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Abstract

Does the effectiveness of an education policy depend on the job opportunities in the local labor market? This
paper provides a theoretical and empirical investigation of how schooling decisions respond to conditional cash
transfer programs, across areas with different exposure to export manufacturing. Results show that Mexico’s
PROGRESA program, documented to have increased educational attainment, was less effective in areas with
more export-oriented manufacturing jobs. A theoretical model, combined with empirical evidence, suggests
this is because these jobs generate more convex opportunity costs of schooling. Consistent with this, the het-
erogeneity documented is strongest among those old enough to be working in factory jobs. In addition, this
heterogeneity is primarily driven by jobs that directly influence schooling opportunity costs: low-wage jobs and
jobs for school-aged workers.
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1. Introduction

Reducing the cost of schooling is a common policy lever used to promote human capital investment. The
effects of such policies, like private school vouchers and financial aid, vary widely across settings (Herbaut
and Geven 2020; Epple, Romano, and Urquiola 2017). Conditional cash transfer (CCT) programs, which
lower the cost of schooling by conditioning transfers on school attendance, are no exception (Millan et al.
2019; Glewwe and Muralidharan 2016): Fiszbein and Schady (2009), for example, document impacts on
attendance rates ranging from —3 to 31 percentage points. Though some variation might be due to differ-
ences in program characteristics and their implementation, these are unlikely to be the only explanations.

To better understand potential sources of heterogeneity in education policy effectiveness, we begin with
a model of the optimal schooling decision, which suggests that labor-market conditions (specifically, the
types of job opportunities available) could be important in determining the success of these education poli-
cies. Our parameter of interest is the response of optimal schooling to a price reduction, as this captures
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how programs like CCTs—which effectively reduce the price of schooling—affect eventual educational
attainment. We show that the magnitude of this response depends on the convexities of the opportunity
cost and wage functions, both of which are determined by the types of jobs that are available in a com-
munity. Adult jobs can affect perceptions about future returns to schooling, while jobs for school-aged
youths can affect the forgone wage component of the opportunity cost function. Across countries, job op-
portunities have been substantially affected by globalization and trade liberalization (Nallari et al. 2012;
Autor, Dorn, and Hanson 2016), raising the question of what these changes might mean for education
policy.

Our empirical investigation focuses on the Programa de Educacién, Salud y Alimentacién (PRO-
GRESA), a Mexican CCT program that is documented to have increased average educational attain-
ment. PROGRESA began during the later part of a period of rapid trade liberalization in Mexico, which
brought about a large increase in export-oriented manufacturing jobs.! Atkin (2016) shows that export
manufacturing reduced schooling levels in this setting, which implies that export manufacturing increased
marginal opportunity costs by more than it increased the returns to schooling. However, because this find-
ing does not inform us about the convexities of the wage and cost functions, it remains unclear whether
the expansion of export manufacturing would reduce or enhance the schooling impact of PROGRESA.

To answer this question, we take advantage of the initial PROGRESA evaluation, which randomized
villages to receive PROGRESA in 1998 (treatment) or 2000 (control). We combine this with variation in
the intensity of export-oriented manufacturing across subdelegations, geographic units that are substan-
tially larger than villages but smaller than states, used for administrative reporting by the Mexican Social
Security Institute (IMSS).> Given differences in the specific types of export manufacturing jobs taken on
by men and women, we calculate gender-specific counts of export jobs for each subdelegation and es-
timate heterogeneity in the PROGRESA treatment effect along this dimension. Specifically, we regress
attendance rates and eventual educational attainment on a PROGRESA treatment dummy and the in-
teraction between PROGRESA treatment and subdelegation-level gender-specific export jobs (controlling
for subdelegation fixed effects and a rich set of demographic controls). We estimate a negative and signif-
icant interaction coefficient, which indicates that the impact of PROGRESA was smaller for those with
greater exposure to export jobs.

To understand why export manufacturing jobs are associated with a smaller PROGRESA impact, we
explore data on wages and opportunity costs in areas with higher vs. lower concentrations of export
jobs. This descriptive analysis suggests that opportunity costs are more convex in areas with more ex-
port manufacturing jobs, perhaps because the wages at these export jobs increase faster with schooling
than in other jobs (e.g., agriculture). In conjunction with the model, this provides one reason why PRO-
GRESA was less effective in these areas. Of course, this is not the only way in which export manufacturing
jobs differ from others, and we are unable to provide definitive evidence that this is the most important
explanation.

That said, investigating what types of individuals and what types of jobs are driving the heterogeneity
we document provides support for the importance of opportunity costs. Heterogeneity is stronger for those
who are old enough to be working in factory jobs (at least 15 years old), and it is driven primarily by the
types of export jobs likely to factor into the opportunity cost of schooling: low-wage jobs and those held
by young workers. These findings suggest export-oriented manufacturing jobs reduce the PROGRESA
impact because they translate into more rapidly increasing forgone wages for children who are (or whose
parents are) deciding on the optimal level of schooling.

1 Throughout the paper we use “export-oriented manufacturing jobs” and “export jobs” interchangeably.
As detailed in the data section, we use subdelegations as our geographic unit of analysis because they strike the nec-
essary balance between granularity and sample size: aggregating to larger units (delegations or states) would leave too
few observations for inference, while aggregating to smaller units, such as municipalities, often eliminates within-unit
variation in PROGRESA treatment status.
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Although we are unable to directly link opportunity cost convexities to the heterogeneity we docu-
ment, we are able to explore and rule out alternative explanations. We show that our interaction co-
efficient is not simply picking up gender differences in the PROGRESA treatment effect. We also show
that the heterogeneity is not driven by correlations between export jobs and other characteristics, like
subdelegation-level educational attainment, urban shares, or average income; a child’s baseline educa-
tional attainment; or household-level migration, income, or occupation types. Our results are also robust
to the use of an alternate export manufacturing variable: predicted export-job growth generated using a
shift-share strategy.

These findings speak to a broader empirical literature showing how schooling levels are influenced
by opportunity costs and (perceived) returns to schooling (Jensen 2010, 2012; Shah and Steinberg 2019;
Cascio and Narayan 2022), especially those focusing on trade-related changes to the labor market (Atkin
2016; Blanchard and Olney 2017; Greenland and Lopresti 2016; Edmonds, Topalova, and Pavenik 2009).
Unlike these studies, our focus is not on schooling levels, but schooling responses to a price reduction, a
policy-relevant parameter of interest that captures the effectiveness of a policy at increasing educational
attainment. Importantly, knowing how schooling levels are affected by a particular shock or labor-market
characteristic is not enough to predict how that characteristic will affect the schooling response to a price
reduction (i.e., the schooling impact of a program like PROGRESA).

This study also expands our understanding of the interactions between different development policies.
Economic development is a multifaceted phenomenon, which often requires the simultaneous pursuit of a
variety of different goals. Increasing educational attainment is one goal often prioritized by governments
and international organizations (United Nations 2016). The creation of a strong manufacturing sector, and
in particular one that is export oriented, is another goal that has featured prominently in the development
path of many nations (Lederman, Olarreaga, and Payton 2010; Lustig 2001; Page 2016). Both targets
play an important role in government policy, but little is known about how the pursuit of one goal affects
progress towards the other.

2. Theoretical Framework

We begin by outlining a simple theoretical framework that sheds light on how labor-market conditions can
influence the schooling impact of policies that reduce the price of education. Suppose parents maximize
discounted future wages minus the cost of schooling:

BW(S) —c(S) — S, (1)

where wages are a function of schooling (W (S)), opportunity costs are forgone wages c(S), and the price
of one year of school is p. The optimal level of schooling is determined by the expression

Bog =35 TP
Labor-market conditions—specifically, the types of jobs that are available to an individual—affect this
expression in two ways. First, jobs can affect perceptions about the future returns to schooling (%).3
addition, certain jobs, which are available to school-aged youth, can affect the marginal opportunity cost
of schooling (%).

In

3 The wage function depends on the jobs and income that will be available when these youths eventually enter the labor
market, which could be informed by the conditions in the labor market at the time of the decision. For example, 70
percent of survey respondents in the Dominican Republic report that people in their community were their primary
source of information about expected income (Jensen 2010). In Madagascar, Nguyen (2008) finds that expectations
about future returns to schooling are influenced by information about current labor-market conditions.
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In this paper, more than the optimal level of schooling, we are interested in the response of optimal
schooling to a decrease in p, which is given by

ds _ (326 BZW)—l 2)

Cdp T \as2 T ast
Assuming that the term inside the brackets is positive (i.e., that the second-order condition for a maximum
holds), this predicts what has been documented empirically—reducing the price of schooling typically
increases educational attainment.

More importantly, however, this expression shows that the magnitude of the impact of a price reduction
depends on the second derivatives of the opportunity cost and wage functions. In particular, in labor
%), the magnitude of the response will be smaller.
(that is, marginal benefits that are either increasing slower or decreasing

markets with more convex opportunity costs (larger
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. BSZ.

faster), the schooling response will also be smaller.

In labor markets with smaller

This expression can also be interpreted in terms of the gap between benefits and forgone wages
(W(S) — c(S)), or net benefits. In areas where net benefits decrease faster with schooling (i.e., where
the marginal net benefits are more negative), the schooling response to a price reduction will be
smaller.

Notably, these predictions hinge on the second derivatives rather than the first derivatives (the marginal
opportunity cost

s g—g, or the return to schooling, %), though these could also matter—in ambiguous
ways—due to their role in determining the optimal level of schooling, which in turn influences the mag-
nitude of the expression in (2). This means that knowing how a particular industry or occupation com-
position affects the optimal level of schooling (determined by equation (1)) does not allow us to pre-
dict how it will affect the schooling response to a price reduction (equation (2)), as we discuss in the
supplementary online appendix. The importance of the second derivatives makes it difficult to predict
which types of labor markets will enhance or reduce the schooling impact of these types of education
policies.

We now turn to an empirical analysis of this question, using export manufacturing jobs as our source of
labor-market variation. Because the rapid and substantial expansion of export-oriented manufacturing has
been a primary source of economic change in much of the developing world, it is important to understand
how it may have impacted the effectiveness of education policies. We focus on Mexico’s CCT program,
PROGRESA, which we describe in the next section.

3. Background

3.1. PROGRESA

CCTs are now widely used across the globe (World Bank Group 2017), but one of the first CCT programs,
PROGRESA, began in Mexico in 1997. The program provided cash transfers to poor families that satisfied
certain education and health-related requirements.

The education component of PROGRESA, which is the focus of this paper, consisted of cash payments
made to mothers whose children had school attendance rates of at least 85 percent. When the program
first started, it covered children in third to ninth grade, but this was expanded to include high-school
students starting in 2001. Grant amounts increased with grade level, with higher amounts for girls than
boys, and ranged from 105 to 660 pesos per month in 2003.* Since its inception, PROGRESA has been
expanded and renamed several times. It changed its name to Oportunidades in 2002 and was further re-
structured and renamed Prospera in 2015 (Ordéfiez-Barba and Silva-Hernandez 2019). In 2019, Prospera
was discontinued and replaced by the Benito Judrez scholarship program for education, providing grants

4 See Skoufias and Parker (2001), Skoufias (2005), Behrman, Parker, and Todd (2009a), and Behrman, Parker, and Todd
(2011) for more program details.
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to enrolled students and eliminating the health and nutrition components of the program (Diario Oficial
de la Federacién 2019).

PROGRESA was implemented experimentally in 506 rural villages in seven states: Guerrero, Hidalgo,
Michoacin, Puebla, Queretaro, San Luis Potosi, and Veracruz. Villages were randomized into either treat-
ment or control: the treatment group (320 villages) started receiving benefits in the spring of 1998, and
the control group (186 villages) did not receive benefits until the end of 1999.

The randomized variation has allowed for rigorous evaluations of the program’s effects on a wide
range of outcomes, summarized in Parker et al. (2017). The most relevant findings for our study are those
related to educational outcomes. Short-run evaluations of the program compare treatment and control
villages in 1998 and 1999 (when PROGRESA had not yet been rolled out to the control group), and
find PROGRESA increased school attendance, enrollment, and grade progression, and reduced dropout
(Skoufias and Parker 2001; Behrman, Sengupta, and Todd 2005; Schultz 2004). Medium-run evaluations
compare educational attainment in treatment and control villages in a 2003 follow-up survey, and show
higher educational attainment and grade progression in treatment villages (Behrman, Parker, and Todd
2011,2009b). Because the control group was already exposed to PROGRESA by this time, these estimates
capture the effect of being exposed to PROGRESA 18 months earlier. More recently, researchers have
sought to explore the program’s long-run effects on education and labor-market outcomes using data
collected 10 to 20 years after the program first started (Araujo and Macours 2021; Parker and Vogl
2023).

Previous work has examined heterogeneity in the effect of PROGRESA (and other CCTs) across a
number of other dimensions—child gender (Manley, Gitter, and Slavchevska 2013; Lee and Shaikh 2014),
early-life circumstances (Adhvaryu et al. 2018), household and village poverty levels (Maluccio and Flores
2005; Dammert 2009; Galiani and McEwan 2013), and other household characteristics (Djebbari and
Smith 2008; Handa et al. 2010; Angelucci et al. 2010). The focus of our study, however, is on heterogeneity
driven by labor-market conditions.

3.2. Export Manufacturing

The beginning of the PROGRESA program coincided with the tail end of a period of rapid trade liberal-
ization in Mexico. After pursuing an import substitution strategy for decades, Mexico sharply reversed
course by joining the General Agreement on Trade and Tariffs in 1986, followed by the North American
Free Trade Agreement (NAFTA) in 1994. The manufacturing sector in Mexico was considered to be the
key driver of economic growth and industrial development since the 1980s (Camara de Diputados 2004),
and these free trade agreements were part of a deliberate strategy to improve Mexico’s economy using
the manufacturing industry (Moreno-Brid 2007).

As a result of this shift in policy, Mexico saw a large increase in manufacturing jobs at factories pro-
ducing goods for export. From 1986 to 2000, the number of formal sector jobs in export manufacturing
sectors more than tripled, from less than 900,000 to over 2.7 million (Atkin 2016). Notably, employment
growth was concentrated primarily in the manufacturing industry: agricultural employment declined sub-
stantially in the decade following NAFTA, which meanwhile had little effect on employment in the services
sector (Polaski 2003). Several studies have documented how these changes affected employment, wages,
schooling levels, and inequality across genders and skill levels (Revenga 1997; Hanson and Harrison
1999; Juhn, Ujhelyi, and Villegas-Sanchez 2014; Aguayo-Tellez et al. 2013; Atkin 2016). We expand on
this work by investigating how the resulting changes in the labor market influenced the education effects
of the PROGRESA program.

The expansion of export manufacturing certainly affected opportunity costs for school-aged youths.
Using the IMSS data, we estimate that the monthly wage of a factory worker under the age of 20, in our
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PROGRESA subdelegations of interest, was approximately 2,200 pesos per month in 2003, about three
times as large as the monthly PROGRESA education transfer for the oldest beneficiaries.’

Atkin (2016) shows the expansion of export-oriented jobs increased the marginal cost of schooling
more than the marginal benefit, subsequently reducing average schooling levels. In the context of the
model in our theoretical framework, this finding informs us about the expression in equation (1), which
determines the optimal level of schooling, but does not allow us to predict whether export jobs will
increase or decrease the schooling impact of CCTs, captured by equation (2). The simulations described
in supplementary online appendix S2 help illustrate this point. We provide one example of a cost function
that reduces optimal schooling (as export jobs have done) while increasing the schooling response to a
CCT, and another cost function that reduces optimal schooling while reducing the schooling response.

An important advantage of focusing on export-oriented manufacturing jobs is that they tend to be
driven in large part by external demand, not just by local demand and supply. Perhaps because of this,
shares of export manufacturing jobs in our setting are not strongly correlated with other socioeconomic
characteristics. For example, the correlation between subdelegation-level export manufacturing jobs and
average income in our sample is 0.09, while the correlation between overall manufacturing shares and
average income is 0.45. For education, these correlations are 0.06 for export manufacturing and 0.47
for overall manufacturing. In addition, in Atkin (2016), which uses an instrumental variables strategy to
account for the potential endogeneity of export manufacturing job growth, naive OLS and IV estimates
do not differ substantially. Although he uses year-to-year changes in export jobs (while our focus is on the
total stock of jobs), this provides some evidence that many determinants of export manufacturing jobs
are arguably exogenous.

4. Data

We merge the data collected for the evaluation of the PROGRESA program with employment data from
the IMSS, both of which we describe below. In addition to these two sources, we use Mexican census
data collected by the National Institute of Statistics, Geography, and Informatics (INEGI) and provided
by IPUMS (Minnesota Population Center 2015).

4.1. PROGRESA Data

The data collected for the evaluation of the PROGRESA program include a baseline survey of all house-
holds in PROGRESA villages in October 1997 and three years of follow-up surveys every six months, from
1998 to 2000. Another follow-up survey was carried out in 2003 in all 506 villages that were part of the
original evaluation sample. These surveys collected detailed information on household composition and
demographics, education, health, employment status, and income. In our analysis, we use the 1997 base-
line survey, three surveys that took place in 1998-1999 before the control group received PROGRESA,
and the 2003 follow-up.

We define a treatment dummy that is equal to 1 for households in one of the 320 villages placed in
the treatment group, and to 0 for the 186 villages in the control group. In our main analysis, we use
two education outcome variables: years of educational attainment, measured using the 2003 wave, and
an indicator for school attendance, measured in each of the 1998-1999 waves. Age, gender, household
size, household head age, household head gender, parental education, and parental language variables

5 To estimate the potential wages of PROGRESA beneficiaries, we take the monthly IMSS data from 2003 and restrict our
analysis to employees below 20 years of age. As described in the data section, salaries are reported as multiples of the
minimum wage. The average salary for our sample of interest is 2.6 times the minimum wage, which was set at 40 daily
pesos in 2003 in the subdelegations of interest. Assuming employees in the manufacturing industry work for 22 days
a month, the average monthly wage equals approximately 2,200 pesos. We compare this to the PROGRESA monthly
transfers for the oldest beneficiaries, which amount to 660 pesos (Behrman, Parker, and Todd 2011).



The World Bank Economic Review 7

are used as controls. The PROGRESA survey also collects information on the employment status, labor-
market income, and migration status of other household members, which we use in some of the analyses.

Our main sample consists of all children aged 5-16 in the original survey (October 1997), living in
households eligible for PROGRESA and with non-missing educational attainment in 2003.% This consists
of over 23,000 individuals, belonging to over 8,000 households in 506 villages.

4.2. IMSS Data

We also use data on all formal private-sector jobs from the IMSS, from 1997 until 2003. The IMSS data
include monthly records of the number of insured workers in each category, where a category is defined
by location, industry, employer size, employee age, employee gender, and employee salary range. For
example, one observation of this dataset provides the number of formal sector female workers employed
in a particular month in a particular municipality, aged between 20 and 25, earning between 2 and 3 times
the minimum salary, and working at a firm that hires between 51 and 250 employees, in a specific industry.

The IMSS data assign each firm to one of 276 industry categories, without indicating whether firms are
export-oriented or not. Following Atkin (2016), we define export-oriented manufacturing firms as those
which belong to a three-digit International Standard Industrial Classification (ISIC) industry where more
than 50 percent of output was exported for at least one-half of the study’s sample years (1986-2000).
Comparing export-oriented jobs to all other (formal sector) jobs in the IMSS in August 1997 (the first
month of publicly available data) and focusing on the states in which PROGRESA was implemented,
we find that export-oriented jobs are held by younger workers (31.1 compared to 35.8 years old on
average), pay similar wages (3.3 times the minimum salary compared to 3.2 times the minimum salary),
and have larger shares of female workers (0.39 compared to 0.30). Firms are also larger in export-oriented
industries, with 52 percent of jobs (compared to 35 percent in non-export industries) found in firms with
more than 250 workers.

For each month, we calculate the number of export-oriented manufacturing jobs, relative to the size
of the working-age population (between 15 and 49 years of age), obtained from Mexico’s 1990 census.
Supplementary online appendix fig. S1.1 illustrates the geographic distribution of these jobs at the mu-
nicipality level, in each of the seven PROGRESA states. Because the PROGRESA evaluation took place
in rural areas, the majority of villages are located in areas with low exposure to export manufacturing,
though a non-trivial number are located in municipalities or neighboring municipalities with export shares
greater than 10 percent.

In our main specification, we separate jobs by gender because export manufacturing employment op-
portunities do appear to be somewhat gender segmented. For example, 69 percent of female export man-
ufacturing jobs in PROGRESA states are in textiles (compared to only 24 percent of male jobs), while 25
percent of male jobs are in metals (compared to only 5 percent of female jobs). In some of the analyses,
we also categorize jobs based on the salary range and age of the insured individual. We define low-wage
jobs as those with a salary up to two times the statutory minimum salary, and high-wage jobs as those
with a salary above this threshold. Similarly, we define young (old) export jobs as those with registered
ages below (above) 25 years old.

Our analysis requires the use of a geographic unit within which there is sufficient variation in PRO-
GRESA treatment status. The IMSS divides the country into delegations, which are further divided into
subdelegations. Subdelegations are regional offices that serve as local branches of the IMSS, providing var-
ious administrative services for the region, such as enrollment and registration of affiliated individuals,
collection of contributions from employers, and coordination of hospital admissions. Publicly available

6 The last restriction applies only to the educational attainment regressions, not the attendance regressions.

7  The resulting export industries are Apparel, Footwear, Leather and Leather Products, Wood and Cork Products, Petro-
chemical Refinement, Metal Products, Electronic and Mechanical Machinery, Electrical Machinery, Transport Equip-
ment, Scientific and Optical Equipment.
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Figure 1. Histogram of Subdelegation-Level Export Jobs Shares
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Share of export-oriented manufacturing jobs

Source: Authors’ analysis based on Mexican Social Security Institute (IMSS) and census data.
Note: Distribution of subdelegation-level export-job shares, calculated as the number of export-oriented manufacturing jobs held by men and women in each subdel-
egation, divided by the size of the working-age population aged 15-49.

health and employment data from the IMSS are provided at the state, delegation, subdelegation, and mu-
nicipality levels (e.g., Doubova et al. 2021). Because over half of the municipalities in the sample were
comprised of either all treatment or all control villages, we aggregate municipality-level counts of export
jobs to the subdelegation level. We choose to use subdelegations over the larger delegations and states
because there are only 7 states and 9 delegations in the PROGRESA evaluation sample but 23 subdelega-
tions. Figure 1 illustrates the distribution of subdelegation-level export-job shares, separately for female
and male jobs.

4.3. Summary Statistics
In supplementary online appendix table S1.1 we report summary statistics of individual and household
characteristics in our sample of interest using data from the first available wave (which is the baseline
survey in most cases). We split the sample into high export subdelegations (with above-median export-
job shares) and low export subdelegations (with below-median export-job shares). At baseline, treated
individuals are comparable (in terms of age, gender, school attendance, years of schooling, household
composition, and parental characteristics) to those in the control group, within both types of regions.®
Because only households classified as poor were considered eligible for PROGRESA, we restrict our
analysis, as most existing studies do, to this subset of the population. In addition, we restrict to children
of school-going age during the experimental period—specifically, those aged S to 16 in 1997.°

8  For all parental variables, we assign children the values belonging to the household head and the household head’s
spouse. Over 90 percent of the children in our sample are sons or daughters of the household head.

9  If we assume that children start first grade at age 6 and do not repeat grades, children aged 5 to 13 in 1997 would
have been in PROGRESA-eligible grades during the first 18 months of the program, while only the treatment group was
exposed. We include three older age cohorts as they might also have been eligible due to schooling interruptions and
grade repetitions. In the baseline survey, if we assume that 7-year-olds should have completed at least 1 year of school,
8-year-olds 2 years of school, and so on, we calculate that 44 percent of our main sample is at least 2 years behind and
24 percent is at least 3 years behind.
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5. Empirical Strategy

5.1. Educational Attainment

Our first outcome of interest is educational attainment in 2003. By this time, PROGRESA was operating
in both treatment and control villages, but treatment villages had been exposed to the program for 18
additional months. To estimate the heterogeneous effects of this additional exposure, we estimate the
following specification:

Eing = B Tf]sg + ﬁlT/ + ﬁ?)]sg + ﬁ4Xig + s + €igjs» (3)

where Ejg; is the educational attainment of child i of gender gin village j and subdelegation s, as of 2003.
Also, T; is an indicator equal to 1 for the randomly assigned treatment villages, and J, is the number of
export-oriented jobs in subdelegation s for gender gin 1997 (as a fraction of the subdelegation’s working-
age population according to the 1990 census). We use 1997 because it is the earliest year of publicly
available IMSS data and the only year before the rollout of PROGRESA (which ensures it could not
have been affected by the program itself).'? By this time, a large portion of the expansion of export
manufacturing jobs had already taken place. We use a gender-specific jobs variable to allow for female
outcomes to be more affected by female jobs (and vice versa for male outcomes), as Atkin (2016) found
to be the case.

To facilitate the interpretation of coefficient magnitudes, we standardize this variable. This means that
B2 represents the effect of PROGRESA for a subdelegation with the average number of export jobs. Here,
our coefficient of interest is 81, which captures heterogeneity in the PROGRESA effect across varying levels
of export-job availability. A positive coefficient would indicate that PROGRESA is more effective in areas
with more export jobs, while a negative coefficient would indicate that PROGRESA is less effective in
these areas.

We include subdelegation fixed effects (i), which control for subdelegation-specific unobservables that
are fixed over time. Even with these fixed effects, we are relying on variation across subdelegations as well
as variation across genders to estimate the interaction coefficient of interest. Even if ], were not gender
specific, the inclusion of subdelegation fixed effects would still allow for the estimation of the interaction
coefficient 1, but not the coefficient on the main effect, 83. In fact, although we use a gender-specific jobs
variable to allow for men and women to respond to jobs that they are more likely to go into, our results
are very similar when we use the total number of jobs instead of gender-specific jobs (see supplementary
online appendix tables S1.2 and S1.3).

The variable Xj, is a vector of child-level controls. In our baseline specification, we include age and
gender dummies. We later add demographic controls from the baseline survey: household size, age of
household head, gender of household head, maternal and paternal education (dummies for secondary-
school attendance), and maternal and paternal language dummies.!! Because our export jobs variable (/)
is gender specific, to ensure that 8 is not capturing gender differences in PROGRESA’s education effects,
we also add a treatment-by-female interaction in subsequent specifications. Finally, for all regressions, we
cluster our standard errors at the village level, which was the level of treatment assignment.'?

10 In robustness checks, to further alleviate concerns about the endogeneity of export jobs, we also use an alternate export
manufacturing variable: predicted export-job growth generated using a shift-share strategy.

11  For continuous variables, we replace missing values with the sample mean. For parental education and language, we
include a dummy for missing values.

12 We base this decision on Abadie et al. (2022). There are two “treatments” to consider in our case: the randomized PRO-
GRESA treatment at the village level, and the effect of export jobs interacted with treatment (at the subdelegation level).
At the village level, there is clustering in the sampling as well as in the treatment assignment, and we are arguing that
there is heterogeneity in the effect of PROGRESA across villages: according to Abadie et al. (2022), we must therefore
at least cluster at the village level. At the subdelegation level, however, because we are including subdelegation fixed
effects, the conditions that determine whether to cluster are slightly different. In particular, if there are no heterogeneous
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In order to ensure that our estimate of 8; is not being confounded by PROGRESA treatment hetero-
geneity due to other variables potentially correlated with export jobs, we also estimate specifications that
include interactions between treatment and other subdelegation-level and household-level characteristics,
denoted Cjjs in the following regression:

Eigis = BiTi]sg + BoTj + B3Jsg + BaXig + BsTiCijs + BeCijs + s + €igjs. (4)

We run separate regressions using different definitions of Cjjs: for example, subdelegation-level average
schooling, income, and urban shares from the 1990 census (in which case the main effect is absorbed
by the subdelegation fixed effects). We also use the following (all taken from the 1997 survey): child s
baseline educational attainment, a vector of father and mother occupation category dummies, older sibling
work status, household per capita labor income, and a vector of proxies for the temporary migration of
household members (separate dummies indicating if a father or mother is not living at home, as well as
the continuous share of household members not living at home).

5.2. Attendance

We next explore the contemporaneous effect of PROGRESA on school attendance, using all waves before
2003 (the October 1997 baseline survey, October 1998, October 1999, and November 1999). Specifically,
for child i of gender g in village j and subdelegation s, observed in wave w, we estimate

Aig/'sw = 01 Tij]sg + aZT/'Pw + o3 T/]sg + a4Pw]sg
+C‘5T/' + a6]sg + 0‘7Xig + Us + 8w + €igjsw» (5)

where Ajgjq is a school-attendance dummy variable. As before, ], captures the number of export-oriented
jobs in subdelegation s for gender g (as a fraction of the working-age population and standardized, as
above) in 1997, and P, is a dummy for post-treatment waves (all waves except the 1997 baseline).

The main coefficient of interest is 1. This captures heterogeneity in the PROGRESA treatment effect
across areas with varying export-job exposure. Including the baseline wave helps improve statistical pre-
cision and also builds in some validity checks. For example, we would expect a5 (the difference between
treatment and control villages prior to the rollout of PROGRESA) and a3 (heterogeneity in this difference
by export jobs) to be equal to zero.

As in the first specification, we include a vector of child and household controls (Xj,). We also estimate
versions of this regression that add female interactions: a female dummy interacted with Tj, P, and T;P,,.

We conduct a similar robustness exercise to the one described above, outlined in the regression below:'3

Aigjsw = O(lT,‘Pw]sg + OlzT/'Pw + Ole]sg + Ol7X,'g + O{gT,‘PwC,'/'S + O[9C,'/'s
+ i + O + €igjsw- (6)

We use Cjjs to denote the same subdelegation and household-level characteristics described above.

5.3. Attrition

To explore whether differential attrition due to PROGRESA or export-job exposure could be complicating
the interpretation of the coefficients defined above, we begin with the full sample of eligible children aged
5 to 16 at baseline. In supplementary online appendix table S1.4, we estimate equation (3) using a dummy

treatment effects at the subdelegation level then we should not be clustering at the subdelegation level. The relevant
“treatment” to consider here is the export jobs interaction with treatment, and we argue this variable affects outcomes
in the same way across individuals.

13 Note that we drop T]s, Pu]sg, and T; for parsimony after having established that these coefficients are small in mag-
nitude and not statistically significant. In this specification, T;P,, can be thought of as a dummy variable equal to 1 if
village j is treated in wave w.
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equal to 1 for those who have a non-missing educational attainment variable in 2003 (and are therefore
included in our analysis) as our dependent variable. The coefficient on the treatment indicator is negative
and statistically significant, indicating that—for a village with the average level of export jobs—treatment
individuals were 3 percentage points less likely to be included in our sample. In addition, the interaction
coefficient is negative and significant, which means this gap was significantly larger in areas with more
export jobs. While there are a number of potential reasons for this result, one explanation is that the
cash transfers allowed treatment households or individuals to migrate away from their village (therefore
leaving the sample), primarily in subdelegations with promising export-related job opportunities in nearby
areas (not within commuting distance).

Regardless of the reason, this could complicate the interpretation of our coefficient estimates if the
children who dropped out of the sample had systematically different education outcomes from those who
remained. To address this concern, we also estimate a specification that uses an inverse probability weight-
ing procedure similar to that of other studies on PROGRESA (Behrman, Parker, and Todd 2011, 2009a).
Specifically, we estimate a probit regression using the indicator for sample inclusion as our outcome vari-
able and the following set of independent variables: PROGRESA treatment, export jobs, their interaction,
and all three of these variables interacted with the full set of demographic controls. This allows us to pre-
dict each individual’s probability of being included in the sample given their treatment status, export-job
level, and observable covariates (which are allowed to contribute to the prediction in different ways for
different treatment groups and export-job levels). We can then estimate weighted regressions using the in-
verse of these predicted probabilities as weights, therefore accounting for changes in sample composition
due to differential attrition.

6. Results

6.1. Main Results

Table 1 reports the results of equation (3). Across all columns, there is a positive and significant coefficient
on the treatment dummy and a negative and significant coefficient on the interaction term, which indicates
that PROGRESA improved educational attainment, but less so in areas with many export jobs. This
pattern of results is robust to the inclusion of additional controls (columns 4 through 6) and treatment-by-
female interactions (columns 2, 3, 5, and 6). The latter indicates that the Treat-by-ExportJobs coefficient
is not simply picking up gender differences in the PROGRESA impact. In addition, our results are similar
when we use inverse probability weighting to account for differential attrition (columns 3 and 6). The
ExportJobs coefficient is statistically insignificant across all specifications.!*

Estimates in column 6 reveal that PROGRESA increased educational attainment by 0.21 years for
areas with the average number of export jobs, which is similar to estimates of around 0.2 years for the
full sample (Behrman, Parker, and Todd 2011)." For an area that lies one standard deviation above the
mean in terms of export jobs, the interaction coefficient of —0.27 implies no PROGRESA effect at all
(while the sum of the two coefficients is in fact negative, it is not significantly different from zero). In
supplementary online appendix fig. S1.2, we show the entire distribution of treatment effect magnitudes:
the vast majority are positive, and only a small share are negative.

Because these regressions use educational attainment in 2003, when PROGRESA was available in both
treatment and control villages, the estimated treatment effects can be interpreted as the effect of being

14  In these results, the lack of statistical significance could be a result of subdelegation fixed effects absorbing most of the
variation in this variable. However, all coefficient estimates are very similar even without subdelegation fixed effects
(results available upon request). Export jobs may not exhibit a significant relationship with educational attainment
because of opposing forces canceling out: export firms may have targeted areas with better education outcomes ex ante
but may have also increased the opportunity cost of schooling.

15 The ExportJobs variable is standardized to facilitate the interpretation of the main effect.
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Table 1. Heterogeneous Effects of PROGRESA on Educational Attainment

(1) (2) 3) (4) () (6)
Educational Educational Educational Educational Educational Educational
attainment attainment attainment attainment attainment attainment
Treat x ExportJobs —-0.37 —-0.37 -0.33 -0.27 —0.28 -0.27
(0.15)** (0.15)** (0.12)*** (0.13)** (0.13)** (0.10)***
Treat 0.16 0.21 0.23 0.16 0.21 0.21
(0.096)* (0.11)** (0.10)** (0.087)* (0.097)** (0.095)**
ExportJobs 0.081 0.068 0.10 0.00070 —0.012 0.040
(0.15) (0.15) (0.14) (0.14) (0.14) (0.14)
Treat x Female - —0.095 —-0.093 - —0.098 —0.094
(0.085) (0.085) (0.083) (0.083)
Observations 23,272 23,272 23,272 23,272 23,272 23,272
Mean of DV 6.89 6.89 6.87 6.89 6.89 6.87
Controls Basic Basic Basic All All All
Weighted No No Yes No No Yes
p-value for sum 0.28 0.42 0.52 0.51 0.71 0.69

Source: Authors’ analysis based on PROGRESA and Mexican Social Security Institute (IMSS) data.

Note: These regressions use the 2003 survey wave, restricting to children aged 5 to 16 at baseline (in 1997). Treat is an indicator for PROGRESA treatment villages.
ExportJobs is the ratio of the gender-specific number of export-oriented jobs in the subdelegation in 1997, over the subdelegation’s working-age population according
to the 1990 census, standardized. “Basic” controls include gender, cohort fixed effects, and subdelegation fixed effects. “All” controls add household size, household
head age, household head gender, as well as parental education and language dummies (including dummies for missing values). Weighted regressions use the attrition
weights described in empirical strategy section, and “p-value for sum” reports the p-value testing the null hypothesis that 1 + g, = 0. Standard errors (clustered at
village level) in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

exposed to the program 18 months earlier. We now move on to investigate the intermediate changes lead-
ing up to these increases in educational attainment—that is, the contemporaneous effects of PROGRESA
on school attendance during the years in which the control group had not yet received the program.

The attendance results, from equation (5), are reported in table 2. We estimate that PROGRESA in-
creased attendance rates by approximately 3 percentage points for the average subdelegation. However,
for subdelegations one standard deviation above the mean, the effect is 2 percentage points smaller (and
not significantly different from zero). As was the case with educational attainment, attendance improved
due to PROGRESA, but less so for areas with many export jobs. Results are robust to the inclusion of addi-
tional demographic controls, female interaction terms, and inverse probability weighting. The histogram
of PROGRESA attendance effects (in supplementary online appendix fig. S1.3) reveals the majority of
subdelegations demonstrated positive effects (most of which are significantly different from zero) and
only a small share saw negative (but insignificant) effects.

Because treatment was randomly assigned and the program was not rolled out until after the baseline
survey, we would expect to see no differences across treatment and control during the baseline survey. The
small and statistically insignificant coefficient on Treat shows this is true. For similar reasons, we would
not expect any job-related heterogeneity in the treatment-control gap in the baseline survey, which is con-
firmed by the statistically insignificant coefficient on Treat-by-ExportJobs. This regression also shows that
control villages exhibit no change in the export jobs relationship after PROGRESA was implemented in
the treatment villages (indicated by Post-by-ExportJobs coefficients that are statistically indistinguishable
from zero). Having established this, we exclude Treat, Treat-by-ExportJobs, and Post-by-ExportJobs from
the remaining attendance regressions for parsimony, as we continue to add new interaction terms. In this
simpler specification, Treat-by-Post is equivalent to a dummy variable equal to 1 if the individual is in a
village that is currently treated (as of the relevant wave), which we label as “Treated” in the tables.
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Table 2. Heterogeneous Effects of PROGRESA on School Attendance

(1) (2) 3) (4) (5) (6)
School School School School School School
attendance attendance attendance attendance attendance attendance
Treat x Post x ExportJobs —0.022 —0.021 —0.022 —0.022 —0.021 —0.022
(0.0082)*** (0.0083)** (0.0067)*** (0.0083)*** (0.0083)** (0.0067)***
Treat x Post 0.029 0.026 0.027 0.029 0.026 0.026
(0.0059)*** (0.0078)*** (0.0078)*** (0.0059)*** (0.0078)*** (0.0078)***
ExportJobs —0.012 —0.012 —0.0097 —0.013 —0.013 —0.010
(0.017) (0.017) (0.018) (0.017) (0.017) (0.018)
Treat x ExportJobs 0.0012 0.00061 0.014 0.0022 0.0016 0.013
(0.011) (0.011) (0.0096) (0.011) (0.011) (0.0092)
Post x ExportJobs 0.00082 0.00078 —0.00072 0.00070 0.00067 —0.00092
(0.0035) (0.0035) (0.0035) (0.0035) (0.0035) (0.0035)
Treat 0.0058 0.0066 0.010 0.0051 0.0059 0.0091
(0.0077) (0.0086) (0.0087) (0.0076) (0.0084) (0.0084)
Observations 95,705 95,705 95,705 95,705 95,705 95,705
Mean of DV 0.83 0.83 0.83 0.83 0.83 0.83
Controls Basic Basic Basic All All All
Additional treatment interactions None By female By female None By female By female
Weighted No No Yes No No Yes
p-value for sum 0.49 0.64 0.70 0.53 0.69 0.68

Source: Authors’ analysis based on PROGRESA and Mexican Social Security Institute (IMSS) data.

Note: These regressions use the 1997, 1998, and both 1999 survey waves, restricting to children aged 5 to 16 at baseline (in 1997). Treat is an indicator for PROGRESA
treatment villages. ExportJobs is the ratio of the gender-specific number of export-oriented jobs in the subdelegation in 1997, over the subdelegation’s working-age
population according to the 1990 census, standardized. Post is an indicator for all waves after 1997. “Basic” controls include gender, cohort fixed effects, wave fixed
effects, and subdelegation fixed effects. “All” controls add household size, household head age, household head gender, as well as parental education and language
dummies (including dummies for missing values). “By female” treatment interactions include a female indicator interacted with Treat-by-Post (in all columns), in
addition to a female indicator interacted with Treat and Post. Weighted regressions use the attrition weights described in the empirical strategy section, and “p-value
for sum” reports the p-value testing the null hypothesis that @1 4+ a = 0. Standard errors (clustered at village level) in parentheses. *p < 0.1,**p < 0.05,***p < 0.01.

6.2. Mechanisms

According to the model in our theoretical framework, the finding that export manufacturing jobs re-
duce the schooling impact of PROGRESA implies these jobs result in net benefits that decrease faster
with each additional year of schooling. This could be due to export jobs changing the convexity of the
perceived future wage function or the convexity of the forgone wage function. While second derivatives
are generally difficult to measure, we present some descriptive analysis to shed light on these param-
eters. First, in fig. 2 A, we plot the quadratic relationship between total income and schooling among
adults. We do this separately for subdelegations in the top quartile and those in the bottom quartile
in terms of export jobs, in order to shed light on how export jobs might affect the convexity of the
wage function. The solid red line, which represents high-export areas, has a steeper and more rapidly
increasing slope compared to the dotted blue line, which represents low-export areas. In other words, the
marginal benefits of schooling appear to be increasing faster in high-export areas. This implies a larger
%, which would predict larger CCT schooling effects for high-export areas—the opposite of what our
results show. It therefore appears that the convexity of the wage function is not the driving force behind
our results.

However, fig. 2 B shows that a comparison of opportunity costs leads to a different prediction—lower
CCT schooling effects for high-export areas. Here, we plot the quadratic relationship between total in-
come and schooling among out-of-school youths. While this is only a rough proxy for the relationship
between forgone wages and schooling, it provides some insight into the convexity of the opportunity cost
function. This curve is steeper for areas with many export jobs, suggesting that opportunity costs are more
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Figure 2. Income-Schooling Relationship, by Export Job Quartiles
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Source: Authors’ analysis based on Mexican Social Security Institute (IMSS) and census data.

Note: Solid red and dotted blue lines depict the predicted quadratic relationship between income and schooling using the 2000 Mexican census, among individuals
in the seven PROGRESA states. Panel A restricts to adults aged 25-55. Panel B restricts to out-of-school youths aged 13-20. Gray lines/regions represent 95 percent
confidence intervals. Quartiles are defined by classifying subdelegations according to the number of export-oriented jobs (as a share of the working-age population)
in 2000.

. . . a2 . .
convex in these areas. This translates into a larger ng for export areas, which would predict lower CCT

education effects.

Our findings of smaller CCT schooling effects in areas with more export jobs suggest that the opportu-
nity cost channel (specifically, more convex costs) dominates over the wage function channel. We provide
further evidence for this claim by exploring what types of individuals and what types of jobs are driving
the heterogeneity documented.

We first show the heterogeneity is stronger for those old enough to be actually working a factory job.
By the time PROGRESA had begun, substantial growth in export manufacturing had already taken place,
which means that the older children in our sample would have been exposed to the opportunity cost
channel from the beginning of our study period. We use 15 as the cutoff age, as this is the median of the
official minimum working age at the time (14) and the minimum working age without parental consent
(16) (Atkin 2016). The first two columns of table 3 show that while the interaction term is negative and
significant for those who would have been aged 15 for at least one year in the sample period (those 16 and
older in 2003), it is smaller and insignificant for those who would have been too young.'® This is made
even clearer in supplementary online appendix fig. 1.4, which plots the entire distribution of treatment
effects for each group, revealing substantially greater variance for the working-age group.'”

We document a similar result for attendance effects, for which we split the sample into younger than
15 and those 15 and older at the time of the survey. As with educational attainment, the last two columns
reveal a significant negative interaction term only for the working-aged and not the younger sample.'®

16 The p-value for the test of the difference between these two coefficients is 0.11.

17 What is important here is the extent of the heterogeneity and not the size of the main effect. It has been documented
previously that PROGRESA’s effect on educational attainment was larger among those who were in later grades, and
this can be seen by comparing the size of the Treated coefficient in columns 1 and 2. This is likely due to the fact
that more students were on the margin of dropping out at these ages and does not necessarily speak to the argument
that the opportunity cost channel was the dominant force driving heterogeneity by export jobs. It is the fact that the
heterogeneity (by labor-market conditions) was larger for working-age individuals that adds support for this argument.

18 The difference between these coefficients is statistically significant at the 1 percent level.
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Table 3. Heterogeneous Effects of PROGRESA for Working-Age Versus Younger Cohorts

(1) () 3) 4)
Educational Educational School School
attainment attainment attendance attendance
Treated x ExportJobs —0.14 —0.39 —0.0045 —0.080
(0.094) (0.19)** (0.0079) (0.020)***
Treated 0.12 0.31 0.031 0.026
(0.069)* (0.14)** (0.0069)*** (0.020)
ExportJobs 0.12 —0.12 —0.024 0.057
(0.12) (0.23) (0.014)* (0.041)
Observations 10,906 12,366 80,149 15,556
Mean of DV 5.785 7.871 0.916 0.410
Controls All All All All
Additional treatment interactions By female By female By female By female
Sample Not working age Working age Not working age Working age

Source: Authors’ analysis based on PROGRESA and Mexican Social Security Institute (IMSS) data.

Note: Columns 1 and 3 use the 2003 survey wave, columns 2 and 4 use the 1997, 1998, and both 1999 survey waves, and all columns restrict to children aged 5 to 16
at baseline (in 1997). In columns 1 and 3, Treated = 1 for PROGRESA treatment villages; in columns 2 and 4, Treated = 1 if a village has PROGRESA at the time of
the survey. ExportJobs is the ratio of the gender-specific number of export-oriented jobs in the subdelegation in 1997, over the subdelegation’s working-age population
according to the 1990 census, standardized. “All” controls include gender, cohort fixed effects, wave fixed effects, subdelegation fixed effects, household size, household
head age, household head gender, as well as parental education and language dummies (including dummies for missing values). “Working age” is defined as those
older than 15 (for educational attainment regressions) or those currently aged 15 or older (for attendance regressions). Standard errors (clustered at village level) in
parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

Moreover, supplementary online appendix fig. S1.5 reveals a much larger variance of treatment effects for
the working-age group.

Table 4 provides further support for the opportunity cost channel. Here, we examine whether the
negative interaction coefficients reported above are being driven by the types of export jobs that would
actually factor into the opportunity costs of school. Specifically, we differentiate between export jobs that
are low wage (vs. high wage) and held by younger (vs. older) workers. These jobs are more obtainable for
someone who drops out of school before graduating high school and are therefore more relevant to the
opportunity cost function. While jobs held by workers with low education levels would also be a good
proxy for this, education information is unfortunately not available in the IMSS. Though we run separate
analyses for the age and wage distinctions, we note that the number of low-wage jobs in a subdelegation
is highly correlated with the number of young jobs.

The results of table 4 reveal that the negative interaction coefficients reported above are indeed being
driven by low-wage and young jobs. In columns 1 and 2, we include one interaction between treatment
and export jobs among low-wage workers (earning less than double the minimum salary), and one inter-
action between treatment and export jobs among high-wage workers. For both educational attainment
and school attendance, it is only the low-wage job interaction that generates a negative and significant
coefficient. In columns 3 and 4, we repeat the exercise, this time including treatment interactions with
young export jobs (25 years old and under) and older export jobs. In both columns, it is only the young
export jobs variable that generates a negative interaction coefficient.

In sum, this evidence supports the idea that PROGRESA was less effective in areas with more export
manufacturing because these types of jobs increase the convexity of the opportunity cost function. Al-
though fig. 2 showed that export manufacturing jobs also increase the convexity of the wage function
(which should lead to larger PROGRESA effects), our results indicate the marginal cost channel appears
to dominate over the marginal benefits channel.

One possible reason for the importance of opportunity costs relative to future wages is migration,
which could weaken the relationship between local (subdelegation-level) labor-market conditions and
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Table 4. Heterogeneous Effects of PROGRESA using Different Types of Export Jobs

(1) (2) (3) 4)
Educational School Educational School
attainment attendance attainment attendance
Treated x ExportJobs (Type 1) -0.21 —0.018 —0.37 —0.047
(0.11)* (0.0080)** (0.34) (0.023)**
Treated x ExportJobs (Type 2) 0.023 0.0079 0.14 0.034
(0.12) (0.012) (0.37) (0.025)
Treated 0.20 0.030 0.20 0.029
(0.095)** (0.0084)*** (0.096)** (0.0083)***
ExportJobs (Type 1) 0.068 0.0085 0.13 0.036
(0.094) (0.0079) (0.27) (0.020)*
ExportJobs (Type 2) —0.080 —0.026 —0.16 —0.054
(0.16) (0.017) (0.35) (0.028)*
Observations 23,272 95,705 23,272 95,705
Mean of DV 6.894 0.833 6.894 0.833
Controls All All All All
Type 1 Low wage Low wage Young Young
Type 2 High wage High wage Old Old
Additional treatment interactions By female By female By female By female

Source: Authors’ analysis based on PROGRESA and Mexican Social Security Institute (IMSS) data.

Note: Columns 1 and 3 use the 2003 survey wave, columns 2 and 4 use the 1997, 1998, and both 1999 survey waves, and all columns restrict to children aged
5 to 16 at baseline (in 1997). In columns 1 and 3, Treated = 1 for PROGRESA treatment villages; in columns 2 and 4, Treated = 1 if a village has PROGRESA
at the time of the survey. ExportJobs is the ratio of the gender-specific number of export-oriented jobs (defined by the specified type) in the subdelegation in 1997,
over the subdelegation’s working-age population according to the 1990 census, standardized. “All” controls include gender, cohort fixed effects, wave fixed effects,
subdelegation fixed effects, household size, household head age, household head gender, as well as parental education and language dummies (including dummies for
missing values). Standard errors (clustered at village level) in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

perceived future wages. Individuals might form their expectations about the future wage function using
information from areas outside their subdelegation, especially in a setting like Mexico where 18 percent
of residents (in 2000) were living in a state different from their state of birth; the share who have migrated
across subdelegations is likely much larger."”” Another possibility is that parental preferences might play
an important role in the optimal schooling decision. If parents value current income more than their
child’s future income, this would result in marginal costs receiving a heavier weight in the maximization
problem.

6.3. Robustness

Taken together, these results support the argument that export jobs reduce PROGRESA schooling effects
by changing the shape of the opportunity cost function (as opposed to the wage function), consistent with
the discussion in our theoretical framework. The validity of this interpretation, however, requires that the
heterogeneity we document is not caused by some other correlate of the export jobs variable.2? If exporting
firms make decisions about where to locate or where to expand based on characteristics of a subdelegation,
these characteristics might be generating the heterogeneity we document. Another possibility is that export
jobs are correlated with household or individual characteristics and that PROGRESA treatment effects
vary across these characteristics rather than export jobs.

19 We calculate this share using state-level migration data provided by INEGI. The data include the total population
and the number of individuals living in a state different from the one they were born in. Data are available at https:
/lwww.inegi.org.mx/temas/migracion/.

20 Given the results discussed in table 3, any problematic correlate would have to generate heterogeneity for certain age
groups and not others.
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To evaluate this, we estimate regressions (4) and (6), which allow for heterogeneous effects of PRO-
GRESA based on subdelegation and household characteristics, and report results in supplementary online
appendix tables S1.5 (for educational attainment) and S1.6 (for attendance). Each column represents a
different regression that controls for treatment interacted with a different subdelegation, household, or
individual characteristic. Subdelegation characteristics are taken from the 1990 census, while household
characteristics are taken from the baseline survey, which ensures that these variables were not responding
to either PROGRESA treatment or the export jobs variable (both determined in 1997). We allow for het-
erogeneity with respect to subdelegation-level schooling, income, and urban shares (columns 1 to 3). In
column 4, we allow for differential effects based on the child’s educational attainment as of 1997. At the
household level, we allow for heterogeneity by temporary migration proxies, household per capita labor
income, father’s occupation type, mother’s occupation type, and sibling work status (columns 5 to 9). In
the final column, we include all interaction terms from the previous columns. Reported coefficients can be
interpreted as the effects for the average child (for continuous variables) or modal child (for categorical
variables).?!

In both tables, all specifications reveal treatment main effects and export-job interactions that are
almost identical to those estimated in tables 1 and 2. Even in column 10 of supplementary online ap-
pendix tables S1.5 and S1.6, which include the entire set of interaction terms, the magnitudes of the
coefficients of interest are similar to baseline estimates (though not statistically significant in supplemen-
tary online appendix table §1.5). In short, the treatment effect heterogeneity we document does appear
to be driven by the availability of export jobs, and not by any of these other characteristics. It is worth
noting that some of these characteristics do drive treatment heterogeneity. For example, attendance effects
are smaller for children with higher baseline schooling and educational attainment effects are smaller for
children with mothers who are employees (coefficients not reported but available upon request). Impor-
tantly, however, these other dimensions of heterogeneity do not appear to be confounding the estimates
in our main specifications, which seem to be capturing what they were intended to—heterogeneity based
on export-job availability.

Our next robustness check explores alternatives to the export jobs variable. We construct variables
similar to a Bartik instrument, which combines industry composition in a baseline period with national-
level industry growth rates to create a predicted employment growth variable arguably uncorrelated with
location-specific changes that could be generating endogeneity problems. Specifically, for each subdelega-
tion, we calculate the employment share in each export-oriented industry in a baseline period, multiply
this by the national growth rate of the industry from the baseline period to period ¢, and sum across all
export manufacturing industries to predict growth in export manufacturing from baseline to period ¢.
We do this using the IMSS data in columns 1 and 2 of table 5 (where the only possibility for a baseline
year is 1997) and census data in columns 3 and 4 (for which we use the 1990 census as our baseline).
In the educational attainment regressions, we use the shift-share variable for # = 2003. In the attendance
regressions, we use a time-varying variable, assigning each survey wave to the predicted year from the
year before the survey. All of these regressions are reduced form regressions, where we simply replace our
original export jobs variable with these shift-share variables. These results yield similar conclusions to our
main regressions: positive PROGRESA treatment effects that are smaller in areas with lower predicted
growth in export manufacturing.

21 Continuous variables are standardized so that the other coefficients can be interpreted as effects for an individual with
average levels of the particular variable. For categorical variables, where interactions with several dummy variables are
included in the regression, the omitted category is the model category, which means that coefficients represent effects for
the modal individual. For example, most fathers are employees, which means that this is used as the omitted category
and the coefficients reported in the table represent the effect of PROGRESA (and export-job heterogeneity) for children
whose fathers are employees.
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Table 5. Heterogeneous Effects of PROGRESA Using Alternative Export Jobs Variables

(1) (2) (3) (4) (5) (6)
Educational School Educational School Educational School
attainment attendance attainment attendance attainment attendance
Treated x ExportJobs —0.38 —0.010 —0.24 —0.016 —-0.55 —0.028
(0.19)** (0.0067) (0.13)* (0.0086)* (0.28)** (0.018)
Treated 0.15 0.036 0.18 0.029 0.13 0.027
(0.12) (0.0084)*** (0.11)* (0.0083)*** (0.11) (0.0092)***
ExportJobs 0.23 0.0061 —0.048 0.0023 0.28 —0.011
(0.100)** (0.0045) (0.094) (0.0069) (0.28) (0.024)
Observations 23,272 95,705 23,272 95,705 23,272 95,705
Mean of DV 6.894 0.833 6.894 0.833 6.894 0.833
Controls All All All All All All
Additional treatment By female By female By female By female By female By female
interactions
Export job variable Predicted Predicted Predicted growth Predicted 1997 export 1997 export
growth growth (Bartik) from growth job share, job share,
(Bartik) (Bartik) Census (Bartik) winsorized winsorized
from IMSS from IMSS from census

Source: Authors’ analysis based on PROGRESA, Mexican Social Security Institute (IMSS), and census data.

Note: Columns 1 and 3 use the 2003 survey wave, columns 2 and 4 use the 1997, 1998, and both 1999 survey waves, and all columns restrict to children aged 5 to
16 at baseline (in 1997). In educational attainment regressions, Treated = 1 for PROGRESA treatment villages; in attendance regressions, Treated = 1 if a village has
PROGRESA at the time of the survey. ExportJobs represents the specified export-job variable, standardized. “All” controls include gender, cohort fixed effects, wave
fixed effects, subdelegation fixed effects, household size, household head age, household head gender, as well as parental education and language dummies (including
dummies for missing values). Standard errors (clustered at village level) in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

Table 5 also explores the sensitivity of our results to outliers—specifically, the one subdelegation with
substantially higher export manufacturing exposure than the rest, as documented in fig. 1. In columns 5
and 6, we winsorize our original export jobs variable at the 95th percentile, essentially replacing values
from the top subdelegation with the next-highest values (for each gender). For educational attainment,
this adjustment yields an even larger interaction coefficient than in our main specification. For attendance,
the interaction term is no longer statistically significant, though it is slightly larger in magnitude than our
baseline results.

7. Conclusion

In this paper, we highlight two theoretical channels through which labor-market conditions can influence
the effectiveness of policies that reduce the cost of schooling. Job types can alter the convexity of an
individual’s perceived wage function, or the convexity of their opportunity cost function. The relative
importance of these channels can determine the effectiveness of educational policies across labor markets.
Empirically, we focus on Mexico, which rolled out its landmark CCT program, PROGRESA, during a
period of trade liberalization that substantially increased the availability of export-oriented manufacturing
jobs. This allows us to examine whether PROGRESA was more or less effective in areas with greater
exposure to these export-oriented jobs. This exercise sheds light on the broader issue of how export
promotion and CCTs—two common development policies—interact.

Although previous literature showed that export manufacturing jobs led to lower educational attain-
ment in Mexico, whether these jobs reduce or enhance CCT effectiveness at increasing educational at-
tainment remained an open question. Our empirical analysis answers this question, showing that PRO-
GRESA was less successful at improving schooling outcomes in areas with greater exposure to export
manufacturing. These results, combined with insights from our model and additional descriptive evi-
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dence, demonstrate that the opportunity cost channel dominates over the wage benefits channel in this
context. Consistent with this, we show that the heterogeneous effects of PROGRESA are driven primarily
by jobs that are likely to factor into the opportunity cost of schooling—specifically, low-wage jobs and
jobs for younger workers.

Our results highlight and explain why conclusions from individual evaluations may not generalize to
settings with different labor markets. This echoes the lessons of recent work highlighting the difficul-
ties involved in generalizing from the results of individual well-identified studies: treatment effects often
vary widely across settings, individuals, and over time (Card, Kluve, and Weber 2018; Rosenzweig and
Udry 2020; Dehejia, Pop-Eleches, and Samii 2021; Meager 2022). Given the widespread popularity of
CCTs across the developing world, it is important to understand what drives variation in the success of
these programs, and our findings show that the types of jobs available to program beneficiaries play an
important role. More generally, this paper provides evidence that labor-market conditions influence the
effectiveness of government policies, which could be one understudied explanation for why the effects
of minimum wage policy, health insurance expansions, financial aid programs, and other government
policies differ drastically across settings.

Data availability statement

This paper utilizes four publicly available data sources.

* Data from the PROGRESA program can be accessed at the following link: https://dataverse.harvard.ed
u/dataset.xhtml?persistentld=hdl:1902.1/18235

¢ Data from the Mexican Institute of Social Security (IMSS) can be accessed at https://datos.imss.gob.mx/.
The IMSS offers data on various aspects of social security, including healthcare, pensions, and workplace
Injury insurance.

* Replication files for Atkin (2016), used to characterize export-oriented sectors, can be accessed via
https://www.aeaweb.org/articles?id=10.1257/aer.20120901. These files contain detailed data on export-
oriented industries and their economic impact.

* Mexican census data can be accessed at IPUMS International (https://international.ipums.org/internat
ional/)

Code used for the analysis can be found at https://osf.io/fSuhq/.
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