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Abstract

Covering the full population of applicants to the Jamaican Conditional Cash Transfer Pro-
gram (PATH), we explore whether receiving PATH since childhood altered the academic gains
from attending a more preferred public secondary school. To uncover causal associations, we
implement a double regression discontinuity design motivated by both the PATH eligibility
criteria and the centralized allocation process to public secondary schools. Among girls, re-
ceiving PATH benefits did not influence the academic gains from attending a preferred school.
However, boys exposed to PATH experienced significantly lower gains from preferred school
attendance with respect to comparable peers who did not receive PATH. These results highlight
the relevance of considering both the direct effects of conditional cash transfers and the poten-
tial indirect effects that such policies could convey through altering the effectiveness of other
related policies. 1

JEL Codes: H52, H75, I21, I26, I28, I38

Keywords: academic performance, conditional cash transfers, school selectivity, Jamaica.
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1 Introduction
Conditional Cash Transfers (CCT) are fundamental components of social protection policies

in Latin America and the Caribbean (Fiszbein and Schady, 2009; Stampini and Tornarolli, 2012;
Paes-sousa et al., 2013; Ibarrarán et al., 2017). They also operate in several developing countries in
Asia and Africa, as well as in some high income countries, including the United States. With their
dual objective of (a) alleviating current poverty and (b) fostering demand for health and education
services (through conditioning the monetary transfers to school attendance and regular medical
screenings); they seek to alter households’ incentives to increase human capital of children in ways
that may improve long-term productivity. Therefore, by design, CCTs seek to foster the utilization
of other public services related to human capital development and do not operate within a vacuum.
Consequently, such overlap between CCTs and other human capital development interventions,
could result in altering the effectiveness of the latter. In this study, we investigate this possibility by
exploring whether benefiting from CCTs since childhood altered the academic gains from attending
a more preferred secondary school in Jamaica.

An extensive body of research has analyzed the direct effects of CCTs on several short, medium
and long-term outcomes. This evidence consistently documents desirable effects on poverty reduc-
tion, school enrollment and attendance to health services (Attanasio et al., 2011; Bastagli et al.,
2016; Baird et al., 2013; de Walque et al., 2017; Schultz, 2004; Todd and Wolpin, 2006). Stud-
ies investigating CCT effects on school learning mostly suggest null impacts (Araujo et al., 2017;
Baez and Camacho, 2011; Baird et al., 2014), with some exceptions that find modest positive im-
pacts (Barham et al., 2013; Stampini et al., 2018). More recent studies explore CCT effects on
longer-term educational attainment, labor market outcomes, and resilience against poverty among
individuals who were treated during childhood (Araujo and Macours, 2021; Attanasio et al., 2021;
Barham et al., 2017, 2018; Parker and Vogl, 2023; Molina Millán et al., 2020; Oconnor, 2024).2

A related strand of growing literature has engaged in experimenting with complementary inter-
ventions to potentially enhance the effectiveness of cash transfers. This Cash-Plus approach notes
that the common conditionality of school attendance or regular healthcare visits embedded in CCTs,
might not be enough to bolster early childhood development. This because many critical behaviors
that mediate appropriate child development, like balanced and nutritious feeding or stimulation to
promote socio-cognitive growth, are mostly dependent on (private) parental practices rather than on
access to education and health services. The dominant approach in this important empirical work
has been to design enhanced programs that combine cash with complementary interventions, and
test their effectiveness with respect to the provision of cash alone. These complementary interven-
tions have included nutritional supplementation, parenting programs, psychosocial stimulation on

2For a comprehensive review of CCT’s long-term impacts, see Molina Millán et al. (2019).
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cognitive development, among others (Arriagada et al., 2018, 2020; Little et al., 2021). While some
of these studies have shown positive short run impacts (Behrman and Hoddinott, 2005; Macours
et al., 2012), such gains have tended to dissipate over time (Attanasio et al., 2014). To potentially
address this issue, more recent studies investigate the effectiveness of incorporating behavioral-
based interventions aimed at promoting more sustainable behavioral changes of parents that could
favor long-term human capital development of children (Akwii et al., 2018; Benhassine et al., 2012;
Cohen et al., 2017; Datta et al., 2021; Sedlmayr et al., 2018).

Therefore, the focus of the previous strands of CCT related literature has been either to (a)
investigate the direct effects of CCTs on several outcomes over the short, medium and long-run;
or (b) experiment with complementary interventions aimed at increasing the effectiveness of cash
alone within a Cash-Plus framework. We complement these important studies investigating whether
CCT participation since childhood altered the effectiveness of a subsequent (and already existing)
human capital development policy. Although related to the Cash-Plus literature in the sense that our
study focuses on potential interaction effects between different interventions, our question does not
target the design of an intervention aimed at enhancing the effectiveness of cash transfers. Rather,
we ask whether CCT participation could alter the effectiveness of other, already institutionalized,
human capital development policy.3 More generally, our work is also related to studies that have
examined interaction effects between different exogenous shocks or interventions (Adhvaryu et al.,
2020; Bhalotra and Venkataramani, 2015; Gilraine, 2018; Goff et al., 2023; Johnson and Jackson,
2019; Rossin-Slater and Wust, 2020; Mbiti et al., 2019). Therefore, we contribute to this literature
by providing the first evidence of whether CCTs can affect the effectiveness of other human capital
development policy – accessibility to a more preferred secondary school.

Investigating these issues is challenging as it requires credible causal identification strategies
for both participation in CCTs and preferred school attendance. We circumvent these challenges
exploiting the Jamaican institutional setting regarding (a) the eligibility for the national CCT Pro-
gramme of Advancement through Health and Education (PATH), and (b) the admission process
to public secondary schools. Identification of PATH effects derives from the fact that household
eligibility is determined by a strict cutoff on a poverty proxy means test score which we exploit
within a regression discontinuity design (RDD). Identification of preferred school effects derive
from the centralized assignment process to public secondary schools. Within this process, students
are assigned to schools based on their performance in a national standardized examination and their
school preferences. This creates a test-score cutoff for each school, above which students are ad-
mitted and below which they are not. This setting also allows the implementation of a RDD to

3These potential interactions between different policies are also related to the hypothesis that skills might beget
skills (Cunha and Heckman, 2007). Under this hypothesis, for example, beneficiaries of CCTs during childhood who
might have experienced positive effects on early learning would benefit more from later education-related interventions
(i.e., positive complementarities).
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identify the causal effects of attending a more preferred secondary school. Finally, we combine
both RDDs within a double regression discontinuity design (DRD) to identify potential interaction
effects between both policies.

To measure these effects, we assembled a unique longitudinal database tracking the outcomes
of interest of the relevant Jamaican population over time. We used the PATH administrative reg-
istry covering the full population of applicants to the program between its inception (in 2001) and
2013. We then matched this data, at the individual level, with the primary level national examina-
tions that determine secondary school placements. Subsequently, we matched these registries with
end of secondary and post-secondary high stakes examinations independently administered by the
Caribbean Examinations Council. Therefore, the resulting matched database traces the full popula-
tion of PATH applicants over primary, secondary, and up to post-secondary studies. Coupled with
the DRD causal identification strategy, our data allows investigating potential interaction effects
between PATH and preferred schools on academic performance at scale.

For both girls and boys, we document null direct effects of PATH on learning at the end of
secondary school or on post-secondary certifications. We also find that both girls and boys signif-
icantly benefit from attending more preferred schools. For girls, the gains from preferred school
attendance are similar for those who benefited from PATH and comparable peers who did not re-
ceive PATH. However, among boys, the gains from preferred school attendance are significantly
lower for those who were PATH beneficiaries with respect to comparable counterparts who did
not benefit from PATH. Overall, our findings highlight the relevance of considering not only the
direct effects of CCTs, but also potential indirect effects that could operate through altering the
effectiveness of other interventions.

We, therefore, contribute to the body of knowledge regarding how different interventions in-
teract to impact outcomes with the added value of investigating such question at scale exploiting
nationally institutionalized policies and full-population administrative data. The remainder of the
paper is organized as follows. Section 2 summarizes the Jamaican context. Section 3 presents the
data and summary statistics. Section 4 lays out the empirical strategy used to isolate the causal ef-
fects of both interventions and their interactions. Section 5 presents our results and their discussion.
Section 6 concludes.

2 The Jamaican Context

2.1 The Programme of Advancement through Health and Education (PATH)
PATH targets households in the bottom two quintiles of the income distribution. I encompasses

a dual aim of alleviating current poverty (through income support) and developing children’s human
capital (through health and education conditionalities). It was launched in 2001 with a one-year
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pilot in the parish of St. Catherine, after which it was rolled out to the entire country.4 To date, it
has about 350,000 beneficiary households.

Enrollment is demand driven. A household representative starts the application process at a
Parish Office, where s/he completes a socioeconomic form. This information is used to compute
a poverty proxy means test (PMT) score with a formula that is unknown to applicants.5 Applicant
households with a score under the predetermined eligibility threshold are declared eligible. Appli-
cants exceeding the threshold by less than five points enter an automatic appeal process. Although
applicants exceeding the threshold by more than five points do not enter an automatic appeal, they
can appeal on their own initiative. A social worker visits appealing households and collects up-
dated information that is used to calculate a rectified PMT score. For all our empirical work, we
use the initial formula-based score as the running variable for PATH eligibility as it is calculated
homogeneously for all applicants.6

Once a family is declared eligible, it starts receiving transfers, which are paid every two months.
The education transfer is conditioned on children attending at least 85% percent of school days.
Compliance is verified through information provided by the schools to the program (Levy and
Ohls, 2010).7 The transfer is granted to each eligible child until the completion of secondary
school, and the amount differs by the age of the child. The amounts have varied over time to
account for inflation, and between 2012 and 2015 they also varied by the gender of the child (with
boys receiving transfers 10 percent higher than girls). On average, the per-child monthly transfer
has represented about 9 percent of the prevailing monthly full-time minimum wage.8

4A parish is a geopolitical area that has its own local government arrangements. Jamaica is divided into 14 parishes.
5The research team was granted access to the PATH applications databases and the PMT score of each applicant.

However, the formula used to obtain the score was not revealed.
6For our empirical work, we observe PATH applications with the initial PMT score for the 2001-2013 period.

However, we only observe both the initial and the rectified PMT score for the 2009-2013 period. During this period,
out of the 12,819 applicant households, 808 (or 6.3% of all applicants) went through a rectification process and, of
those, only 288 (or 2.25% of all applicants) ended up qualifying to receive PATH benefits.

7The share of eligible households that did not receive the transfers within our study period accounts for 5.8%. Ad-
ministratively, the main reason for which eligible households could have not received transfers resides in not complying
with the conditionality.

8In 2006, the value of the education transfer amounted to J$ 600 (about US$ 10) per month per child. Later, the
value was differentiated by grade and sex of the beneficiary. For example, in 2012, girls in grades 1–6 (primary), 7–9
(lower secondary) and 10–13 (upper secondary) received J$ 750 (US$ 8.4), J$ 975 (US$ 11) and J$ 1150 (US$ 12.9)
per month, respectively; the transfers for boys were 10% higher, at J$ 825 (US$ 9.3), J$ 1075 (US$ 12.1) and J$ 1265
(US$ 14.2) per month, respectively (in 2012, J$ 88.99 = US$ 1). In 2015, the differentiation by sex was removed;
the education transfer amounted to J$ 1045 (US$ 9), J$ 1400 (US$ 12) and J$ 1600 (US$ 13.8) for primary, lower
secondary and upper secondary children, respectively, irrespective of their sex (in 2015, the average exchange rate was
J$ 116.28 = US$ 1). In 2017, the education transfer amounted to J$ 1350 (US$ 10.5), J$ 1800 (US$ 14) and J$ 2100
(US$ 16.4) for primary, lower secondary and upper secondary children, respectively, irrespective of their sex (in 2017,
the average exchange rate was J$ 128.30 = US$ 1).
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2.2 The Education System
At the end of primary school, students register to take the Grade Six Achievement Test (GSAT)

and, at registration, provide a list of ranked secondary school choices to the Ministry of Education,
Youth, and Information (MOEY). Between 2003 and 2004, students could rank up to three school
choices. Between 2005 and 2015, students could rank up to five school choices. The GSAT is com-
prised of five subjects that all students take: mathematics, science, language arts, social studies, and
communication tasks. Based on the GSAT performance and the school choices, the MOEY assigns
students to schools using a serial dictatorship algorithm (Gale and Shapley, 1962; Abdulkadiroglu
and Sonmez, 1998).9 This algorithm ranks students by their GSAT overall score and gender. No
other criteria are used (e.g., sibling preferences or geographic proximity). Individual school ca-
pacity by gender is predetermined. The algorithm assigns the highest-ranked student to her first
choice. It then moves on to the second and treats her similarly. The procedure continues until it
reaches a student whose first choice is full. At that point, it tries to assign the student to her second
choice. If full, to the third choice and so on. Once this student has been assigned to a school, the
algorithm moves on to the next person.

When choices are unlimited, the assignment mechanism delivers an equilibrium of strategy-
proof submission of the full preferences. That is, the top ranked choice is the most preferred option
of all options, the second is the second preferred, and so on (Abdulkadiroglu and Sonmez, 1998).
However, when the number of school choices is constrained (as in our setting), the submitted set of
choices may be strategic such that the top-ranked school listed may not be the most preferred of all
options, and the second may not be the second preferred, and so on. Indeed, students may have an
incentive to exclude some desirable schools from their list if the probability of admission is too low
(Haeringer and Klijn, 2009). Nonetheless, among the set of schools listed, it is a dominant strategy
to list them in order of true preference (Roth and Oliveira Sotomayor, 1990). Accordingly, so long
as parents make rational choices, one can infer that a higher-ranked school is preferred to a lower-
ranked school. As will be shown in Section 3, parents consistently rank schools with higher average
incoming GSAT scores higher. As the assignment mechanism determines that highest-achieving
students are admitted to their top choices first, a preferred school is virtually synonymous with
being more selective or more academically elite.

All secondary schools teach a homogeneous national curriculum. Secondary school begins in
first form (the equivalent of 7th grade) and ends at fifth form (the equivalent of 11th grade) when
students take the Caribbean Secondary Education Certification (CSEC) examinations. These are
equivalent to the British Ordinary levels examinations and are externally graded by the Caribbean
Examinations Council (CXC). The CSEC examinations are given in 37 subjects. Passing five sub-

9There were 468 public secondary schools to which students were assigned during our study period.
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jects (including English and mathematics) is a sufficient entry requirement for community colleges,
technical schools, or training schools. It can also be used for entry at some colleges in the United
States. Students who complete these requirements could either continue their studies at a tertiary
institution (if accepted) or pursue the Caribbean Advanced Proficiency Examination (CAPE), also
externally graded by CXC.

The CAPE is a tertiary-level program. Students seeking to attend university (as opposed to a
community college) take the CAPE. The CAPE is equivalent to the British Advanced levels exam-
inations. The CAPE is a two-year program and includes two core units (Caribbean and Commu-
nication Studies) and six other units. Passing six CAPE units is a common admission requirement
to British higher education institutions. The post-secondary qualification of a CAPE Associate
Degree is awarded after passing seven CAPE units (including the core units).

3 The Data and Summary Statistics
We observe the full population of households who applied to the PATH between its inception

in 2001 and 2013. Among these, we focus on those households with at least one member who: (i)
was younger than 11 at the time of application (as students typically take the GSAT and enroll in
secondary school at 11–12 years old); and (ii) belongs to year of birth cohorts that allow sufficient
time to reach the age of CSEC/CAPE taking by 2020 (which is the most recent data available).
This because we seek to study potential effects of PATH and subsequent attendance to preferred
secondary schools on CSEC/CAPE outcomes. As students enroll in secondary school at 11–12
years old, our relevant sample includes those who were below this age threshold at PATH applica-
tion and with enough age to observe the outcomes of interest within our data. This delivers 280,888
individual-level observations.

We then merged the PATH data with the official administrative GSAT data from 2003 until
2015. In the absence of individual identifiers, the data were linked by full name, gender, and date
of birth. We matched 78.4% of PATH applicants to the GSAT records. This closely mimics the
78.7% official statistic of school age children enrolled in primary school.10 This suggests that our
match rate is not an artifact of our methodology but reflects the true primary school enrollment
rate.11 The matched data comprise 220,092 individual-level observations of which 113,140 are
girls and 106,952 are boys.12 These data include the parish of residence, the gender and educa-
tional attainment of the adult who filed the PATH application, household per capita income, home

10Source: World Development Indicators Database (https://databank.worldbank.org/source/world-development-
indicators). Country: Jamaica. Year: 2013.

11As an additional check, we computed the ratio of the total number of individuals in the GSAT database aged 10–12
by the census date (April 4th, 2011) divided by the population aged 10–12 counted in the census. This exercise delivers
an implied GSAT taking rate of 80.2% which is in line with our PATH-GSAT match rate.

12See Appendix Table A.1 for a sample breakdown by year of birth and PATH application year.
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ownership status, household size, the PMT score, the PMT eligibility cutoff, whether the house-
hold actually received PATH benefits, the individual-level GSAT performance and the ranked list
of secondary schools the student wished to attend.

To track the outcomes of interest, we collected population data on the CSEC examinations
between 2005 and 2020; as well as population data on the CAPE examinations between 2009 and
2020. Both the CSEC and CAPE data contain scores for each subject examination taken. The
CSEC and CAPE data were linked at the individual level to the GSAT data.13 Notice that since
the CAPE is completed seven years after the GSAT and the most recent CAPE data is 2020, then
the last relevant GSAT cohort for these outcomes is 2013. By similar logic, since the CSEC is
completed 5 years after GSAT and the most recent CSEC data is 2020, then the last relevant GSAT
cohort for these outcomes is 2015.

Table 1 reports summary statistics. The average individual was 80 months old at the time of
PATH application. About 86% of household representatives applying to the program were female;
38% of them had completed secondary education. Household weekly income per capita was about
PPP US$ 25.7 (equivalent to 23% of the prevailing weekly full-time minimum wage).14 About 42%
report owning the dwelling; households had on average 5.7 members. About half of the applicants
ended up receiving PATH benefits.

The average student took the GSAT at 143 months of age. Girls score about 0.46 sd higher than
boys in the GSAT and attend more selective schools, with 0.27 sd higher in incoming peer GSAT
scores than those attended by the average boy. We measure the selectivity of school choices by
computing the average GSAT standardized score of students assigned to each school choice. While
both girls and boys consistently rank more selective schools higher, the choices of girls are always
relatively more selective than those of boys. About 40-45% were assigned to one of their first three
school choices.

About 53% of boys took at least one CSEC subject compared to about 73% of girls. Similarly,
while 27.4% of girls qualified for tertiary education based on CSEC performance (i.e., passing
at least five subjects including English and math), only 14.9% of boys achieved the same. Post-
secondary outcomes confirm this pattern; 16.9% of girls took the CAPE, against 9% of boys. CAPE
success also favors girls, with 7% of them earning an Associate Degree, against 3.2% of boys.15

Households who were classified as eligible for PATH show, on average, less educated household

13The full population GSAT data was linked to the CSEC/CAPE data by full name, gender, and date of birth. 92% of
CSEC and 96% of CAPE observations were matched to the GSAT data. The 4-8% of unmatched observations closely
mimics the 6% enrollment rate in private secondary schools that would not have taken the GSAT.

14Monetary figures expressed in real 2019 U.S. dollars in purchasing power parity (PPP).
15Our analyses focus on PATH applicants. However, we possess the full population GSAT, CSEC and CAPE data.

In Appendix Table A.2 we show how PATH applicants differ from non-applicants confirming that applicants constitute
a relatively underprivileged segment of the population.
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heads than those resulting ineligible (28% compared to 49% with at least secondary education).
They also live with more members (7 compared to 4) and their kids show lower GSAT, CSEC
and CAPE performance (Appendix Table A.3). With respect to school assignments, there were no
average baseline household level differences between students assigned to their top choices and
those assigned to less preferred schools. Nonetheless, those assigned to their top choices show
better average outcomes in terms of CSEC and CAPE performance (Appendix Table A.4).

4 Empirical Strategy

4.1 The Impact of Preferred Secondary Schools
The centralized school assignment mechanism creates a test score cutoff above which appli-

cants to each school are admitted and below which they are not. Since parents list their school
choices before students sit the GSAT and the cutoffs are a function of the (unknown) national dis-
tributions of GSAT scores and school choices, cutoffs are very difficult to game. If nothing else
differs among those scoring just above and just below the cutoff, any sudden change in outcomes as
students’ GSAT score goes from below to above the cutoff for a preferred school can be attributed to
attending that preferred school (Hahn et al., 2001). Therefore, one can exploit the discontinuity in
the likelihood of admission through the cutoff by estimating the following two-stage least-squares
(2SLS) model:

Attendi jt = δ ·Abovei jt +g1(GSATi jt)+X′
itω1 +C1, jt + ε1,i jt (1)

Yit = θ · ˆAttendi jt +g2(GSATi jt)+X′
itω2 +C2, jt + ε2,i jt (2)

The first stage (1) predicts whether individual i who belongs to GSAT cohort t attended school
j, Attendi jt , as a function of scoring above the cutoff for preferred school j within GSAT cohort
t, Abovei jt , and controls.16 To account for latent outcomes that vary smoothly through the cutoffs,
the model controls for a smooth function of the GSAT score (relative to each school cutoff j)
fully interacted with the Abovei jt indicator, g1(GSATi jt). We also control for all socioeconomic
characteristics collected at PATH application (included in Xit).17 Following Jackson (2010) and
Pop-Eleches and Urquiola (2013), we stack the data across all schools’ application pools into a
single cutoff, recenter GSAT scores at each respective cutoff, and include cutoff fixed effects (C1, jt).
The cutoff fixed effects ensure that all comparisons are among students who applied to the same
school in the same year.18 In the second stage (2), the outcome of interest (Yit) is a function

16We code the attended school as the one in which the student was enrolled in the last year (i.e., fifth year) of
secondary studies. For those who leave school early, we use the MOEY administrative school assignment.

17These include parish of residency fixed effects, gender, education of the household member who filed the PATH
application, household per capita income, home ownership status, and household size.

18Each student appears in all the cutoffs associated with schools to which she applied. For example, consider a
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of predicted preferred school attendance and all controls from Equation (1). The second stage
excluded instrument is Abovei jt . Because the same individual can enter the stacked database for
more than one cutoff, the estimated standard errors are clustered at the individual level.19 In this
context, estimates of θ yield the causal effect of attending a preferred secondary school on the
outcomes of interest.

The key identifying assumption of this RDD model is that conditional on GSAT scores and
school choices, nothing other than the likelihood of preferred school attendance changes discon-
tinuously at the cutoff. Given that previous literature documents important gender heterogeneity of
preferred school effects (Jackson, 2010; Beuermann and Jackson, 2022), our analysis will explore
effects by gender and, therefore, we also show that the identification assumptions hold for both the
female and male samples. The first stage, graphically shown in Panel A of Figure 1, portraits that
scoring above the cutoff sharply increases the likelihood of attending a preferred school. Panel A
of Table 2 displays estimates on the Abovei jt indicator from the first stage equation (1). Scoring
above a cutoff increases the likelihood of preferred school attendance by 30-41 percentage points
with a strong F-Statistic on the excluded instrument of 1,800.

We now proceed to show that other factors that might be systematically related to the outcomes
of interest remain smooth through the cutoff (i.e., valid exclusion restriction of the Abovei jt instru-
ment). First, we show that the baseline socioeconomic composition of households remains smooth
through the preferred school cutoffs. We follow Kling et al. (2007) and compute a baseline socioe-
conomic standardized index defined as the equally weighted average of the z-scores of all available
socioeconomic variables reported at PATH application.20 We then estimate reduced-form models as
in equation (1) with the baseline socioeconomic index as dependent variable.21 If our identification
assumptions hold, we should not observe discernible relations between the excluded instrument,
Abovei jt , and the socioeconomic index. That is, estimates of δ , should be indistinguishable from
zero. Panel B of Table 2 displays these estimates which are small in magnitude and indistinguish-
able from zero. Second, we follow McCrary (2008) and test for potential gaming of the school
cutoffs assessing the presence of discontinuities in densities through the school admission cutoffs.

student who submitted 4 school choices and was admitted to her 3rd choice. This student appears 3 times in the
stacked database: 2 times as an unsuccessful applicant (i.e., scoring below the cutoff) for her first 2 choices and 1 time
as a successful applicant (i.e., scoring above the cutoff) for her 3rd choice. The average student appears in 3 cutoffs
(equivalent between females and males).

19In our context, this approach is equivalent to heteroskedasticity-robust estimated standard errors allowing for off-
diagonal non-zero terms in the variance-covariance matrix when the same individual enters the data for more than one
cutoff. Kolesár and Rothe (2018) show this to be a more conservative approach than also clustering estimated standard
errors at the level of the running variable, GSATi jt .

20These include parish of residency, gender of the household head, education of the household head, household per
capita income, home ownership status, and household size.

21In this regression, we do not control for the baseline characteristics (Xit) as these are included in the socioeconomic
index.
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Panel C of Table 2 shows no evidence of density discontinuities through the cutoffs. All these tests
suggest that the RDD identification strategy for preferred school effects is valid.

4.2 The Impact of PATH
PATH eligibility depends on whether the household’s PMT score lies across a fixed threshold

unknown to applicants. If nothing else differs among households scoring just above and below the
eligibility threshold, any sudden change in outcomes through the threshold can be attributed to the
PATH (Hahn et al., 2001). Therefore, one can exploit the discontinuity in the likelihood of being a
PATH beneficiary through the threshold by estimating the following two-stage least-squares (2SLS)
model:

PAT Hit = λ ·AbovePit + f1(Scoreit)+X′
itϑ1 +C1, jt + ε1,i jt (3)

Yit = β · ˆPAT Hit + f2(Scoreit)+X′
itϑ2 +C2, jt + ε2,i jt (4)

In the first stage (3) the model predicts whether individual i who applied for PATH benefits in
year t actually received them, PAT Hit , as a function of scoring above the PATH eligibility threshold,
AbovePit , and controls.22 To account for latent outcomes that vary smoothly through the thresholds,
the model controls for a smooth function of the PATH score (net of the threshold) fully interacted
with the AbovePit indicator, f1(Scoreit). Subsequently, the model controls for the baseline socioe-
conomic characteristics (Xit) and the cutoff fixed effects (C1, jt) as previously defined in Section
4.1.23 In the second stage (4), the outcome of interest (Yit) is a function of the predicted reception
of PATH benefits and all controls from Equation (3). The second stage excluded instrument is
AbovePit . In this context, estimates of β yield the causal effect of receiving PATH benefits on the
outcomes of interest.

The key identifying assumption in this RDD model is that nothing other than the likelihood
of PATH reception changes in a discontinuous manner through the eligibility threshold. We test
this assumption in several ways. It is first shown that the likelihood of receiving PATH benefits
discontinuously changes through the PATH eligibility threshold (Panel B of Figure 1). The first
stage estimates on the AbovePit indicator from equation (3) are reported in Panel A of Table 3.
Being just above the eligibility threshold increases the likelihood of receiving PATH benefits by 82-
84 percentage points with a strong F-Statistic on the excluded instrument of 27,340. By contrast,
the socioeconomic composition of households remains smooth through the PATH cutoff. Indeed,
when estimating a reduced-form model as in (3) with the baseline socioeconomic index as the

22Notice that we use the negative of the PATH PMT score and thresholds in all our specifications.
23Notice that this model is defined over the same stacked database described in Section 4.1. Therefore, it includes

cutoff fixed effects and estimated standard errors are clustered at the individual level.
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dependent variable, estimates on the AbovePit indicator are both economically and statistically
indistinguishable from zero (Panel B of Table 3).24 In addition, we follow McCrary (2008) and test
for a discontinuity in density through the eligibility threshold and find no discontinuities (Panel C
of Table 3). These tests suggest that our RDD strategy to estimate PATH effects is valid.

4.3 Interactions between PATH and Preferred Secondary Schools
To estimate potential interaction effects between PATH and preferred secondary schools, we

combine both RDD models outlined above within a double regression discontinuity design (DRD).
To pursue this approach, we exploit the fact that, at each school cutoff, we observe individuals who
were marginally eligible and ineligible for PATH benefits. This allows the estimation of preferred
school effects among PATH beneficiaries and also among comparable non-beneficiaries. Therefore,
the DRD model will allow testing if the effectiveness of preferred schools differed between PATH
beneficiaries and non-beneficiaries. To see this, consider the second stage equation of the DRD
model:

Yit = β1 · ˆPAT Hit +θ1 · ˆAttendi jt + τ · ˆPAT Hit ·Attendi jt + f (Scoreit)+g(GSATi jt)

+ f (Scoreit) ·g(GSATi jt)+X′
itϑ +C jt + εi jt

(5)

Similar to the individual RDD models, the DRD second stage equation in (5) instruments PATH
reception (PAT Hit) with an indicator for being above the eligibility threshold (AbovePit), and instru-
ments preferred school attendance (Attendi jt) with scoring above the admission cutoff (Abovei jt).
In addition, following Jackson (2021), we instrument the interaction term (PAT Hit ·Attendi jt) with
the interaction of both instruments (AbovePit ·Abovei jt). Accordingly, the DRD model possesses
three first stage equations of the following form:

ENDOGijt = π ·AbovePit +φ ·Abovei jt +ϕ ·AbovePit ·Abovei jt + f (Scoreit)+g(GSATi jt)

+ f (Scoreit) ·g(GSATi jt)+X′
itϑ +C jt + εi jt

(6)

where vector ENDOGijt includes the three instrumented variables: PAT Hit , Attendi jt , and PAT Hit ·Attendi jt .25

Within the framework of the second stage equation (5), estimates of β1 denote the direct effect
of PATH on the outcomes of interest. Estimates of θ1 denote the effect of attending a preferred
secondary school among PATH non-beneficiaries. Furthermore, because the DRD model includes
the estimated effect of attending a preferred school for both PATH non-beneficiaries and beneficia-

24In this regression, we do not control for the baseline characteristics (Xit) as these are included in the socioeconomic
index.

25For all main results, we estimate the DRD model with all available observations, and consider 3rd-order polyno-
mials for both f (Scoreit) and g(GSATi jt). However, as we show in Section 5.4, our results are robust to alternative
polynomial orders and when computing optimal bandwidths according to Calonico et al. (2017).

12



ries, the coefficient on the instrumented interaction, ˆPAT Hit ·Attendi jt , identifies the parameter of
interest τ – the causal effect of the change in the effectiveness of preferred schools between PATH
beneficiaries and comparable non-beneficiaries. That is, a positive τ coefficient would denote the
additional benefit that PATH beneficiaries could expect from attending a preferred school with re-
spect to comparable non-beneficiaries. Conversely, a negative τ coefficient would represent the
diminished benefit from attending a preferred school that PATH beneficiaries could expect with re-
spect to comparable non-beneficiaries. Consequently, the effect of attending a preferred secondary
school among PATH beneficiaries is given by adding: θ1 + τ .

Our main question is whether the effectiveness of preferred schools differs between PATH ben-
eficiaries and comparable non-beneficiaries. This question, therefore, translates into testing the
following null hypothesis:

θ1︸︷︷︸
Preferred School Effect among PATH Non-Beneficiaries

= θ1 + τ︸ ︷︷ ︸
Preferred School Effect among PATH Beneficiaries

(7)

Failing to reject this null hypothesis, would imply that both PATH non-beneficiaries and ben-
eficiaries experienced the same academic returns from attending a preferred school. Nonetheless,
a finding of θ1 + τ > θ1, would imply that PATH enhanced the effectiveness of preferred schools.
While a finding of θ1 + τ < θ1, would imply that school effectiveness was eroded among PATH
beneficiaries.

While the validities of the RDD models for the identification of PATH and preferred school
effects separately have been already shown, we now show that the combined DRD model is also
valid. One key threat to the validity of the DRD model follows from the possibility that quali-
fying for PATH might have affected the school choices considered by parents (e.g., by affecting
aspirations, or what parents can afford) or the GSAT performance of students. In such a case, the
exclusion restriction of the DRD model would be violated. This is because AbovePit , which is the
excluded instrument for PAT Hit , would be systematically correlated with the running variable of
the preferred school treatment (i.e., GSATi jt) and the school cutoff fixed effects (i.e., C jt). That
is AbovePit would no longer be affecting the outcomes only through the PAT Hit intervention, but
would also be affecting the outcomes through other components of the equation (5). As the in-
strument for the interaction effect (i.e., AbovePit ·Abovei jt) also includes AbovePit , such occurrence
would render the estimate of the key interaction effect (τ) biased in an unknown magnitude and
direction. Therefore, the validity of the DRD model requires an orthogonal relation between the
excluded instrument for PATH reception (i.e., AbovePit), school choices, GSAT performance, and
school placements.

Accordingly, we directly test for the orthogonality between AbovePit and GSAT performance,
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school choices, and school assignments. To this end, we estimate reduced-form models as equation
(3) with GSAT performance, school choices, school assignments, and peer academic quality as
dependent variables. We report the estimates on the AbovePit indicator in Panel A of Table 4.
Estimates show no relation between AbovePit and GSAT performance, the selectivity of school
choices (as measured by the average GSAT score of students assigned to each school), the final
school placements, and the peer academic quality of the attended school. Following this evidence,
we also show that PATH reception had no effect on these measures. To do so, we estimate the
full PATH discontinuity model of equations (3)-(4) with GSAT performance, school choices, and
school assignments as the outcomes of interest. Panel B of Table 4 shows estimated PATH 2SLS
effects (i.e., estimates of β from equation (4)) evidencing null impacts on GSAT performance, the
selectivity of school choices, the school placements, and the peer academic quality of the attended
school.26 Overall, the evidence shows that the DRD model is not biased due to the possibility of
PATH affecting GSAT performance or school choices.

We now proceed to evidence the robustness of the DRD model’s first stages and the joint validity
of the excluded instruments. Panel A of Table 5 displays the first stage estimates resulting from the
estimating equation (6) for each of the instrumented variables. For each instrumented variable, we
show the estimated coefficient on its excluded instrument. Each excluded instrument is strongly
related to its instrumented variable with a strong F-Statistic on the excluded instruments of 2,100.
Finally, to show that the combined exclusion restriction of the instruments likely holds, we estimate
equation (6) with the baseline socioeconomic index as the dependent variable.27 Panel B of Table
5 displays the estimated coefficients on the two instruments and their interaction suggesting no
relation with baseline characteristics. The economically and statistically insignificant estimated
coefficients on the interaction of both instruments (AbovePit ·Abovei jt) rule out the possibility that
PATH changed the type of people that scored above the preferred school cutoff. This shows that the
DRD strategy identifies valid counterfactual groups to estimate causal and comparable preferred
school effects for both PATH beneficiaries and non-beneficiaries. Overall, all these tests provide
evidence that the proposed DRD model is valid to estimate potential interaction effects between
PATH and preferred schools.

26Focusing on a reduced sample of PATH applicants during the period 2007-08 within urban areas of 10 (out of 14)
parishes, Stampini et al. (2018) finds that PATH increased GSAT performance of boys by 5.1%. In our case, when
focusing on the full population of PATH applicants between 2001 and 2013, we find no discernible relation between
PATH and GSAT performance. Consistent with Stampini et al. (2018), we also find no relation between PATH and
educational aspirations as measured by the selectivity of school choices.

27In this regression, we do not control for the baseline characteristics (Xit) as these are included in the socioeconomic
index.
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5 Results and Discussion

5.1 Characteristics of Preferred Secondary Schools
We begin by documenting the consequences of attending a preferred secondary school on the

learning environment to which pupils are exposed. We estimate the 2SLS model (1)-(2) with avail-
able characteristics of attended schools as dependent variables. Table 6 reports estimates of the θ

parameter from equation (2) for both girls and boys.

Attending a preferred school increases peer GSAT quality by 0.54 (0.41) sd for boys (girls).
This is roughly the difference in average school selectivity between the top and the fourth school
choice. Preferred school attendance also leads to more academically homogeneous cohorts (as
evidenced by the reduced incoming GSAT score gap among admitted students to each school).
More academically able peers within more homogeneous groups have been shown to favor learning
(Duflo et al., 2011; Jackson, 2010; Pop-Eleches and Urquiola, 2013). Preferred schools appear to
be more diverse, as evidenced by the reduced Herfindahl–Hirschman Index (HHI) computed using
the shares of parishes of origin among students within each school.

Using the 2009 Teacher Census, we computed the proportion of teachers who hold a university
degree within each school. Attending a preferred school increases the exposure of students to teach-
ers with university degrees. We also extracted school-level information from the School Inspection
Reports conducted by the National Education Inspectorate which covered 364 secondary schools
between 2010 and 2015.28 These reports provide information on pupil-teacher ratios and yearly
average student attendance rates. They also deliver school ratings based on several dimensions of
school management, as well as academic and nonacademic performance of students.29 Attending a
preferred school is significantly associated with lower pupil-teacher ratios, higher attendance rates,
and improved overall school ratings.30 These characteristics are also consistent with environments
that favor learning outcomes (Glewwe et al., 2021).

5.2 Does PATH influence the Effectiveness of Preferred Secondary Schools?
We now explore our main question: whether participating in PATH affected the causal effects of

preferred secondary school attendance. We investigate this question focusing on two main CSEC

28These reports can be accessed at: https://www.nei.org.jm/Inspection-Findings/School-Reports
29These dimensions include: (1) leadership and management; (2) teaching in support of student learning; (3) stu-

dents’ performance in English and math; (4) students’ personal and social development; (5) use of human and material
resources; (6) curriculum and enhancement programs; and (7) provisions for safety, security, health, and well-being.
Each of these dimensions were rated on a scale ranging from 1 (extremely poor) to 5 (exceptionally high). The
overall effectiveness rating is a composite of all the measured dimensions which also ranges between 1 and 5. We,
therefore, compute a normalized effectiveness index for each school j which ranges between 0 and 1 as follows:
(E f f ectivenessRating j - 1)/(5 - 1).

30Appendix Table A.5 reports preferred school effects on each individually rated dimension evidencing positive
impacts on all of them.
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outcomes and two main CAPE outcomes.31 We begin assessing the effects on an indicator for
whether the student took at least one CSEC subject. This proxies for secondary school completion.
We then evaluate effects on an indicator for whether the student qualified for tertiary education
based on CSEC performance (i.e., passing at least five subjects including the core examinations
of math and English).32 We then proceed to evaluate the effects on an indicator for whether the
student took at least one CAPE unit (which proxies for post-secondary school attendance), and on
an indicator for whether a CAPE associate’s degree was earned.33

We begin exploring the direct effects of PATH. These are captured by estimates of β1 from
equation (5). Table 7 (column 1) displays these estimates. Overall, we observe null direct PATH
effects among girls and boys. One exception is a positive effect on the likelihood of taking at least
one CSEC subject among boys equivalent to 2.54 percentage points (p− value<0.05). This re-
flects a 4.75% increase with respect to the average CSEC taking rate of 53.4% among boys. While
this outcome does not measure a learning effect, it serves as a proxy for secondary school com-
pletion and is consistent with previous evidence suggesting positive effects of CCTs on secondary
graduation rates (Baez and Camacho, 2011; Araujo et al., 2017; Attanasio et al., 2021).

Estimated effects of attending a preferred school among those who did not benefit from PATH
(i.e., estimates of θ1 from equation (5)) are shown in Table 7 (column 3). In terms of taking the
CSEC, no discernable effects are found among boys. However, we observe a negative effect of 3.53
percentage points among girls. While this effect is modest relative to the average CSEC taking rate
of 72.8% among girls, it might suggest that more selective schools either increase dropout among
girls or discourage marginal students from taking the CSEC to avoid potential worsening of the
school average CSEC performance.34 However, preferred school attendance conveys significant
benefits on individual-level CSEC performance. Both girls and boys experience an increase of 8–9
percentage points in the likelihood of qualifying for tertiary education based on CSEC performance.
The magnitudes of these effects are relatively large with respect to the average CSEC passing rate
of 27.4% for girls and 14.9% for boys. Post-secondary CAPE outcomes are also positively affected
for both girls and boys. The likelihood of taking the CAPE increases by 8.4 (5.3) percentage

31Nonetheless, when exploring potential mechanisms in Section 5.3, we show that our main results extend to several
other learning outcomes.

32Following Jackson (2010), Jackson (2021), Beuermann and Jackson (2022), and Beuermann et al. (2023), we
define this indicator as a measure of secondary school success without censoring the data. Therefore, the indicator
takes the value of unity for those who achieved the certification, while zero otherwise (which includes not taking the
CSEC, as well as taking the CSEC without achieving the certification.)

33Following Beuermann and Jackson (2022), and Beuermann et al. (2023), we define this indicator as a measure of
post-secondary academic success without censoring the data. Therefore, the indicator takes the value of unity for those
who achieved the associate’s degree, while zero otherwise (which includes not taking the CAPE, as well as taking the
CAPE without achieving the degree.)

34Jackson (2010) also finds negative effects of selective school attendance on the likelihood of taking the CSEC
when using a similar discontinuity model in Trinidad and Tobago.
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points among girls (boys); while the likelihood of earning an Associate Degree goes up by 9 (5.4)
percentage points among girls (boys). These effects are substantial with respect to the average
CAPE taking rates of 16.7% (9.1%) among girls (boys), and the proportion of girls (boys) with an
Associate Degree of 7% (3.2%).

We now explore whether the effectiveness of preferred schools differs between comparable
PATH recipients and non-recipients. Estimates of τ from equation (5) capture the differential ben-
efits that PATH recipients experienced from attending a preferred school with respect to those
experienced by comparable non-recipients. These estimates are shown in Table 7 (column 2) and
suggest no discernible interactions among girls but negative interactions among boys. Accord-
ingly, we compute the estimated preferred school effects among PATH beneficiaries (i.e., θ1 + τ)
in Table 7 (column 4). For both, girls and boys, these estimates are positive and significant. This
shows that PATH beneficiaries also experienced significant learning gains from attending preferred
schools. When comparing the school effects shown in columns 3 and 4, they do not differ among
girls. Nonetheless, estimates suggest that boys who benefited from PATH display lower returns to
preferred school attendance with respect to those who did not benefit from PATH. We test this for-
mally in Table 7 (column 5) which displays the p-values of testing the null hypothesis of equality
of school effects between PATH beneficiaries and comparable non-beneficiaries (i.e., θ1 + τ = θ1).
The results reject the null hypothesis among boys. This confirms that boys who were exposed to
PATH before secondary school attendance experienced significantly lower academic returns from
attending a preferred secondary school with respect to comparable boys who did not benefit from
PATH.35

Overall, we document that: (a) for both girls and boys, PATH reception had no direct effects on
learning; (b) for girls, the returns to preferred school attendance were unaltered by PATH reception;
and (c) for boys, the returns to preferred school attendance were significantly lower among PATH
recipients with respect to comparable counterparts who did not receive PATH benefits.

5.3 Potential Mechanisms
Our main outcomes were measured without limiting the time window for CSEC/CAPE taking.

As we have many rounds of data, we treated similarly those who obtained CSEC/CAPE certifica-
tions on time (i.e., within 5 years of GSAT taking for CSEC and within 7 years of GSAT taking
for CAPE) and those who achieved so with delay. Since PATH requires a minimum school atten-
dance rate of 85%, the program may have affected on time taking which could lead us to different
conclusions. Appendix Table A.7 reports effects on CSEC and CAPE certifications achieved on

35When restricting the sample to those who took the examinations, our findings remain qualitative the same. No
differential preferred school effects between PATH recipients and non-recipients among girls. Significantly lower
preferred school effects on CSEC success among boys who received PATH with respect to comparable peers who did
not receive PATH (Appendix Table A.6).
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time. Estimates are very similar to our main results, suggesting that this possibility is not driving
our findings.

The categorical outcomes that we measure may mask potentially different effects at the inten-
sive margin. It might be that school effectiveness by PATH status could be different when looking
at the number of subjects taken. As PATH requires school attendance but enforcement of academic
effort is not possible, students might reduce academic effort on the core (and more demanding) sub-
jects and take other subjects that could be perceived as more useful for their lives. Since taking the
core subjects is mandatory, such potential dynamic would lead PATH recipients to take relatively
more subjects without achieving certifications (which requires passing the core subjects). Appendix
Table A.8 reports estimates for the number of CSEC and CAPE subjects taken and passed; while
Appendix Table A.9 does so for the number of CSEC an CAPE subjects taken and passed on time.
These results mimic our main findings, suggesting that this potential mechanism is not driving our
main conclusions.

Our evidence points to within-school dynamics that reduce their academic effectiveness among
boys who are PATH beneficiaries. One possibility might be the stigmatization of PATH beneficia-
ries within preferred schools such that potential socio-emotional harm partly undoes the academic
benefits of preferred school attendance. Indeed, the available evidence suggests that the overall
incidence of bullying within Jamaican schools is high with 30% of students manifesting fear of
going to school because of bullying (PSearch-Associates, 2015). Consistent with this, qualitative
evidence suggests that bullying constitutes a daily occurrence within Jamaican schools (Hudson-
Davis et al., 2015). Furthermore, Castle (2015) documents that, as PATH beneficiaries are entitled
to free school meals, this reveals their beneficiary status to other students triggering stigma and
marginalization within schools.36 The study also suggests that such dynamics are more prevalent
among boys, which is consistent with evidence suggesting that bullying is more prevalent among
boys than among girls (Currie et al., 2008; Sarzosa and Urzúa, 2021; Sarzosa, 2021). This evi-
dence suggests that stigmatization of PATH beneficiaries is a likely mechanism operating behind
the reduced effectiveness of preferred schools among boys.

Due to data availability, we focus on school examinations and post-secondary certifications.
While these outcomes are highly relevant, a complete picture would also need to assess the effects
on a wider set of academic and nonacademic longer run outcomes. Existing evidence shows that
school effects on test scores could differ from effects on other important outcomes like crime,
teen pregnancy, and adult employment (Deming, 2011; Beuermann et al., 2023; Beuermann and

36This also aligns with expressed concerns of policymakers and parents in media outlets. For example, the Minister
of Labour and Social Security stated in June 2013: “The stigma is normally based on negative perception, so we have
actually been having programmes that actually speak to the positive effects of being on PATH.” (Jamaica Observer,
2013). Parents also expressed in March 2023: “The (PATH) school feeding programme carries with it shame and a
stigma, so much so that many children prefer to go hungry.” (Jamaica Observer, 2023).
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Jackson, 2022). Therefore, the documented negative interactions between PATH and preferred
schools on academic outcomes may not necessarily translate into similar results on other important
longer-run outcomes.

5.4 Robustness
To assuage concerns that our results are driven by modelling choices, we show that our esti-

mated effects are similar when computing optimal bandwidths according to Calonico et al. (2017)
and to alternative polynomial specifications of the running variables (Appendix Tables A.10 -
A.11).

6 Conclusions and Policy Implications
Potential interactions between different human capital interventions are highly relevant for pol-

icy design as different policies are not implemented in isolation and, therefore, the effectiveness
of one policy could be affected by another. In this paper we investigate whether two institutional-
ized policies in Jamaica interact to affect educational outcomes at scale. These are the Programme
of Advancement through Health and Education (Jamaica’s Conditional Cash Transfer Program or
PATH) and the subsequent attendance to a preferred (or more selective) public secondary school.

Administrative data covering the full population of students delivers three main results. First,
for both girls and boys, benefiting from PATH had no direct effects on secondary and post-secondary
learning. Second, the gains from preferred school attendance were unaltered by PATH participation
among girls. Third, for boys, the gains from preferred school attendance were significantly lower
among PATH beneficiaries when compared to equivalent counterparts who did not receive PATH.
This implies that, among boys, PATH reception is partly undoing the potential benefits to attending
a more selective secondary school.

Overall, our evidence highlights the importance of understanding and measuring potential in-
teraction effects between different public interventions. As Conditional Cash Transfers (CCT) have
proliferated across many nations, our findings portray the need to evaluate whether these programs
are also altering the effectiveness of other human capital development interventions. The fact that a
number of CCT programs across different nations included impact evaluation designs, could facil-
itate the exploration of interaction effects with other policies that either included impact evaluation
designs or that convey sources of exogenous variation within their targeting processes. As potential
interactions across programs convey important implications for cost-benefit analyses, our findings
suggest that this is a relevant issue that could be further explored in future research across different
contexts.
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Figure 1: First Stage
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Notes: Panel A: The Y-axis represents the likelihood of having attended a preferred school. The X-axis is the GSAT
standardized score relative to the preferred school admission cutoff. The circles are means corresponding to 0.25-
point bins of the standardized relative score. The solid lines are generated by fitting a third degree polynomial of
the relative score fully interacted with the Abovei jt indicator. Panel B: The Y-axis represents the likelihood of having
received PATH benefits. The X-axis is the (minus) PATH PMT standardized score relative to the eligibility threshold.
The circles are means corresponding to 0.25-point bins of the standardized relative PMT score. The solid lines are
generated by fitting a third degree polynomial of the PMT score fully interacted with the AbovePit indicator. All
panels: The 95 percent confidence interval of the fitted polynomials are presented in light gray.
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Table 1: Summary Statistics

Girls Boys

mean sd N mean sd N
(1) (2) (3) (4) (5) (6)

Panel A: Baseline indicators at PATH application (PATH applicants 2001 - 2013)

Age at PATH application (in months) 79.8970 26.9368 113,140 80.4292 26.5825 106,952
PATH applicant is female 0.8633 0.3435 113,140 0.8580 0.3491 106,952
PATH applicant completed secondary 0.3788 0.4851 113,140 0.3831 0.4861 106,952
Weekly income per capita 25.6181 18.6474 113,140 25.7866 20.0508 106,952
Own dwelling 0.4220 0.4939 113,140 0.4251 0.4944 106,952
Household size 5.7674 2.7307 113,140 5.7471 2.7176 106,952
Received PATH 0.5025 0.5000 113,140 0.4946 0.5000 106,952

Panel B: Academic indicators

Age at GSAT date (in months) 142.8496 5.2366 113,140 143.7216 5.4064 106,952
GSAT standardized score 0.2245 0.9406 113,140 -0.2374 1.0060 106,952
Peer GSAT score 0.1456 0.8441 113,140 -0.1259 0.8432 106,952
Selectivity of school choice 1 1.3898 0.6463 112,837 1.1373 0.7605 106,506
Selectivity of school choice 2 1.2118 0.6850 112,802 0.9547 0.7719 106,452
Selectivity of school choice 3 1.0697 0.7477 112,711 0.7885 0.8094 106,340
Selectivity of school choices 4+ 0.7667 0.6971 104,884 0.5586 0.7135 99,160
Assigned to school choice 1 0.1496 0.3566 113,140 0.1595 0.3662 106,952
Assigned to school choice 2 0.1316 0.3380 113,140 0.1401 0.3471 106,952
Assigned to school choice 3 0.1213 0.3264 113,140 0.1418 0.3488 106,952
Assigned to school choice 4+ 0.5976 0.4904 113,140 0.5586 0.4966 106,952
Took CSEC 0.7283 0.4449 113,140 0.5344 0.4988 106,952
CSEC qualification for tertiary
education

0.2736 0.4458 113,140 0.1490 0.3561 106,952

Took CAPE 0.1686 0.3744 100,975 0.0907 0.2872 96,171
CAPE Associate Degree 0.0700 0.2552 100,975 0.0316 0.1748 96,171

Notes: This table displays means (columns 1 and 4), standard deviations (columns 2 and 5), and number of individual observations (columns
3 and 6) differentiated by gender. Weekly income per capita is expressed in real 2019 PPP US$. For CSEC outcomes, we use GSAT cohorts
up to 2015 because CSEC is taken five years after GSAT and the latest CSEC data available is for the year 2020. The number of observations
for CAPE outcomes is lower as these are restricted up to GSAT cohort 2013 given that the CAPE is fully taken seven years after GSAT and
the latest CAPE data available is for 2020.
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Table 2: Validity of Preferred School Effects

Girls Boys

(1) (2)

Panel A: First Stage

Dependent Variable: Attendi jt
Abovei jt 0.4089*** 0.3034***

(0.0044) (0.0051)

First Stage F-Statistic 1,800.86

Panel B: Exclusion Restriction

Dependent Variable: Socioeconomic index
Abovei jt 0.0008 -0.0013

(0.0013) (0.0013)

Panel C: Gaming of the Cutoff

Differential density: School admission cutoff -0.2301 -0.4794
[p-value] [0.8180] [0.6317]

Observations 346,136 317,901

Notes: Panel A reports first stage estimated coefficients on Abovei jt from equation (1) and the first stage Kleibergen-Paap
F-statistic. Panel B displays estimated coefficients on Abovei jt , having the baseline socioeconomic index as a dependent
variable within a reduced-form model with the same structure as equation (1). Panel C reports the results of the McCrary
(2008) cutoff manipulation test around the preferred school admission cutoff. Estimated standard errors clustered at the
individual level are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Table 3: Validity of PATH Effects

Girls Boys

(1) (2)

Panel A: First Stage

Dependent Variable: PAT Hit
AbovePit 0.8236*** 0.8402***

(0.0035) (0.0034)

First Stage F-Statistic 27,339.52

Panel B: Exclusion Restriction

Dependent Variable: Socioeconomic index
AbovePit -0.0003 -0.0004

(0.0005) (0.0005)

Panel C: Gaming of the Cutoff

Differential density at PATH eligibility cutoff 0.1703 0.2890
[p-value] [0.8648] [0.7726]

Observations 346,136 317,901

Notes: Panel A reports first stage estimated coefficients on AbovePit from equation (3) and the first stage Kleibergen-Paap
F-statistic. Panel B displays estimated coefficients on AbovePit , having the baseline socioeconomic index as a dependent
variable within a reduced-form model with the same structure as equation (3). Panel C reports the results of the McCrary
(2008) cutoff manipulation test around the PATH eligibility cutoff. Estimated standard errors clustered at the individual
level are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Table 4: PATH Effects on GSAT performance, School Choices, and School Assignments

Girls Boys

Effects N Effects N
(1) (2) (3) (4)

Panel A: Reduced-Form Effects

GSAT standardized score 0.0042 346,136 0.0054 317,901
(0.0084) (0.0092)

Selectivity of school choice 1 0.0007 346,042 0.0021 317,829
(0.0014) (0.0015)

Selectivity of school choice 2 -0.0004 346,019 -0.0002 317,825
(0.0014) (0.0015)

Selectivity of school choice 3 -0.0003 345,855 -0.0001 317,627
(0.0015) (0.0017)

Selectivity of school choices 4+ 0.0010 330,601 -0.0012 303,210
(0.0014) (0.0015)

Assigned to school choice 1 vs choices 2+ -0.0005 346,136 0.0018 317,901
(0.0015) (0.0017)

Assigned to school choice 2 vs choices 3+ -0.0004 331,511 0.0012 302,840
(0.0027) (0.0030)

Assigned to school choice 3 vs choices 4+ 0.0023 304,612 0.0023 275,546
(0.0039) (0.0046)

Peer GSAT score 0.0128 346,136 0.0056 317,901
(0.0082) (0.0085)

Panel B: 2SLS Effects

GSAT standardized score 0.0075 346,136 0.0097 317,901
(0.0103) (0.0110)

Selectivity of school choice 1 0.0005 346,042 0.0028 317,829
(0.0017) (0.0019)

Selectivity of school choice 2 -0.0010 346,019 -0.0002 317,825
(0.0017) (0.0018)

Selectivity of school choice 3 -0.0007 345,855 0.0001 317,627
(0.0019) (0.0020)

Selectivity of school choices 4+ 0.0004 330,601 -0.0016 303,210
(0.0018) (0.0018)

Assigned to school choice 1 vs choices 2+ 0.0000 346,136 0.0027 317,901
(0.0019) (0.0020)

Assigned to school choice 2 vs choices 3+ 0.0000 331,511 0.0018 302,840
(0.0033) (0.0036)

Assigned to school choice 3 vs choices 4+ 0.0036 304,612 0.0034 275,546
(0.0048) (0.0055)

Peer GSAT score 0.0150 346,136 0.0073 317,901
(0.0100) (0.0102)

Notes: Panel A displays reduced-form estimated coefficients on AbovePit from a model with the same structure as equation (3). Panel B
displays 2SLS estimated coefficients on ˆPAT Hit using AbovePit as the excluded instrument (resulting from equation system (3) - (4) in
the text). Estimated standard errors clustered at the individual level are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Table 5: Validity of the Double Regression Discontinuity Design

Girls Boys

(1) (2)

Panel A: First Stage

Dependent Variable: PAT Hit
AbovePit 0.7687*** 0.7928***

(0.0055) (0.0054)
Dependent Variable: Attendi jt
Abovei jt 0.4312*** 0.3111***

(0.0049) (0.0055)
Dependent Variable: PAT Hit ·Attendi jt
AbovePit ·Abovei jt 0.5010*** 0.5151***

(0.0036) (0.0036)

First Stage F-Statistic 2,099.50

Panel B: Exclusion Restriction

Dependent Variable: Socioeconomic index
AbovePit 0.0037 0.0008

(0.0022) (0.0024)
Abovei jt 0.0009 -0.0002

(0.0014) (0.0015)
AbovePit ·Abovei jt -0.0003 -0.0019

(0.0014) (0.0014)

Observations 346,136 317,901

Notes: Panel A reports first stage estimated coefficients on the excluded instruments (i.e., AbovePit , Abovei jt , and AbovePit ·
Abovei jt ), having the instrumented variables (i.e., PAT Hit , Attendi jt , and PAT Hit ·Attendi jt ) as regressors from models with
the same structure as equation (6). Panel A also reports the joint first stage Kleibergen-Paap F-statistic on the excluded
instruments. Panel B displays estimated coefficients on AbovePit , Abovei jt , and AbovePit · Abovei jt having the baseline
socioeconomic index as regressor within a reduced-form model with the same structure as equation (6). *** p<0.01, **
p<0.05, * p<0.10.
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Table 6: Preferred School 2SLS Effects on Learning Environments

Girls Boys

Effects N Effects N
(1) (2) (3) (4)

Peers GSAT score 0.4075*** 346,136 0.5388*** 317,901
(0.0109) (0.0150)

GSAT score gap (best-worst) -0.2933*** 346,136 -0.0892*** 317,901
(0.0224) (0.0343)

Parish HHI for attended schools -0.0508*** 346,136 -0.0590*** 317,901
(0.0044) (0.0059)

Teachers with a university degree (%) 3.4558*** 329,903 1.5673*** 305,897
(0.2148) (0.3267)

Pupil-Teacher Ratio -0.5793*** 320,584 -0.7413*** 298,932
(0.0842) (0.1376)

Attendance Rate (%) 3.5648*** 310,122 3.7731*** 290,345
(0.1671) (0.2673)

Overall Effectiveness Index 0.1465*** 321,911 0.1032*** 300,458
(0.0047) (0.0067)

Notes: This table displays 2SLS estimated coefficients on Attendi jt using Abovei jt as the excluded instrument (resulting from
equation system (1) - (2) in the text). The proportion of teachers with university degrees was computed for each school measured
in the 2009 Teacher Census. Estimated standard errors clustered at the individual level are shown in parentheses. *** p<0.01, **
p<0.05, * p<0.10.
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Table 7: Interactions between PATH and Preferred School Attendance

ˆPAT Hit ˆPAT Hit ·Attendi jt
Preferred School Effects

Among PATH
Non-beneficiaries

Among PATH
Beneficiaries

p-value

(β1) (τ) (θ1) (θ1 + τ) (3)=(4)

(1) (2) (3) (4) (5)

Panel A: Girls

CSEC Performance

Took at least 1 subject -0.0118 -0.0056 -0.0353*** -0.0409*** 0.53
(0.0103) (0.0089) (0.0077) (0.0094)

Qualified for tertiary education 0.0025 -0.0128 0.0892*** 0.0763*** 0.14
(0.0089) (0.0088) (0.0086) (0.0099)

Observations 346,136

CAPE Performance

Took at least 1 unit 0.0014 -0.0030 0.0841*** 0.0811*** 0.72
(0.0075) (0.0084) (0.0088) (0.0098)

Earned associate’s degree 0.0075 -0.0006 0.0900*** 0.0895*** 0.93
(0.0047) (0.0061) (0.0064) (0.0069)

Observations 307,522

Panel B: Boys

CSEC Performance

Took at least 1 subject 0.0254** -0.0083 -0.0057 -0.0140 0.40
(0.0111) (0.0098) (0.0106) (0.0115)

Qualified for tertiary education 0.0033 -0.0313*** 0.0823*** 0.0510*** <0.01
(0.0066) (0.0073) (0.0098) (0.0101)

Observations 317,901

CAPE Performance

Took at least 1 unit -0.0005 -0.0123* 0.0529*** 0.0406*** 0.06
(0.0054) (0.0065) (0.0094) (0.0095)

Earned associate’s degree -0.0001 -0.0110*** 0.0540*** 0.0430*** <0.01
(0.0030) (0.0041) (0.0068) (0.0068)

Observations 285,474

Notes: This table displays 2SLS estimates from the second stage equation (5) that result from estimating the Double Regression Discontinuity (DRD) model
outlined in equations (5) - (6). Column (1) displays estimates on the instrumented ˆPAT Hit indicator. Column (2) displays estimates on the instrumented
interaction ˆPAT Hit ·Attendi jt . Column (3) displays estimated preferred school effects among PATH non-beneficiaries (i.e., the estimate on the instrumented

ˆAttendi jt indicator). Column (4) displays estimated preferred school effects among PATH beneficiaries (i.e., the addition of the estimates shown in columns
(2) and (3)). Column (5) displays the p-value that results from testing the equality between estimates shown in columns (3) and (4). Estimated standard
errors clustered at the individual level are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Table A.6: Interactions between PATH and Preferred School Attendance (conditional on taking the
CSEC)

ˆPAT Hit ˆPAT Hit ·Attendi jt
Preferred School Effects

Among PATH
Non-beneficiaries

Among PATH
Beneficiaries

p-value

(β1) (τ) (θ1) (θ1 + τ) (3)=(4)

(1) (2) (3) (4) (5)

Panel A: Girls

CSEC Performance

Qualified for tertiary education 0.0059 -0.0159 0.0721*** 0.0562*** 0.11
(0.0117) (0.0098) (0.0088) (0.0102)

Number of CSEC subjects passed -0.0245 -0.0309 0.0290 -0.0019 0.57
(0.0684) (0.0544) (0.0466) (0.0550)

Observations 253,186

CAPE Performance

Earned Associate’s degree 0.0107* 0.0009 0.0862*** 0.0871*** 0.90
(0.0064) (0.0071) (0.0069) (0.0073)

Number of CAPE units passed 0.0368 -0.0297 0.7425*** 0.7128*** 0.62
(0.0565) (0.0598) (0.0575) (0.0628)

Observations 224,448

Panel B: Boys

CSEC Performance

Qualified for tertiary education -0.0023 -0.0337*** 0.0856*** 0.0519*** <0.01
(0.0126) (0.0108) (0.0105) (0.0114)

Number of CSEC subjects passed 0.0012 -0.1234* 0.1527** 0.0293 0.06
(0.0803) (0.0649) (0.0598) (0.0661)

Observations 165,242

CAPE Performance

Earned Associate’s degree -0.0029 -0.0073 0.0631*** 0.0558*** 0.25
(0.0058) (0.0063) (0.0071) (0.0074)

Number of CAPE units passed -0.0555 -0.0291 0.5349*** 0.5058*** 0.61
(0.0559) (0.0573) (0.0631) (0.0654)

Observations 146,890

Notes: This table displays 2SLS estimates from the second stage equation (5) that result from estimating the Double Regression Discontinuity (DRD)
model outlined in equations (5) - (6). The estimation sample includes individuals who at least took one CSEC subject. Column (1) displays estimates
on the instrumented ˆPAT Hit indicator. Column (2) displays estimates on the instrumented interaction ˆPAT Hit ·Attendi jt . Column (3) displays estimated
preferred school effects among PATH non-beneficiaries (i.e., the estimate on the instrumented ˆAttendi jt indicator). Column (4) displays estimated preferred
school effects among PATH beneficiaries (i.e., the addition of the estimates shown in columns (2) and (3)). Column (5) displays the p-value that results from
testing the equality between estimates shown in columns (3) and (4). Estimated standard errors clustered at the individual level are shown in parentheses.
*** p<0.01, ** p<0.05, * p<0.10.
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Table A.7: Interactions between PATH and Preferred School Attendance (Examinations Taken On
Time)

ˆPAT Hit ˆPAT Hit ·Attendi jt
Preferred School Effects

Among PATH
Non-beneficiaries

Among PATH
Beneficiaries

p-value

(β1) (τ) (θ1) (θ1 + τ) (3)=(4)

(1) (2) (3) (4) (5)

Panel A: Girls

CSEC Performance (After 5 Years of Secondary School)

Took at least 1 subject -0.0085 -0.0024 -0.0658*** -0.0682*** 0.80
(0.0108) (0.0095) (0.0084) (0.0102)

Qualified for tertiary education -0.0023 -0.0148* 0.1566*** 0.1417*** 0.06
(0.0072) (0.0079) (0.0080) (0.0091)

Observations 346,136

CAPE Performance (After 2 Years of Postsecondary Studies)

Took at least 1 unit 0.0016 0.0002 0.0844*** 0.0845*** 0.98
(0.0074) (0.0083) (0.0087) (0.0097)

Earned associate’s degree 0.0079* -0.0014 0.0924*** 0.0910*** 0.82
(0.0044) (0.0059) (0.0062) (0.0067)

Observations 307,522

Panel B: Boys

CSEC Performance (After 5 Years of Secondary School)

Took at least 1 subject 0.0085 -0.0034 -0.0231** -0.0265** 0.72
(0.0104) (0.0094) (0.0108) (0.0115)

Qualified for tertiary education 0.0098* -0.0344*** 0.1255*** 0.0911*** <0.01
(0.0051) (0.0063) (0.0084) (0.0088)

Observations 317,901

CAPE Performance (After 2 Years of Postsecondary Studies)

Took at least 1 unit 0.0000 -0.0147** 0.0552*** 0.0404*** 0.02
(0.0052) (0.0064) (0.0093) (0.0094)

Earned associate’s degree 0.0018 -0.0130*** 0.0590*** 0.0460*** <0.01
(0.0028) (0.0039) (0.0065) (0.0066)

Observations 285,474

Notes: This table displays 2SLS estimates from the second stage equation (5) that result from estimating the Double Regression Discontinuity (DRD) model
outlined in equations (5) - (6). Column (1) displays estimates on the instrumented ˆPAT Hit indicator. Column (2) displays estimates on the instrumented
interaction ˆPAT Hit ·Attendi jt . Column (3) displays estimated preferred school effects among PATH non-beneficiaries (i.e., the estimate on the instrumented

ˆAttendi jt indicator). Column (4) displays estimated preferred school effects among PATH beneficiaries (i.e., the addition of the estimates shown in columns
(2) and (3)). Column (5) displays the p-value that results from testing the equality between estimates shown in columns (3) and (4). Estimated standard
errors clustered at the individual level are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Table A.8: Interactions between PATH and Preferred School Attendance - Alternative Outcomes

ˆPAT Hit ˆPAT Hit ·Attendi jt
Preferred School Effects

Among PATH
Non-beneficiaries

Among PATH
Beneficiaries

p-value

(β1) (τ) (θ1) (θ1 + τ) (3)=(4)

(1) (2) (3) (4) (5)

Panel A: Girls

CSEC Performance

CSEC subjects taken -0.0851 -0.0319 -0.0973 -0.1293* 0.62
(0.0720) (0.0648) (0.0599) (0.0707)

CSEC subjects passed -0.0501 -0.0485 0.0913* 0.0428 0.40
(0.0615) (0.0574) (0.0549) (0.0639)

Observations 346,136

CAPE Performance

CAPE units taken 0.0149 -0.0320 0.7648*** 0.7327*** 0.56
(0.0454) (0.0548) (0.0578) (0.0634)

CAPE units passed 0.0237 -0.0371 0.7939*** 0.7568*** 0.47
(0.0419) (0.0519) (0.0546) (0.0600)

Observations 307,522

Panel B: Boys

CSEC Performance

CSEC subjects taken 0.0888 -0.1478** 0.1406** -0.0072 <0.01
(0.0624) (0.0590) (0.0703) (0.0738)

CSEC subjects passed 0.0667 -0.1529*** 0.1818*** 0.0289 <0.01
(0.0491) (0.0499) (0.0625) (0.0650)

Observations 317,901

CAPE Performance

CAPE units taken -0.0227 -0.0937** 0.4784*** 0.3847*** 0.02
(0.0317) (0.0410) (0.0640) (0.0639)

CAPE units passed -0.0143 -0.0844** 0.4704*** 0.3860*** 0.02
(0.0289) (0.0375) (0.0606) (0.0607)

Observations 285,474

Notes: This table displays 2SLS estimates from the second stage equation (5) that result from estimating the Double Regression Discontinuity (DRD) model
outlined in equations (5) - (6). Column (1) displays estimates on the instrumented ˆPAT Hit indicator. Column (2) displays estimates on the instrumented
interaction ˆPAT Hit ·Attendi jt . Column (3) displays estimated preferred school effects among PATH non-beneficiaries (i.e., the estimate on the instrumented

ˆAttendi jt indicator). Column (4) displays estimated preferred school effects among PATH beneficiaries (i.e., the addition of the estimates shown in columns
(2) and (3)). Column (5) displays the p-value that results from testing the equality between estimates shown in columns (3) and (4). Estimated standard
errors clustered at the individual level are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Table A.9: Interactions between PATH and Preferred School Attendance - Alternative Outcomes
measured On Time

ˆPAT Hit ˆPAT Hit ·Attendi jt
Preferred School Effects

Among PATH
Non-beneficiaries

Among PATH
Beneficiaries

p-value

(β1) (τ) (θ1) (θ1 + τ) (3)=(4)

(1) (2) (3) (4) (5)

Panel A: Girls

CSEC Performance (After 5 Years of Secondary School)

CSEC subjects taken -0.0432 -0.0342 -0.0144 -0.0485 0.58
(0.0658) (0.0617) (0.0582) (0.0679)

CSEC subjects passed -0.0378 -0.0347 0.2534*** 0.2187*** 0.53
(0.0558) (0.0547) (0.0533) (0.0614)

Observations 346,136

CAPE Performance (After 2 Years of Postsecondary Studies)

CAPE units taken 0.0231 -0.0221 0.7770*** 0.7549*** 0.68
(0.0430) (0.0533) (0.0562) (0.0615)

CAPE units passed 0.0282 -0.0266 0.8062*** 0.7796*** 0.60
(0.0399) (0.0505) (0.0533) (0.0583)

Observations 307,522

Panel B: Boys

CSEC Performance (After 5 Years of Secondary School)

CSEC subjects taken 0.0557 -0.1516*** 0.2772*** 0.1256* <0.01
(0.0519) (0.0518) (0.0649) (0.0675)

CSEC subjects passed 0.0670 -0.1800*** 0.3689*** 0.1889*** <0.01
(0.0413) (0.0448) (0.0582) (0.0600)

Observations 317,901

CAPE Performance (After 2 Years of Postsecondary Studies)

CAPE units taken -0.0097 -0.1102*** 0.5139*** 0.4037*** <0.01
(0.0293) (0.0388) (0.0617) (0.0619)

CAPE units passed -0.0032 -0.0981*** 0.5019*** 0.4038*** <0.01
(0.0269) (0.0357) (0.0587) (0.0592)

Observations 285,474

Notes: This table displays 2SLS estimates from the second stage equation (5) that result from estimating the Double Regression Discontinuity (DRD) model
outlined in equations (5) - (6). Column (1) displays estimates on the instrumented ˆPAT Hit indicator. Column (2) displays estimates on the instrumented
interaction ˆPAT Hit ·Attendi jt . Column (3) displays estimated preferred school effects among PATH non-beneficiaries (i.e., the estimate on the instrumented

ˆAttendi jt indicator). Column (4) displays estimated preferred school effects among PATH beneficiaries (i.e., the addition of the estimates shown in columns
(2) and (3)). Column (5) displays the p-value that results from testing the equality between estimates shown in columns (3) and (4). Estimated standard
errors clustered at the individual level are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Table A.10: Interactions between PATH and Preferred School Attendance - Optimal Bandwidths
and Linear Specification of Running Variables

ˆPAT Hit ˆPAT Hit ·Attendi jt
Preferred School Effects

Among PATH
Non-beneficiaries

Among PATH
Beneficiaries

p-value

(β1) (τ) (θ1) (θ1 + τ) (3)=(4)

(1) (2) (3) (4) (5)

Panel A: Girls

CSEC Performance]

Took at least 1 subject 0.0052 0.0176 -0.0229** -0.0053 0.27
(0.0081) (0.0161) (0.0115) (0.0149)

Qualified for tertiary education 0.0122 -0.0128 0.0838*** 0.0710*** 0.47
(0.0096) (0.0178) (0.0122) (0.0144)

Observations 68,686

CAPE Performance

Took at least 1 unit 0.0046 0.0077 0.0939*** 0.1016*** 0.63
(0.0090) (0.0161) (0.0112) (0.0125)

Earned associate’s degree 0.0026 0.0018 0.0891*** 0.0909*** 0.86
(0.0060) (0.0101) (0.0074) (0.0078)

Observations 58,013

Panel B: Boys

CSEC Performance

Took at least 1 subject 0.0202** -0.0296 0.0402** 0.0106 0.16
(0.0096) (0.0208) (0.0175) (0.0207)

Qualified for tertiary education 0.0039 -0.0323** 0.1147*** 0.0824*** 0.02
(0.0078) (0.0143) (0.0109) (0.0111)

Observations 67,661

CAPE Performance

Took at least 1 unit 0.0080 -0.0348*** 0.0822*** 0.0474*** <0.01
(0.0059) (0.0106) (0.0089) (0.0083)

Earned associate’s degree 0.0053* -0.0183*** 0.0474*** 0.0291*** <0.01
(0.0027) (0.0050) (0.0046) (0.0041)

Observations 61,860

Notes: This table displays 2SLS estimates from the second stage equation (5) that result from estimating the Double Regression Discontinuity (DRD)
model outlined in equations (5) - (6). Column (1) displays estimates on the instrumented ˆPAT Hit indicator. Column (2) displays estimates on the
instrumented interaction ˆPAT Hit ·Attendi jt . Column (3) displays estimated preferred school effects among PATH non-beneficiaries (i.e., the estimate on
the instrumented ˆAttendi jt indicator). Column (4) displays estimated preferred school effects among PATH beneficiaries (i.e., the addition of the estimates
shown in columns (2) and (3)). Column (5) displays the p-value that results from testing the equality between estimates shown in columns (3) and (4).
Estimated standard errors clustered at the individual level are shown in parentheses. For each school cutoff, optimal bandwidths of the relative GSAT score
were derived following Calonico et al. (2017). The model was estimated with linear specifications for both f (Scoreit) and g(GSATi jt). *** p<0.01, **
p<0.05, * p<0.10.

44



Table A.11: Interactions between PATH and Preferred School Attendance - Optimal Bandwidths
and Quadratic Specification of Running Variables

ˆPAT Hit ˆPAT Hit ·Attendi jt
Preferred School Effects

Among PATH
Non-beneficiaries

Among PATH
Beneficiaries

p-value

(β1) (τ) (θ1) (θ1 + τ) (3)=(4)

(1) (2) (3) (4) (5)

Panel A: Girls

CSEC Performance]

Took at least 1 subject -0.0002 0.0098 -0.0079 0.0018 0.57
(0.0105) (0.0171) (0.0134) (0.0175)

Qualified for tertiary education 0.0121 -0.0060 0.0802*** 0.0743*** 0.74
(0.0123) (0.0180) (0.0146) (0.0172)

Observations 68,686

CAPE Performance

Took at least 1 unit 0.0039 0.0077 0.0809*** 0.0885*** 0.64
(0.0114) (0.0163) (0.0136) (0.0154)

Earned associate’s degree 0.0047 0.0024 0.0927*** 0.0952*** 0.81
(0.0076) (0.0101) (0.0086) (0.0093)

Observations 58,013

Panel B: Boys

CSEC Performance

Took at least 1 subject 0.0261** -0.0272 0.0311 0.0039 0.21
(0.0124) (0.0217) (0.0236) (0.0270)

Qualified for tertiary education 0.0040 -0.0346** 0.1257*** 0.0911*** <0.01
(0.0101) (0.0142) (0.0142) (0.0148)

Observations 67,661

CAPE Performance

Took at least 1 unit 0.0080 -0.0344*** 0.1047*** 0.0702*** <0.01
(0.0076) (0.0108) (0.0116) (0.0115)

Earned associate’s degree 0.0039 -0.0187*** 0.0710*** 0.0523*** <0.01
(0.0036) (0.0053) (0.0067) (0.0062)

Observations 61,860

Notes: This table displays 2SLS estimates from the second stage equation (5) that result from estimating the Double Regression Discontinuity (DRD) model
outlined in equations (5) - (6). Column (1) displays estimates on the instrumented ˆPAT Hit indicator. Column (2) displays estimates on the instrumented
interaction ˆPAT Hit ·Attendi jt . Column (3) displays estimated preferred school effects among PATH non-beneficiaries (i.e., the estimate on the instrumented

ˆAttendi jt indicator). Column (4) displays estimated preferred school effects among PATH beneficiaries (i.e., the addition of the estimates shown in columns
(2) and (3)). Column (5) displays the p-value that results from testing the equality between estimates shown in columns (3) and (4). Estimated standard
errors clustered at the individual level are shown in parentheses. For each school cutoff, optimal bandwidths of the relative GSAT score were derived
following Calonico et al. (2017). The model was estimated with quadratic specifications for both f (Scoreit) and g(GSATi jt). *** p<0.01, ** p<0.05, *
p<0.10.
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