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1 Introduction
We utilise a little-studied reform, the Jornada Escolar Completa of 2015, to investigate the im-
pact of longer secondary school days on parents’ labour market outcomes in Peru. This reform
increased the length of secondary school hours from 35 to 45 per week in certain qualifying
schools across the country. Our study’s key contributions are threefold. Firstly, we create a
novel geospatial matching algorithm to identify children in the ENAHO who were more likely
to attend a JEC school. Secondly, research to date has focused almost exclusively on pre-school
and primary education hours. By identifying the parents of children likely to attend participat-
ing schools in the Peruvian Household Survey, Encuesta Nacional de Hogares (ENAHO), we
examine the relationship between increased secondary school hours and parents’ labour market
outcomes. In particular, we examine effects on gender-disaggregated labour market supply.
Thirdly, we believe we are the first to examine the labour market effects of this reform in Peru,
adding to a very small literature that examines such effects of increasing school contact hours
in developing countries, which due to institutional and cultural differences may differ from
existing developed world evidence.

The Jornada Escolar Completa (JEC) reform was enacted by the Peruvian government
following a national outcry at the poor state of educational outcomes in Peru. In 2012, Peru
ranked last (65th) in the internationally-comparable OECD Programme for student assessment
(PISA, n.d.). PISA measures 15-year-olds’ abilities in reading, mathematics and science. Fang
and Kan, 2021 document that the PISA result, released to the public after a ministerial change
in 2013, sparked national outrage and led to a large number of reforms to the Peruvian education
system. Amongst these changes was the JEC reform studied in this paper. The goal was to
increase time spent in school by two hours per day in public schools, to bring them more in line
with time spent in private schools, which on average have better educational outcomes in Peru.
The reform began with the first cohort of JEC schools in 2015, and was rolled out to more
schools each successive year. Integral to our identification strategy, schools were chosen for
inclusion on the basis of an arbitrary cutoff: whether they had at least 8 sections (a definition
of spaces for learning) which was chosen for budgetary limitations. If schools that children
attend were recorded in the ENAHO, this would enable us to use a regression discontinuity
design since schools around the arbitrary cut-off should be otherwise identical. Using the
same identification strategy, Agüero et al., 2021 document that schools participating in JEC
increased maths and reading scores by around 23 percent of a standard deviation, according
to end-of-year national test scores. This provides evidence that the reform had some of the
intended educational outcomes, and therefore there may have also been spillover implications
for the labour market. However, schools are not recorded in the ENAHO. As such we develop
a novel geospacial matching algorithm to match children to schools that they are more likely
to attend by calculating minimum walking times. We then use a fuzzy regression discontinuity
design which utilises the discontinuity in the probability of treatment to estimate local average
treatment effects.

By design, our treatment variable is mismeasured. As documented by Imbens and An-
grist, 1994 and Angrist, Imbens, and Rubin, 1996, a mismeasured treatment prevents the local
average treatment effect from being point-identified since the local average treatment effect
is the ratio of the intent-to-treat effect over the size of compliers, and compliers are usually
not observed. However, using ENAHO data which has detailed information on transportation
expenses, we are able to control for non-compliance.

While a small body of research has documented smaller or even zero effects of increas-
ing secondary-years childcare provision on parental labour supply (Lundin, Mörk, and Öckert,
2008), these studies have focused on developed economies with high pre-existing levels of child-
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care provision. Due to the great number of institutional and cultural differences between
developed and developing countries there are many reasons to suspect that the response to
these types of reforms may differ. In particular in Peru, there is large scope for the JEC to
reduce gender labour market disparities. As discussed at length by Ñopo, 2008, Peru has a
45% gender wage gap, high levels of gender occupational segregation, and large educational
attainment differences. The OECD, 2019 reports that women of a childbearing age have sig-
nificantly lower employment rates than men, driven almost entirely by much higher inactivity
rates. One significant cause for this is early parenthood: women often drop out of the labour
force on becoming mothers. However, it is not clear that this reform will necessarily increase
womens’ labour supply. Agüero et al., 2021 find that students reduce their hours spent at home
completing chores: this suggests that the labour market effects may be ambiguous: parents
have more hours to spend on paid work due to the policy change as they have reduced childcare
responsibilities, but may have greater home work responsibilities.
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2 Jornada Escolar Completa (JEC) Reform Context
The Jornada Escolar Completa reform expanded the school day in 1,000 public high schools
nationwide. Schools that participated in this program extended the school day by an extra two
pedagogical hours a day, increasing tuition to 45 hours per week. They also took measures to
increase the quality of teaching, by providing support for teachers, improving school manage-
ment and increasing teachers’ and principals’ salaries, improved physical infrastructure and IT
support (MINEDU, 2018).

The reform was only applicable for public secondary schools and the main eligibility re-
quirement was that schools have 8 sections and had morning shifts only. The requirement of
8 sections is particularly relevant for our identification strategy, as this was an entirely arbi-
trary decision for budgetary purposes, and we use this as our main source of identification in
comparing the parents with children in schools around this arbitrary threshold. Ministry of
Education staff used the 2013 Censo Escolar (School Data) to identify 1,360 eligible schools.
Subsequently, this list was ammended to include 52 ‘emblematic schools’ and then send to ex-
ternal evaluators to choose a final list of 1000 schools on the basis of unobservable criteria. The
list drawn up by evaluators was included in the directive creating the program in September
of 2014 (RM No 451-2014-MINEDU). It was then amended in February of 2015 replacing six
schools from the original list (RM No 062-2015-MINEDU). Note that the school calendar for
public schools in Peru runs from mid-March to mid-December, so there was very little time in
between the publication of the final JEC list and the beginning of the school year.
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3 Related Literature
An extensive body of literature uses quasi-natural experiment data generated by educational
policy changes, like the current paper, to examine outcomes. A large swathe of literature focuses
on the effects of increased instruction hours on educational quality and attainment. A number
of studies utilise a quasi-natural experiment created by a reform in Germany between 2001-2007
that reduced academic instructional hours in academic-track high schools, and increased them
in remaining schools. The reform was carried out at a state level which was rolled out over
time, allowing researchers to exploit variation across time and states. Marcus and Zambre,
2019 find that the reform decreased university enrolment rates, Dahmann, 2017 documents
that reduced instructional time decreased cognitive skills for male students, but had no effect
on average. Huebener, Kuger, and Marcus, 2017 study the remaining, non-academic track
schools and find that the increased weekly instruction time had heterogeneous but small positive
effects on average student performance, and widened the gap between high- and low-performing
students. Marcus et al., 2020 find that increases in instruction hours slightly increased stress-
related health problems among school children. Outwith the German reform, Thompson, 2021
examine the impact of a four-day school week on educational attainment in Oregon between
2005-2019, finding decreases in reading and math test scores. Eble and Hu, 2019 study a
change in Chinese policy which extended the duration of primary school from five years to six,
finding small positive effects on post-primary educational attainment and income. In Latin
America, Cerdan-Infantes and Vermeersch, 2007 use propensity score matching to construct
a counterfactual to evaluate the effect on educational attainment of increasing the school day
from a half to full day in Uruguay. Bellei, 2009 examines the Chilean full school day program
using difference-in-differences, finding positive effects on educational attainment. Bellei, 2009
finds a positive impact of longer school days on test results using school fixed effects models in
Colombia. Agüero et al., 2021 is closest to our paper in terms of method, and use of the same
policy change. They examine the effect of the JEC reform in Peru on educational attainment
and time-usage by students. Where they identify treated schools in the Young Lives dataset
and focus on students, we identify treated schools in the ENAHO survey and focus on the
labour market outcomes of the parents. We use the same identification strategy, namely using
a regression discontinuity design since schools were assigned to participate in this program
non-randomly. We rely on the fact that schools were required to have at least 8 sections in
order to qualify for the JEC reform, and focus on schools at the margin - comparing those with
7 sections to those that just qualified with 8.

There is a similarly large literature on early-years childcare provision and parental labour
supply. Cascio, Haider, and Nielsen, 2015 provides an overview of policies that promote labour
force participation of women with children. Eckhoff Andresen and Havnes, 2019 study a large
early-years childcare reform in Norway in 2002 on the labour supply of parents, finding increases
in labour supply for mothers only. Goux and Maurin, 2010 use a regression-discontinuity
design to focus on the labour supply for mothers of French two to three year olds, finding
significant employment effects for single mothers. Lefebvre, Merrigan, and Verstraete, 2009
use the 1997 provision of low-fee childcare in Québec in a difference-in-difference specification
to estimate positive long-term labour supply effects on mothers, in particular less-educated
mothers. Bettendorf, Jongen, and Muller, 2015 find small increases in female participation rates
following a large increase in under-12s childcare provision by the Dutch state. Shure, 2019 finds
positive effects of increased primary instruction hours on female labour force participation using
the German reform. However, the debate is ongoing - there is a large amount of research that
finds negligible effects. Havnes and Mogstad, 2011 find minimal causal effects of subsidised
childcare for early years for Norwegian women in a difference-in-differences design, instead
finding that the new childcare crowds out informal childcare arrangements. Berthelon, Kruger,
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and Oyarzún, 2015 examine an increase in the elementary school day from half days to full days
in Chile on maternal labour market outcomes, finding increases in participation and permanent
attachment likelihoods.

There is a much smaller body of research which - like the current paper - addresses the the
impact of providing care for secondary school children on parental employment. Felfe, Lechner,
and Thiemann, 2016 find a positive impact on full-time employment for mothers in Switzerland
after an increase in after-school care provision using an instrumental variable setup.1 Lundin,
Mörk, and Öckert, 2008 study a reform in Sweden which capped older-years childcare prices
on maternal employment, finding negligible increases in maternal employment. However, the
institutional setting of this study - a developed country with pre-reform high rates of childcare
provision - differ greatly from the context of the Peruvian experience.

1Indeed, the authors note the scarcity of research that a special edition of Labour Economics (Volume 32, October
2015 concerning the impact of childcare provision on maternal employment did not contain any research focused on
the parents of secondary-school students.)
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4 Data
Our main source of data is administrative, the Peruvian National Household Survey Encuesta
Nacional de Hogares (ENAHO). Since the ENAHO does not ask which secondary school chil-
dren attend, we develop a novel geospacial matching algorithm to identify the school which
students are most likely to attend. We also utilise the Young Lives survey which does record
the school that students attend, but not labour market data, in order to justify our geospacial
matching strategy.

4.1 ENAHO
We use the Encuesta Nacional de Hogares (ENAHO), or Peruvian National Household Survey,
for each year during the period 2015 - 2019. It is a nationally representative survey executed
by the National Institute of Statistics and Informatics (INEI) covering measures of poverty,
well-being and living conditions of households in Peru. We keep only households that appear in
2015, and have children of high-school age (ages 12-18) that report attending a public secondary
school. This gives us a total sample of 19,481 from 10,563 households comprising of 10,543
mothers and 8,938 fathers over the time period, distributed according to table 1

Table 1: Number of observations by year in the ENAHO

Households Mothers Fathers
2015 6,527 6,298 5,452
2016 1,912 1,832 1,534
2017 1,327 1,259 1,022
2018 797 754 613
2019 417 391 317
Total 10,563 10,543 8,938

From the ENAHO we are able to calculate our dependent variables: household income, for-
mal labour market participation and informal economic activity by sex. We also dis-aggregate
income into that attributed to formal labour market work and informal work (such as selling
items at a market.) Measures of informal labour market activity and income is particularly
important to capture in Peru since an estimated 69.2% of total employment is informal; 65.2%
for males and 74.3%, according to the ILO, 2015 Therefore, in order to accurately capture any
changes in economic activity attributable to this reform, it is important to examine these broad
measure of earnings and participation.

4.2 OpenStreetMap
The ENAHO unfortunately does not record which school students attend. As such, in order to
capture the likelihood of attending a JEC-eligible school for our Fuzzy Regression Discontinuity
Design, we develop a novel matching technique to assign students to the schools that they are
more likely to attend. The ENAHO provides latitude and longitude data for each household,
which we utilise to find the 3 closest public secondary schools by Haversine distance2 to the
home latitude and longitude. We then calculate the walking time for each of the 3 closest
schools using OpenStreetMap, an open-data, community-driven mapping database. Figure 1

2This is the the angular distance between two points on the surface of a sphere
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shows an example of how the mapping works. We assign the minimum walk time of the 3 as
the school that the child is most likely to attend.

Figure 1: An Example of Walking Time from Home to School Calculated with OpenStreetMap
Source: OpenStreetData using GraphHopper for calculating walking distances and times

4.3 Comparison with Young Lives Data
Figure 2 shows the transport method used most frequently for public high school students in
Young Lives. The majority (62%) walk to school. Table 2 shows that the average walking
time is very short, 16 minutes for those who walk and 20 minutes for those who use alternative
transport. So proximity seems to be a very important attribute in a school for students.

4.4 ESCALE
4.5 School Characteristics
This section provides an overview of public school characteristics with an emphasis on their
the location of JEC and non-JEC schools. Figure 7 shows how public schools are distributed
throughout the country. Unsurprisingly, the concentration of schools mirrors population den-
sity. Densely populated cities, such as Lima, Chiclayo, Piura, Trujillo, Cajamarca, and Cusco

Table 2: Reported time to school for those who walk (1) and use other transport (2) for public
secondary school attenders
Source: Young Lives, authors’ calculations

(1) (2)

mean sd mean sd
timeToSchool 16.02 19.86 20.70 27.39
Observations 916 543
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Figure 2: Method of Transport (left) and Time Taken to Travel (right) to Public Secondary School
Source: Young Lives, authors’ calculations

have a higher concentration of schools. In contrast, states in the Northeast cover a large area
that is more sparsely populated. Therefore, schools tend to be more spread out with smaller
areas of high concentration. One example is Iquitos that serves as the central hub in a rural
part of the country. Figure 8 shows public schools by state to give a sense of relative state size
by area and the density of schools in each of them.

Given our focus on JEC schools, the distribution of all schools versus treated schools is
key for our analysis. More specifically, ensuring that the distribution of JEC schools is not
significantly different from all public schools is critical. If the two distributions were different,
there might be reason to think that there is systematic geographical selection into the treatment
group. To investigate this, Figure 9 shows a heat map of all public schools. Comparing this
figure to Figure 10, we conclude that JEC schools have country-wide coverage and the two
distributions are not significantly different from each other.
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5 Methodology
For our setup we employ a standard fuzzy regression discontinuity (RD) design. Fuzzy RD
exploits discontinuities in the expected value of treatment conditional on some covariates. The
discontinuity becomes an instrumental variable for treatment status instead of deterministically
switching the treatment on or off (as sharp RD). This setup is appropriate when the probability
of receiving treatment changes discontinuously as a function of one or more underlying variables.

For our purposes, the selection into treatment variable is the number of sections per school.
The selection criteria is that a school becomes eligible if the school has sections ≥ 8. How-
ever, unlike the sharp alternative, this is not deterministic, rather the probability of selection
increases discontinuously at the cutoff. In our first stage regression we obtain fitted values for
treatment status using our selection criteria: Tl = 1(zi > z0), where z0 = 8 sections. This is
the point at which E[JECkl|zl] is discontinuous.

JECkl = γ0 + γ1Xkl + π0Tl + π1T j
l + ξkl (1)

where ĴEC takes the value of 1 if student i in school j takes part of the Jornada Escolar
Completa intervention or not. T returns a 1 for schools with 8 sections or more (z0 = 8). T j

i is a
higher order polynomial, which we will use for our base specification. X is a vector of respondent
characteristics, including age, sex, region and district. For the second stage regression, we want
to use the fitted values obtained in 1 to predict annualised parental income.

Ykl = α0 + β1Xkl + ρĴECkl + εkl (2)
where Ykl is the annualised gross income of parent k in household l, ρ is the coefficient

of interest, capturing the causal effect from taking part in the intervention (instrumented
by number of sections) on parental weekly income. X is a vector of parental characteristics
including sex, race and educational attainment. We use heteroskedasticity-robust standard
errors clustered at the household level. An important difference of our underlying signal is that
we make schools of more than 8 sections eligible for the program Ti = 1(zi > z0) where z0 = 8,
however, we don’t know precisely which school students attend. We overcome this problem by
using geolocation data and finding the closest school by walking distance to each home address
in the survey. We assume that each child attends the closest school to their house by walking
distance, as discussed in section 4.3. We then link this data with school census data, using
unique school identifiers. The school census data includes the number of sections per school
for different years. We use 2013 sections data to define Ti = 1, this is the same year/criteria
that was used by the ministry of education to select eligible schools for the program because,
as discussed in section 2, this should be free of political manipulation.

McCrary’s Density Test
Causal interpretation of RDD estimates requires the continuity assumption which, in essence,
states that the only change at the cut-off point is the treatment itself. In any empirical
application of RDD estimation, there are concerns about the violation of this assumption.
These violations often creep in via agents’ behaviour. For example, if assignment into the
treatment group is known in advance, agents may attempt to switch groups. In other cases, the
cut-off may be endogenous to the outcome variable or there may be a non-random concentration
of observations in the running variable.

A popular formal test for these types of manipulation that violates the continuity assump-
tion is McCrary’s Density Test (McCrary, 2008). This test performs better than traditional
histogram techniques and kernel density estimates (McCrary, 2008). It relies on the local linear
density estimator, which is efficient among linear estimators for a boundary point (Cheng, Fan,
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and Marron, 1997). The test uses a 2-step approach to select bandwidth and use the frequency
counts in each bin as the dependent variable in the local linear regression.

The null hypothesis of the test is that there is no evidence of systematic manipulation of
the running variable. In our case, the test yields a test statistic of 1.005 with a p-value of 0.315.
Therefore, we fail to reject the null hypothesis and conclude that there is no statistical evidence
of systematic manipulation of our running variable. Visually, Figure 11 shows a histogram of
our running variable, the cut-off point at 8 sections, and a kernel density. In agreement with
the formal test above, the estimated density function is smooth on either side of the cut-off
point.

Note that frequency of some bins — that is, the number of schools with some section counts
— is very large. More specifically, there are many more schools with 5 and 10 sections than
those around them. This makes the distribution an awkward shape and biases the density
test results, even though there is no discontinuity around the cut-off of 8 sections. As such,
we have extrapolated the number of schools with 5 and 10 sections based on their respective
vicinity and bootstrapped those numbers of schools in the sample. This left us with 389 schools
with 5 sections and 229 schools with 10 sections. The results are shown in Figure 12, where
the left panel shows the original distribution and the right one shows the distribution after
bootstrapping.

5.1 First Stage
For our instrument to be valid, the discontinuity at eight sections should strongly predict JEC
participation. This discontinuity has previously been shown byAgüero et al., 2021, we repeat
this analysis on our sample using matched data from the 2013 Censo Escolar; the data used by
the ministry of education to identify qualifying schools. Figure 4 shows our results graphically
which is very similar to that found by Agüero et al., 2021. The probability that a matched school
in our sample is a JEC school is very close to zero for sections <=7, and the probability jumps
discontinuously at 8 sections to nearly 50% and remains high before decreasing for very large
schools, which are more likely to have an afternoon shift. In our first stage regression we predict
participation in JEC by using the variable JEC eligible. This variable captures individuals
whose minimum walking distance school is a JEC school and we classify as JEC schools to
all schools that have more than 8 sections in 2013. This treatment variable is mismeasured.
It also fails the surrogacy conditional independence condition since it is unlikely that income
is statistically independent of JEC_eligible, since children from richer households may be less
likely to walk to their nearest school as they can afford transportation. However, ENAHO data
provides detailed information on transportation expenses of children. In particular, we know
how many days a week children use a mototaxi, microbus, omnibus, camioneta rural (rural
mini-truck), colectivo (collective mini-vans), taxi or other transport. With this information
we build a dummy variable ‘child regularly uses transport’ which captures whether the child
reports using transport more than two days per week, to control for non-compliance.

5.2 Second Stage
In order to satisfy the exclusion restriction, the instrument (sections) should only affect labour
market outcomes through its impact on increasing the probability of participation in JEC. For
all other variables there should be no discontinuity at the threshold. To test this assumption,
we plot a number of predetermined variables at the school level in figure 5, table 4 tests this
formally. This data is 2013 Censo Escolar data, the data from which schools were selected
for JEC inclusion by the ministry of education. The figure plots a number of predetermined
variables, averaged by sections: teaching by schools and use of indigenous languages by stu-
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dents,whether the school has a morning shift only, start, end and length of school day, passing
rates for males and females, total pass rates, urban location, access to Crecer and Juntos (wel-
fare programs) and male and female enrolment. It is clear to see that for all the variables there
is a smooth transition around the threshold of eight sections. We perform the same checks on
observable characteristics of individuals at the beginning of our panel in 2015 in figure 5 and
table ??. Finally, we also need to make sure that no manipulation is occurring - in particular,
that parents are not moving their children into JEC schools in order to benefit from this re-
form. Figure 6 plots the outcome variable, annualised individual income, for those within a 30
minutes walking distance from a JEC school, but not assigned to treatment by our matching
algorithm for the first, second, third and fourth quarter of the calendar year. First quarter
parents were surveyed before the start of the reform (March) so were not able to select into
treatment, and indeed we see no treatment effect. We similarly see no treatment effect in later
quarters, when parents were able to move their children into a JEC school. We do however,
see a treatment effect for the same sample in 2016, figure ??. We think that it is likely that
parents did not move their children in the middle of the school year, but rather waited until
the next school year to do so - this is supported by similar numbers of school movers in 2015
relative to previous years seen in Young Lives data. [To include: Young Lives % of children
moving school by year graph] These results suggest that the timing of the reform eliminates
the possibility of manipulation of the assignment variable.
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6 Results

[To add: panel dimension]

In our first stage regression Table 3 we report a coefficient of 0.19 for our excluded instru-
ment which is precisely estimated. We also reject under-identification with a Kleibergen-Paap
statistic of χ2(1) = 233.73 for specification Y. We also reject weak identification using the
Cragg-Donald Wald F statistic of 278.45 using Stock-Yogo weak ID critical values for K1 = 1
and L1 = 1. These results give us partial confidence that our fitted values used in the second
stage carry a valid signal.

In table 4 we present our second stage results in column Y (1). For students in JEC
schools, parental annual income increases by S/.3, 115 or an equivalent increase of 27% of the
mean income (S/.11, 522) reported. Importantly, the associated 95% confidence interval is
wide [126 − 6, 103] and the coefficient is somewhat imprecisely estimated, however positive.
The dummies for female and rural report negative coefficients, as expected, but interestingly
the interaction term of female and rural is positive and large. This could be explained by the
increased flexibility associated with agricultural work, in which a mother could easily add an
extra hour or two a week to their working hours, as opposed to a mother in an urban area,
which might not have as much flexibility. This exception is interesting and could resemble
the increasingly flexible labour supply observed elsewhere, thanks to remote working. That is
increased school day hours, could allow parents to work an extra hour or two in their remote
work settings, previously, the few additional hours per day may have been harder to convert
into profitable hours. Race dummies behave as expected with a negative coefficient for those
with an indigenous background compared to the base category mestizo3. Similarly educational
dummies show positive and significant coefficients that increase monotonically with higher
qualifications. We include region fixed effects for each of the specifications. The analysis of
these controls is purely correlational and does not have a causal intent unlike our interpretation
of JEC.

We also run similar specifications but for different dependent variables. In table5 We tested
three additional dependent variables (dummies): employed, inactive and unemployed. Given
the categorical nature of these dependent variables we used a two-stage logit specification,
where we run a simple OLS regression in the first stage and a logit regression in our second
stage. We report only the second stage results for these specifications. All of these regressions
returned JEC (JEC Fitted) coefficients which were not significantly different from zero. We
are not entirely surprised. We believe that an additional allowance of two hours per day
may be sufficient to increase a persons’ current working hours but may not be a sufficient
increment to change the individual probability of employment. Additionally, another coefficient
of interest is the interaction of female and JEC, which despite the lack of statistical significance
shows magnitudes and signs that fit our theories about the effects on maternal labour market
outcomes.

6.1 Robustness Checks
A sensible next step seems to interrogate whether we are appropriately controlling for non-
compilers, perhaps using the multiple statistical surrogate method of Athey et al., 2016. We

3Mix of Spanish and Indigenous background.
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Table 3: IV first stage

(1)
First-stage regression: jec

JEC eligible 0.227∗∗∗

(0.0138)
Child regularly uses transport -0.00147

(0.0280)
Age 0.00632

(0.00446)
Age squared -0.0000716

(0.0000481)
Female -0.171∗∗∗

(0.0116)
Rural 0.0900∗∗∗

(0.0227)
Female*Rural -0.00523

(0.0204)
Female*JEC 0.870∗∗∗

(0.0115)
Indigenous 0.0125

(0.0160)
Black 0.0455

(0.0470)
White -0.0275

(0.0215)
Ethnicity unknown 0.0141

(0.0265)
Mountains 0.00732

(0.0265)
Jungle 0.0553

(0.0386)
Secondary Educ -0.0132

(0.0148)
Higher Educ -0.0312∗

(0.0186)
University -0.0439∗∗

(0.0203)
Administrative Regions Yes
N 2637
R2

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 4: IV second stage

(1)
Y

JEC 3115.4∗∗

(1524.7)
Child regularly uses transport 465.0

(1064.6)
Age 508.2∗∗∗

(116.2)
Age squared -5.272∗∗∗

(1.253)
Female -6161.0∗∗∗

(458.1)
Rural -3284.0∗∗∗

(489.8)
Female*Rural 1608.2∗∗∗

(550.6)
Female*JEC -2755.7∗

(1538.1)
Indigenous -1203.4∗∗∗

(426.4)
Black 455.0

(978.1)
White -106.9

(769.3)
Ethnicity unknown -964.9∗

(514.8)
Mountains 779.2

(588.9)
Jungle -36.66

(992.8)
Secondary Educ 2480.6∗∗∗

(319.7)
Higher Educ 6731.3∗∗∗

(495.5)
University 11004.8∗∗∗

(847.2)
Administrative Regions Yes
N 2637
R2 0.307
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 5: Logit Specifications

(1) (2) (3)
E I U

jec_fitted 0.866 0.912 1.684
(0.536) (0.685) (1.758)

Child regularly uses transport 1.043 1.012 0.675
(0.169) (0.164) (0.295)

Age 1.193∗∗∗ 0.823∗∗∗ 1.027
(0.0229) (0.0168) (0.0524)

Age squared 0.998∗∗∗ 1.002∗∗∗ 1.000
(0.000193) (0.000206) (0.000498)

Female 0.125∗∗∗ 10.27∗∗∗ 1.759
(0.0230) (2.262) (0.638)

Rural 2.848∗∗∗ 0.371∗∗∗ 0.321∗∗∗

(0.601) (0.0937) (0.125)
Female*Rural 0.560∗∗∗ 1.767∗∗ 1.412

(0.124) (0.465) (0.609)
1.femalec.jec_fitted 1.577 0.817 0.496

(1.060) (0.653) (0.645)
Indigenous 1.224∗∗ 0.797∗∗ 1.040

(0.111) (0.0761) (0.250)
Black 0.924 1.133 0.643

(0.187) (0.240) (0.483)
White 0.967 0.926 1.796∗∗

(0.116) (0.120) (0.468)
Ethnicity unknown 0.809∗ 1.152 1.638

(0.0987) (0.146) (0.533)
Mountains 1.620∗∗∗ 0.730∗∗ 0.248∗∗∗

(0.245) (0.110) (0.112)
Jungle 1.529∗∗ 0.869 0.0949∗∗∗

(0.320) (0.185) (0.0655)
Secondary Educ 0.912 1.085 1.135

(0.0678) (0.0854) (0.214)
Higher Educ 1.576∗∗∗ 0.579∗∗∗ 1.079

(0.229) (0.0906) (0.344)
University 2.021∗∗∗ 0.495∗∗∗ 0.610

(0.378) (0.0973) (0.276)
Administrative Regions Yes Yes Yes
N 10211 10211 9306
R2

Exponentiated coefficients; Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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will also test different specifications, look more closely at labour market variables with particular
reference to informal labour market data.

17



References
Ñopo, Hugo (Feb. 2008). “Matching as a Tool to Decompose Wage Gaps”. In: The

Review of Economics and Statistics 90, pp. 290–299.
Agüero, Jorge M. et al. (2021). Do More School Resources Increase Learning Outcomes?

Evidence from an Extended School-Day Reform. eng. IZA Discussion Papers 14240.
Bonn. url: http://hdl.handle.net/10419/236271.

Angrist, Joshua D., Guido W. Imbens, and Donald B. Rubin (1996). “Identification of
Causal Effects Using Instrumental Variables”. In: Journal of the American Statistical
Association 91.434, pp. 444–455. issn: 01621459. url: http://www.jstor.org/
stable/2291629 (visited on 04/08/2022).

Athey, Susan et al. (2016). “Estimating treatment effects using multiple surrogates: The
role of the surrogate score and the surrogate index”. In: arXiv preprint arXiv:1603.09326.

Bellei, Cristián (2009). “Does lengthening the school day increase students’ academic
achievement? Results from a natural experiment in Chile”. In: Economics of Educa-
tion Review 28.5, pp. 629–640. url: https://EconPapers.repec.org/RePEc:eee:
ecoedu:v:28:y:2009:i:5:p:629-640.

Berthelon, Matias, Diana Kruger, and Melanie Oyarzún (July 2015). The Effects of
Longer School Days on Mothers’ Labor Force Participation. IZA Discussion Papers
9212. Institute of Labor Economics (IZA). url: https://ideas.repec.org/p/
iza/izadps/dp9212.html.

Bettendorf, Leon J.H., Egbert L.W. Jongen, and Paul Muller (2015). “Childcare sub-
sidies and labour supply — Evidence from a large Dutch reform”. In: Labour Eco-
nomics 36, pp. 112–123. issn: 0927-5371. doi: https://doi.org/10.1016/j.
labeco.2015.03.007. url: https://www.sciencedirect.com/science/article/
pii/S0927537115000330.

Cascio, Elizabeth U., Steven J. Haider, and Helena Skyt Nielsen (2015). “The effec-
tiveness of policies that promote labor force participation of women with children:
A collection of national studies”. In: Labour Economics 36, pp. 64–71. issn: 0927-
5371. doi: https://doi.org/10.1016/j.labeco.2015.08.002. url: https:
//www.sciencedirect.com/science/article/pii/S0927537115000901.

Cerdan-Infantes, Pedro and Christel Vermeersch (Mar. 2007). More time is better : an
evaluation of the fulltime school program in Uruguay. Policy Research Working Paper
Series 4167. The World Bank. url: https://ideas.repec.org/p/wbk/wbrwps/
4167.html.

Cheng, Ming-Yen, Jianqing Fan, and James S Marron (1997). “On automatic boundary
corrections”. In: The Annals of Statistics 25.4, pp. 1691–1708.

Dahmann, Sarah C. (2017). “How does education improve cognitive skills? Instructional
time versus timing of instruction”. In: Labour Economics 47. EALE conference issue
2016, pp. 35–47. issn: 0927-5371. doi: https://doi.org/10.1016/j.labeco.
2017.04.008. url: https://www.sciencedirect.com/science/article/pii/
S0927537116302287.

Eble, Alex and Feng Hu (2019). “Does primary school duration matter? Evaluating
the consequences of a large Chinese policy experiment”. In: Economics of Educa-
tion Review 70, pp. 61–74. issn: 0272-7757. doi: https://doi.org/10.1016/j.

18

http://hdl.handle.net/10419/236271
http://www.jstor.org/stable/2291629
http://www.jstor.org/stable/2291629
https://EconPapers.repec.org/RePEc:eee:ecoedu:v:28:y:2009:i:5:p:629-640
https://EconPapers.repec.org/RePEc:eee:ecoedu:v:28:y:2009:i:5:p:629-640
https://ideas.repec.org/p/iza/izadps/dp9212.html
https://ideas.repec.org/p/iza/izadps/dp9212.html
https://doi.org/https://doi.org/10.1016/j.labeco.2015.03.007
https://doi.org/https://doi.org/10.1016/j.labeco.2015.03.007
https://www.sciencedirect.com/science/article/pii/S0927537115000330
https://www.sciencedirect.com/science/article/pii/S0927537115000330
https://doi.org/https://doi.org/10.1016/j.labeco.2015.08.002
https://www.sciencedirect.com/science/article/pii/S0927537115000901
https://www.sciencedirect.com/science/article/pii/S0927537115000901
https://ideas.repec.org/p/wbk/wbrwps/4167.html
https://ideas.repec.org/p/wbk/wbrwps/4167.html
https://doi.org/https://doi.org/10.1016/j.labeco.2017.04.008
https://doi.org/https://doi.org/10.1016/j.labeco.2017.04.008
https://www.sciencedirect.com/science/article/pii/S0927537116302287
https://www.sciencedirect.com/science/article/pii/S0927537116302287
https://doi.org/https://doi.org/10.1016/j.econedurev.2019.03.006
https://doi.org/https://doi.org/10.1016/j.econedurev.2019.03.006


econedurev.2019.03.006. url: https://www.sciencedirect.com/science/
article/pii/S0272775718306629.

Eckhoff Andresen, Martin and Tarjei Havnes (2019). “Child care, parental labor supply
and tax revenue”. In: Labour Economics 61, p. 101762. issn: 0927-5371. doi: https:
//doi.org/10.1016/j.labeco.2019.101762. url: https://www.sciencedirect.
com/science/article/pii/S0927537119300880.

Fang, Jie and Yue Kan (2021). “Audacious education purposes: how governments trans-
form the goals of education systems”. In: Asia Pacific Journal of Education 41.2,
pp. 399–401. doi: 10.1080/02188791.2020.1858004. eprint: https://doi.org/
10.1080/02188791.2020.1858004. url: https://doi.org/10.1080/02188791.
2020.1858004.

Felfe, Christina, Michael Lechner, and Petra Thiemann (2016). “After-school care and
parents’ labor supply”. In: Labour Economics 42, pp. 64–75. issn: 0927-5371. doi:
https : / / doi . org / 10 . 1016 / j . labeco . 2016 . 06 . 009. url: https : / / www .
sciencedirect.com/science/article/pii/S0927537116300616.

Goux, Dominique and Eric Maurin (2010). “Public school availability for two-year olds
and mothers’ labour supply”. In: Labour Economics 17.6, pp. 951–962. issn: 0927-
5371. doi: https://doi.org/10.1016/j.labeco.2010.04.012. url: https:
//www.sciencedirect.com/science/article/pii/S0927537110000576.

Havnes, Tarjei and Magne Mogstad (2011). “Money for nothing? Universal child care
and maternal employment”. In: Journal of Public Economics 95.11. Special Issue: In-
ternational Seminar for Public Economics on Normative Tax Theory, pp. 1455–1465.
issn: 0047-2727. doi: https://doi.org/10.1016/j.jpubeco.2011.05.016. url:
https://www.sciencedirect.com/science/article/pii/S0047272711000880.

Huebener, Mathias, Susanne Kuger, and Jan Marcus (2017). “Increased instruction
hours and the widening gap in student performance”. In: Labour Economics 47.
EALE conference issue 2016, pp. 15–34. issn: 0927-5371. doi: https://doi.org/
10.1016/j.labeco.2017.04.007. url: https://www.sciencedirect.com/
science/article/pii/S0927537116302755.

ILO (2015). ILOSTAT Labour Market Statistics Database. url: https://www.ilo.
org/shinyapps/bulkexplorer11/?lang=en&segment=indicator&id=SDG_0831_
SEX_ECO_RT_A.

Imbens, Guido W. and Joshua D. Angrist (1994). “Identification and Estimation of Local
Average Treatment Effects”. In: Econometrica 62.2, pp. 467–475. issn: 00129682,
14680262. url: http://www.jstor.org/stable/2951620 (visited on 04/08/2022).

Lefebvre, Pierre, Philip Merrigan, and Matthieu Verstraete (2009). “Dynamic labour
supply effects of childcare subsidies: Evidence from a Canadian natural experiment
on low-fee universal child care”. In: Labour Economics 16.5, pp. 490–502. issn: 0927-
5371. doi: https://doi.org/10.1016/j.labeco.2009.03.003. url: https:
//www.sciencedirect.com/science/article/pii/S0927537109000323.

Lundin, Daniela, Eva Mörk, and Björn Öckert (2008). “How far can reduced childcare
prices push female labour supply?” In: Labour Economics 15.4. European Association
of Labour Economists 19th annual conference / Firms and Employees, pp. 647–659.
issn: 0927-5371. doi: https://doi.org/10.1016/j.labeco.2008.04.005. url:
https://www.sciencedirect.com/science/article/pii/S0927537108000389.

19

https://doi.org/https://doi.org/10.1016/j.econedurev.2019.03.006
https://doi.org/https://doi.org/10.1016/j.econedurev.2019.03.006
https://doi.org/https://doi.org/10.1016/j.econedurev.2019.03.006
https://www.sciencedirect.com/science/article/pii/S0272775718306629
https://www.sciencedirect.com/science/article/pii/S0272775718306629
https://doi.org/https://doi.org/10.1016/j.labeco.2019.101762
https://doi.org/https://doi.org/10.1016/j.labeco.2019.101762
https://www.sciencedirect.com/science/article/pii/S0927537119300880
https://www.sciencedirect.com/science/article/pii/S0927537119300880
https://doi.org/10.1080/02188791.2020.1858004
https://doi.org/10.1080/02188791.2020.1858004
https://doi.org/10.1080/02188791.2020.1858004
https://doi.org/10.1080/02188791.2020.1858004
https://doi.org/10.1080/02188791.2020.1858004
https://doi.org/https://doi.org/10.1016/j.labeco.2016.06.009
https://www.sciencedirect.com/science/article/pii/S0927537116300616
https://www.sciencedirect.com/science/article/pii/S0927537116300616
https://doi.org/https://doi.org/10.1016/j.labeco.2010.04.012
https://www.sciencedirect.com/science/article/pii/S0927537110000576
https://www.sciencedirect.com/science/article/pii/S0927537110000576
https://doi.org/https://doi.org/10.1016/j.jpubeco.2011.05.016
https://www.sciencedirect.com/science/article/pii/S0047272711000880
https://doi.org/https://doi.org/10.1016/j.labeco.2017.04.007
https://doi.org/https://doi.org/10.1016/j.labeco.2017.04.007
https://www.sciencedirect.com/science/article/pii/S0927537116302755
https://www.sciencedirect.com/science/article/pii/S0927537116302755
https://www.ilo.org/shinyapps/bulkexplorer11/?lang=en&segment=indicator&id=SDG_0831_SEX_ECO_RT_A
https://www.ilo.org/shinyapps/bulkexplorer11/?lang=en&segment=indicator&id=SDG_0831_SEX_ECO_RT_A
https://www.ilo.org/shinyapps/bulkexplorer11/?lang=en&segment=indicator&id=SDG_0831_SEX_ECO_RT_A
http://www.jstor.org/stable/2951620
https://doi.org/https://doi.org/10.1016/j.labeco.2009.03.003
https://www.sciencedirect.com/science/article/pii/S0927537109000323
https://www.sciencedirect.com/science/article/pii/S0927537109000323
https://doi.org/https://doi.org/10.1016/j.labeco.2008.04.005
https://www.sciencedirect.com/science/article/pii/S0927537108000389


Marcus, Jan and Vaishali Zambre (2019). The effect of increasing education efficiency
on university enrollment. url: http://jhr.uwpress.org/content/54/2/468.

Marcus, Jan et al. (2020). “Increased instruction time and stress-related health problems
among school children”. In: Journal of Health Economics 70, p. 102256. issn: 0167-
6296. doi: https://doi.org/10.1016/j.jhealeco.2019.102256. url: https:
//www.sciencedirect.com/science/article/pii/S0167629619303467.

McCrary, Justin (2008). “Manipulation of the running variable in the regression discon-
tinuity design: A density test”. In: Journal of econometrics 142.2, pp. 698–714.

MINEDU (2018). Implementación del Modelo de Servicio Educativo de Jornada Escolar
Completa en las IIEE de educación secunda. url: http://jec.perueduca.pe/?dl_
id=9643.

OECD (2019). Investing in Youth: Peru, p. 196. doi: https : / / doi . org / https :
//doi.org/10.1787/9789264305823-en. url: https://www.oecd-ilibrary.
org/content/publication/9789264305823-en.

PISA (n.d.). https://www.oecd.org/pisa/.
Shure, Nikki (2019). “School Hours and Maternal Labor Supply”. In: Kyklos 72.1,

pp. 118–151. doi: https : / / doi . org / 10 . 1111 / kykl . 12195. eprint: https :
/ / onlinelibrary . wiley . com / doi / pdf / 10 . 1111 / kykl . 12195. url: https :
//onlinelibrary.wiley.com/doi/abs/10.1111/kykl.12195.

Thompson, Paul N. (2021). “Is four less than five? Effects of four-day school weeks on
student achievement in Oregon”. In: Journal of Public Economics 193, p. 104308.
issn: 0047-2727. doi: https://doi.org/10.1016/j.jpubeco.2020.104308. url:
https://www.sciencedirect.com/science/article/pii/S0047272720301729.

20

http://jhr.uwpress.org/content/54/2/468
https://doi.org/https://doi.org/10.1016/j.jhealeco.2019.102256
https://www.sciencedirect.com/science/article/pii/S0167629619303467
https://www.sciencedirect.com/science/article/pii/S0167629619303467
http://jec.perueduca.pe/?dl_id=9643
http://jec.perueduca.pe/?dl_id=9643
https://doi.org/https://doi.org/https://doi.org/10.1787/9789264305823-en
https://doi.org/https://doi.org/https://doi.org/10.1787/9789264305823-en
https://www.oecd-ilibrary.org/content/publication/9789264305823-en
https://www.oecd-ilibrary.org/content/publication/9789264305823-en
https://doi.org/https://doi.org/10.1111/kykl.12195
https://onlinelibrary.wiley.com/doi/pdf/10.1111/kykl.12195
https://onlinelibrary.wiley.com/doi/pdf/10.1111/kykl.12195
https://onlinelibrary.wiley.com/doi/abs/10.1111/kykl.12195
https://onlinelibrary.wiley.com/doi/abs/10.1111/kykl.12195
https://doi.org/https://doi.org/10.1016/j.jpubeco.2020.104308
https://www.sciencedirect.com/science/article/pii/S0047272720301729


0
.1

.2
.3

.4
.5

Pr
ob

(J
EC

)

0 10 20 30
Number of sections

Figure 3: First Stage: participation in JEC by number of sections
Note: Each circle represents the share of schools that belong to JEC within a given number of sections. Source: Censo Escolar 2013 data,
authors’ calculations
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Table 6: Smoothness Tests

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
matriculation_m matriculation_f juntos crecer urban passing_m passing_f lenght morning ind_language ind_student

Panel A : Linearfit

secc_13 1.853∗∗∗ 1.936∗∗∗ -0.036∗∗∗ -0.014∗∗∗ 0.063∗∗∗ -0.008∗∗∗ -0.002∗∗∗ -0.006 -0.010∗∗∗ -0.004∗∗ -0.009∗∗∗

(0.041) (0.044) (0.002) (0.002) (0.002) (0.000) (0.000) (0.005) (0.002) (0.001) (0.002)

Constant -3.866∗∗∗ -4.848∗∗∗ 0.697∗∗∗ 0.867∗∗∗ -0.056∗∗∗ 0.701∗∗∗ 0.703∗∗∗ 5.627∗∗∗ 0.779∗∗∗ 0.146∗∗∗ 0.407∗∗∗

(0.205) (0.218) (0.015) (0.014) (0.013) (0.004) (0.003) (0.032) (0.014) (0.010) (0.015)

Panel B : Quadraticfit

secc_13 1.700∗∗∗ 1.765∗∗∗ -0.067∗∗∗ -0.021∗∗∗ 0.102∗∗∗ -0.021∗∗∗ -0.009∗∗∗ -0.037∗ 0.046∗∗∗ -0.011∗ -0.008
(0.104) (0.111) (0.006) (0.006) (0.005) (0.002) (0.001) (0.015) (0.011) (0.004) (0.006)

secc_13_2 0.007 0.008 0.001∗∗∗ 0.000 -0.002∗∗∗ 0.001∗∗∗ 0.000∗∗∗ 0.001 -0.003∗∗∗ 0.000 -0.000
(0.006) (0.006) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.000) (0.000)

Constant -3.300∗∗∗ -4.216∗∗∗ 0.813∗∗∗ 0.891∗∗∗ -0.196∗∗∗ 0.748∗∗∗ 0.730∗∗∗ 5.740∗∗∗ 0.587∗∗∗ 0.173∗∗∗ 0.404∗∗∗

(0.355) (0.380) (0.025) (0.024) (0.020) (0.007) (0.006) (0.057) (0.037) (0.019) (0.025)

Panel C : Cubicfit

secc_13 0.248 0.152 -0.049∗∗∗ -0.017 0.044∗∗∗ -0.022∗∗∗ -0.013∗∗∗ 0.022 0.201∗∗∗ -0.006 0.019
(0.170) (0.176) (0.013) (0.012) (0.013) (0.003) (0.003) (0.021) (0.017) (0.008) (0.012)

secc_13_2 0.146∗∗∗ 0.163∗∗∗ -0.000 -0.000 0.004∗∗ 0.001∗∗ 0.001∗∗ -0.004∗ -0.018∗∗∗ -0.000 -0.003∗

(0.020) (0.020) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) (0.002) (0.001) (0.001)

secc_13_3 -0.003∗∗∗ -0.004∗∗∗ 0.000 0.000 -0.000∗∗∗ -0.000 -0.000 0.000∗∗ 0.000∗∗∗ 0.000 0.000∗

(0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Constant 0.567 0.079 0.765∗∗∗ 0.881∗∗∗ -0.047 0.751∗∗∗ 0.740∗∗∗ 5.581∗∗∗ 0.207∗∗∗ 0.159∗∗∗ 0.331∗∗∗

(0.403) (0.417) (0.040) (0.036) (0.035) (0.010) (0.010) (0.065) (0.041) (0.027) (0.038)

N 38,621 38,621 3,971 3,971 4,224 8,618 8,625 3,971 4,653 3,971 3,971
r2_a 0.341 0.342 0.057 0.014 0.215 0.030 0.002 0.000 0.005 0.001 0.003

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Figure 6:
Source: ENAHO and OpenStreetMap data, authors’ calculations
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Figure 7: All public schools
Source: Peru Estadistica de la Calidad Educativa (ESCALE), au-
thors’ calculations

Figure 8: Public schools by state
Source: Peru Estadistica de la Calidad Educativa (ESCALE), au-
thors’ calculations

Figure 9: All public schools
Source: Peru Estadistica de la Calidad Educativa (ESCALE), au-
thors’ calculations

Figure 10: JEC schools
Source: Peru Estadistica de la Calidad Educativa (ESCALE), au-
thors’ calculations
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Figure 11: All public schools
Source: Peru Estadistica de la Calidad Educativa (ESCALE), authors’ calculations
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Figure 12: All public schools
Source: Peru Estadistica de la Calidad Educativa (ESCALE), authors’ calculations
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