numerically. Its solution consists of the values of  for all k and elements of

. For convenience, we call this function Emax. The solution method proceeds by backwards

recursion beginning with the last decision period.

There are two complications in solving the model numerically. First, at any fecund period in

which there are children of school and work age the choice set is of order , where the first term

represents the choice of whether or not to have a pregnancy and the second reflects the number of joint

school attendance - work choices (of which there are 3) and is the number of children age 12 to 15.

For example, if there are three children between the ages of 12 and 15, there are 54 possible choices.

One way to reduce the size of the choice set in a way that is for the most part consistent with the data is

to assume that for each sex, a child may attend school only if all younger children attend school and,

independent of sex, a child may work for pay only if all older children work for pay.  In the case of24

three children within the 12 to 15 age range of the same sex, the number of alternatives, for example, is

reduced to 20.

Second, the size of the state space makes a full solution of the problem computationally

intractable, because the Emax functions must be calculated for all state values at each t. As long as the

ages of children affect lifetime utility, as they must because of the age restrictions on children’s

eligibility for schooling and work, the state space includes the entire sequence of births by sex, and not

simply the stock of children. In addition, at any t, the schooling level of each child affects expected

lifetime utility at t. To solve the dimensionality problem, we adopt an approximation method developed

in Michael P. Keane and Wolpin (1994, 1997, 2001) in which the Emax functions are evaluated at a

random subset of the state points and the values are used to fit a global polynomial approximation in the

state variables. To further limit the size of the state space, we also assume that women can have no more

than eight children.  As in Keane and Wolpin, the multivariate integrations necessary to calculate the25
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expected value of the maximum of the alternative-specific value functions at those state points are

performed by Monte Carlo integration over the -shocks.26

Model Estimation:

The solution to the couple’s maximization problem serves as input into estimating the

parameters of the model. The numerical solution method described above provides the Emax functions

that appear on the right hand side of (6). The alternative-specific value functions, V (t) for k=1,..,K(t),k

are known up to the parental random preference and income shocks and the earnings shock of the

children. Thus, conditional on the deterministic part of the state space, the probability that a couple

chooses option k takes the form of an integral over the region of a subset of the random shocks such that

k is the preferred option.

Specifically, in the decision model presented above the observed outcomes at each period

include: (i) the choice (from the feasible set) made by the couple of whether or not to have a pregnancy,

which children to send to school, which to work in the market and which to remain at home; (ii) the

wages received by the children who work in the market; (iii) the success or failure of those children who

attend school to complete a grade level; and (iv) parental income. Let the outcome vector at t be denoted

by . Suppose we observe these outcomes for a sample of N households

beginning at marriage, t =  for household n, and ending at some t= . Then, the likelihood for this

sample is 

where is the observable components of the initial state space at the time of marriage, that is, the

state space net of the family’s type and stochastic shocks at t = . The observable part of the state space

at marriage consists only of the age of the woman and of the man at  and distances from a secondary

school and from a city. Because type is unobserved, it must be integrated out. Thus, the sample

likelihood is 
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We assume that the initial conditions, the ages of marriage of both parents and the distances, are

exogenous conditional on type.

There are two additional considerations in computing the likelihood. Because we assume that the

child wage shock is family-specific, having an observation on the wage for two children in the same

family working in the same period who have different wages (conditional on the relevant observable

determinants of child earnings, child age and sex as in (3)) will lead to a degenerate likelihood. We

therefore assume that the children’s wages are measured with error, which seems like a reasonable

assumption.  Assuming a multiplicative normal measurement error, observed child earnings is given by27

. 

Another difficulty arises because, for most of the families, we do not observe the decisions from

the start of marriage. In particular, we have a complete fertility history but do not have a complete

school attendance and work history for children. For example, consider a family with 3 children whose

ages are 6, 12 and 16 as of the October 1997 survey date and whose marriage occurred in 1980, when

the woman was age 19. For this family, we observe fertility outcomes at every t between 1980 and 1997,

when the woman was age 19 through 36. However, we are missing the history of school attendance for

the 12 and 16 year olds, and the work history for the 16 year old. Although it is conceptually

straightforward to accommodate the missing information into the likelihood function (8), it is

computationally infeasible to perform the necessary integrations over all of the feasible unobserved

choice paths. 

To avoid having to deal with missing data on the schooling and work histories of children, one

could restrict the sample to marriages that occurred between 1989 and 1997 for whom there are

complete data. But for the earliest marriages in this range, the oldest age a child could be at the time of
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the survey is 6. It is not possible to identify all of the model parameters solely from those observations,

because children do not start work for pay until age 12.

For children age 7 to 15 in 1997, we have data on outcomes at the survey years (1997 and 1998)

but we are missing their outcome history.  We can incorporate the available information into the

likelihood, but need to allow for the fact that the state variables for the decision problem in 1997 and

1998 are not strictly exogenous; they include the histories of past decisions about pregnancies and

schooling.  Our assumption of serial independence in the shocks implies that the state variables at any28

time t are exogenous with respect to decisions at t conditional on type. Thus, the likelihood for the

observations in 1997 and 1998, conditioning on the 1997 state space, can be written, analogous to (8), as

where and  are the marriage durations as of 1997 and 1998 and where  is the state space as

of 1997 (inclusive of the initial conditions at the time of marriage). Equation (9) requires that we specify

how the type distribution is related to the state variables. The form of the conditional probability is, in

principle, derivable from the structure of the behavioral model together with the relationship between

type and the initial state variables, i.e., the second term in (8). However, the form is not analytical and is

not numerically tractable. The alternative we adopt is to approximate the conditional type probability

using a multinomial logit specification.  29

To summarize, in estimating the model we use (8) for the families with complete decision

histories, couples who have been married 7 years or less as of October 1997. We use (9) for the families

with incomplete decision histories (couples married 8 or more years as of October 1997), which means

that we ignore the information about pregnancy decisions made prior to 1997.  Given the assumption of30

joint serial independence of the vector of shocks (conditional on type), both (8) and (9) can be written as

the product of within-period outcome probabilities conditional on the corresponding state space and
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type. Each of these conditional probabilities are of dimension equal to the number of contemporaneous

shocks in .

To illustrate the calculation of the likelihood, it is sufficient to consider a specific outcome at

some period. Suppose that the kth alternative that is chosen at period t is to send at least some children

to work. The children who work are observed to have wages given by , where j signifies the jth

working child and the superscript “obs” distinguishes the observed wage from the true wage, . The

likelihood contribution for such an observation is (for a given type)

 

where “~” signifies the vector of child wages over j and the integration is of the same order as the

number of children who work.  Notice that it is necessary to integrate over the vector of true wages in31

(10) because the choice probability depends on true wages , which we observe only with error.

Probability statements for other alternative choices are obtained similarly. We calculate the right hand

side of (10) by a smoothed frequency simulator.32

The entire set of model parameters enters the likelihood through the choice probabilities that are

computed from the solution of the dynamic programming problem. Subsets of parameters enter through

other structural relationships as well, e.g., child wage offer functions, the parents’ income function and

the school failure probability function. The estimation procedure, i.e., the maximization of the likelihood

function, iterates between the solution of the dynamic program and the calculation of the likelihood.

V. Results

Parameter Estimates

The precise functional forms of the model’s structure are provided in appendix A. Parameter

estimates, and their standard errors, are given in appendix table A.1.The model was fit with three
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household types.  Recall that types differ with respect to their underlying preferences (for fertility, child33

schooling and child leisure), school failure rates, parental income potential and child earnings potential.

The three types have distinctly different behaviors. As seen in table 8, type 1 households, comprising 39

percent of the sample, and type 3's, comprising 9 percent of the sample, value schooling less than type

2's. However, type 1's and type 3's also differ; the percent of the youngest children, age 6 to 11, from

type 3 households who attend school is considerably lower than those from type 1 households.

Moreover, in terms of schooling overall, type 1 households seem to favor boys and type 3 households

girls, with type 2 households exhibiting little sex-bias. Children age 12 to 15 from type 2 households are

least likely to work. Although school attendance rates of children age 12 to 15 are similar for type 1 and

type 3 households, those from type 3 households are considerably more likely to work, and

concomitantly, less likely to be at home. Child offered wages, on the other hand, differ very little among

the types and are only about one-third as large as mean accepted wages, while parental income is 20

percent higher for type 2's than for type 1's or 3's. Type 2 households, in addition to sending their

children to school at a higher rate, are  about two-thirds less likely to have an additional pregnancy

during the year than either of the other types. 

Internal Validation: Within-Sample Fit

We next present evidence on the within-sample fit of our model along various dimensions of the

data. Table 9 compares the model’s prediction of the distribution of child activity allocations (school,

work or home) at individual ages by sex to the actual distribution. The table also reports the chi-square

statistic associated with a test of the null that the predicted and actual distributions are the same.  At34

younger ages, when school attendance is nearly universal, the model predicts an attendance rate nearly

identical to the actual rate. Between ages 11 and 12, when attendance drops as children finish primary

school, the model captures, and in fact, overstates the drop. It predicts an 11.8 percentage point drop for

boys compared to an actual drop of 9.2 and a 9.4 percentage point drop for girls compared to an actual
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drop of 7.3. The model also fits the choices between working for pay and staying at home. For example,

it captures the pattern in the data that teenage girls are twice as likely as teenage boys to be at home at

age 15, while teenage boys are more likely to work for pay. As seen in the table, the null that predicted

and actual rates are the same is never rejected at the 5 percent level.

Table 10 compares the actual and predicted school attendance rates for children whose schooling

attainment differs from their maximum potential, defined as the level they could have achieved had they

enrolled at age 6 and attended school continuously without repeating grades. Later, we use these

subgroups for out-of sample validation. The predicted rates for the subgroups that are not behind in

school are about 5 percentage points too low (the null is rejected at the 5 percent level), but the

attendance rates for the other subgroups are within 1-2 percentage points of the actual rates. Table 11

compares the observed wages of children who are working to the wages for working children predicted

under the model. The model’s predicted (accepted) wages tend to be high relative to the observed

(accepted) wages. Averaged over the ages of 12 through 15, the mean accepted wage is approximately

10 percent higher for boys and 28 percent for girls. 

We also looked at the fit of the model with respect to fertility. Given space limitations, we

summarize the results without presenting additional tables. The model predicts that the mean number of

children born to couples married seven years or less would be 1.73 when the actual mean number is

1.79. The model overpredicts the number of women in this group having zero children, by about 7

percentage points, and underpredicts the number with two or more by about the same amount. The

model predicts well the fall in the pregnancy rate with the number of prior pregnancies. In the data, 57

percent of these women without children become pregnant and 53 percent predicted by the model; both

in the data and in the model, 18 percent with 2 children and 6 percent with 4 children become pregnant.

For couples married 8 years or more, the model overpredicts the proportion having a pregnancy at most
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ages by less than 2  percentage points; for example at ages 25-29, the model predicts a pregnancy rate of

.174 and the actual pregnancy rate is .151.

VI. The Test of Model Validity: Comparison of Impacts Predicted Under the Model to

Experimental Impacts

Given the parameter estimates, it is straightforward to predict the impact of the school subsidy

program on school attendance. A subsidy paid to the family for each child that attends school changes

the family budget constraint (2). Resolving the optimization problem for each family taking into account

the subsidy will lead to a different pattern of school attendance and fertility decisions. Comparing the

decisions of the treatment group predicted under the model to their actual decisions (at the same stage in

the life cycle and for the same state variables) provides a direct out-of-sample test of the model’s

validity.  

We predict the subsidy effects in two different ways. The one-step ahead prediction uses

information on the state variables in 1997 or 1998 to forecast the effects of the program during the

subsequent year. The N-step ahead prediction makes use only of information on initial conditions, i.e.

the age and education levels of the wife and husband at marriage, and the distances to schools and to the

nearest city, to forecast choices at any point in the couple’s lifetime. Comparing the N-step ahead

prediction to the actual data is a more severe test of the model and is useful in assessing the model’s

validity in making longer term forecasts.

One-step ahead predictions from current state variables

Table 12 compares the actual and predicted school attendance rates for different categories of

children in the control and treatment groups, defined by age, sex and completed schooling. The only

group to receive the subsidy, the treatment group in 1998, was, as noted, not used in fitting the model.

Therefore, a comparison of the predictions shown in the last two columns of the table with the actual

attendance rates represent an out-of-sample test of the model’s validity.  The table also presents within-35
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sample comparisons for the three non-subsidy groups, the control group in 1997 and 1998 and for the

treatment group in 1997. As seen in the first two rows of the table, predicted attendance rates usually

come within 1-2 percentage points of the actual attendance rate for all the groups in the 6-11 age

category. In 1998, the model predicts an attendance rate for the treatment group equal to 97.1% for both

boys and girls, compared to actual attendance rates of 98.5 percent and 98.7 percent. The fact that there

is close to universal attendance fo those ages clearly limits the power of the out-of-sample validation

test.

In contrast to children in the ages of 6-11, there is a substantial difference in attendance rates for

older children between the three non-subsidy groups and the subsidy group. Specifically, the actual

attendance rate for 12-15 year olds in the 1998 treatment group exceeds that of the non-subsidy groups

by 8 to 12 percentage points for girls and 4 to 8 percentage points for boys. Nevertheless, the accuracy of

the out-of-sample prediction of the subsidy group differs very little from that of the  the within-sample

prediction for the non-subsidy groups. For children age 12 to 15, the predicted attendance rates tend to

be a few percentage points lower than the actual rates for the non-subsidy groups and are within 1

percentage point of the actual rate for the 1998 treatment group,74.9  vs. 74.4 percent for girls and 77.1

vs. 76.3 percent for boys.  36, 37

To further assess the validity of the model, it is useful to consider subsamples for which there is

even more room for prediction error. For this purpose, we consider the sample of children age 12-15

who are behind in school, having either failed at previous grade levels or not attended sometime in the

past. Attendance rates are lower for those who are behind in school than for those who are not behind,

about 6-8 percentage points for girls and about 4-5 percentage points for boys. In that case as well, the

predicted attendance rate for the 1998 treatment group is quite close to the actual, 72.3 vs. 71.4 percent

for girls and 72.9 vs. 71.6 percent for boys. Further restricting this last sample to those who have

completed the 6  grade, for whom there is an even less attendance, does lead to a poorer prediction bothth
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for some of the non-subsidy groups and for the 1998 treatment group. In the latter case, the model

overpredicts attendance rates by 7.2 percentage points for girls and by 8.4 percentage points for boys.

Although larger than previous prediction errors, it should be noted that attendance rates for the non-

subsidy groups are a lower bound for the model’s prediction of the attendance rate for the subsidy group

and that 100 percent is the upper bound

Without the experiment, the estimate of the subsidy effect would have to make use of the non-

subsidy groups alone. Table 13 compares the model’s predicted impacts of the subsidy on attendance

using those groups to the experimental impact estimates. Two different ways of computing the

experimental impacts are shown in the row labeled “Experimental Treatment Effect.” The cross-section

effect is the average attendance rate for the treatment group minus the average rate for the control group

in the post-subsidy year, 1998. The difference-in-difference estimate subtracts from the cross-sectional

impact estimate the pre-subsidy (1997) difference between the groups’ attendance rates. Standard errors

of these experimental effects are reported as well.

Predicted subsidy effects are shown for the three non-subsidy groups separately, the control

group in 1997 and 1998 and for the treatment group in 1997. For example, the model predicts an impact

of 10.1% for treatment group girls age 12-15 in 1997. That is, given the state space for households in

the treatment group as of (October) 1997, this figure represents the difference between the attendance

rate of girls during the 1997/1998 school year that is predicted by the model if the subsidy had been in

force and the actual attendance rate. This predicted subsidy effect falls within the range of the

experimental estimates (8.0%-10.3%) and is within one-standard deviation of either experimental

treatment effect estimate. The model’s predicted effect using either the 1997 or 1998 control group also

falls well within the one standard deviation. Similarly, the estimates of the subsidy effects for girls who

are behind in school are also close to the actual treatment effects, falling within one standard deviation

of the experimental treatment effect estimates in most cases.
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Predicted subsidy effects are considerably less accurate for boys. The experimental impact

estimates for boys are smaller than for girls and are not usually statistically significantly different from

zero, although the model’s predicted subsidy impacts are of a similar magnitude for girls and boys. For

boys age 12-15, the predicted effects are 2 to 3 times greater than the experimental treatment effect

estimates, although the prediction is within one standard deviation of the experimental effect for at least

one group. The result is similar for boys age 12-15 and behind in school. However, the predictions are

much worse in terms of the magnitude of the error for boys age 13-15 who are behind and have

completed the 6  grade.  th 38

As a further evaluation of the model’s performance, Table 14 presents evidence on the model’s

ability to forecast the full school/work/home choice distribution, by sex, for the 1998 treatment group

for all children age 12-15, for children of those ages not behind in school, those behind in school and

those behind who have completed 6  grade. The model performs well in predicting the rates of stayingth

home or working for pay (usually within 2% of the actual rates) and it captures the differences in the

work/home pattern between boys and girls, although as before not as well for the last sub-sample. 

N-step ahead  predictions beginning from initial conditions

The intent of the Mexican government was to make the PROGRESA program a permanent

feature of the social welfare system. However, as is the case for social experiments in general, it is often

politically infeasible to deny the control group access to the treatment for a long time period. The short-

term nature of the PROGRESA experiment limits its usefulness for evaluating the effect of the policy

change on a household’s decision-making over the longer term. Indeed, newly formed households will

be subject to the program over their entire lifetimes and it would be useful to assess the effect of the

program on completed schooling levels of the children borne to those households and on completed

fertility within those households. Unlike the households in the experiment whose response to the

program was conditioned on the prior fertility and schooling decision that had already been made,
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households facing the program from the time they are formed would have greater flexibility. For

example, as already noted, while it may be difficult over the short-term to bring children who have

dropped out back into school, the availability of the program from the beginning may prevent dropping-

out in the first place.

However, before assessing the effect of the program in the long-term, we evaluate the

performance of the model in making long-term forecasts. To do that, we use the model to predict school

and fertility outcomes at the survey dates for the non-subsidy groups using only information on initial

conditions at the date of marriage. Given that marital durations at the time of the 1997 survey range

from 8 to 38 years, this validation exercise is a more severe within-sample test of the model’s

performance than the previous test based on one-step ahead predictions.39

Table 15 shows the actual and predicted school attendance rates obtained from that simulation

exercise separately for the control sample in 1997 and 1998 and for the treatment sample in 1997. The

predictions represent a within-sample fit test of the model’s ability to make accurate long-term forecasts

of attendance rates in the absence of the subsidy. The  predictions of attendance rates are clearly not as

accurate as the short-term predictions and tend to underpredict attendance rates. Nevertheless, the

predictions are still reasonably good. For example, for those age 12-15, the predicted attendance rates

are between 6 and 10 percentage points below the actual rates. In comparison, the difference between

them based on the short-term forecasts ranged from 0 to 5 percentage points. The last four rows of the

table show the model’s predictions of pregnancy rates for different age ranges, which usually are within

2-3 percentage points of the actual rates. 

VII. Long Term Impacts and Counterfactual Policy Experiments

The long term impact of the program

Given that the model’s long-term forecasts of fertility and school attendance rates are reasonably

accurate, we now use the model to predict the long-term impact of exposure to the PROGRESA subsidy
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