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Abstract 

This paper examines the effects of phone calls designed to encourage viewership of the short t

ovela Decidiendo para un Futuro Mejor (Deciding for a Better Future, hereafter DFM) on nation

evision during the COVID-19 pandemic in 2020 in Peru. DFM uses video content to highlight th

nefits of education while providing concrete information on wages and financial aid opportun

s for higher education. We evaluate the impact of these calls on dropout rates in 2021 through

ndomized controlled trial involving over 80,000 families with high school students. Our finding

dicate that the phone calls led to a significant reduction in school dropout rates, with intention

-treat (ITT) effects of approximately −0.6 percentage points—a meaningful impact given the 10.2

erage dropout rate in the control group. The effects are stronger for students from schools wit

gher baseline dropout and poverty rates, with no significant differences based on parental educ

n levels. Our results also suggest that the observed effects are primarily driven by encouragemen

 watch DFM rather than by the direct impact of the phone calls themselves. These findings unde

ore the potential of cost-effective interventions to mitigate the adverse effects of major econom

ocks on educational trajectories. 
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 of information frictions in educational decisions has been widely recognized, with in

ed at reducing them proving to be among the most cost-effective approaches (see World

nd references therein). The COVID-19 pandemic exacerbated dropout risks and learning

ing various remote interventions, including phone calls, audio messages, video calls, a

es. Many countries also relied on educational television. Information provision may be p

evant during crises when school attendance costs rise and perceived benefits decline. R

hat adverse shocks impact school attendance (Jacoby and Skoufias, 1997; Bandiera et al

t the salience of costs intensifies during periods of economic stress (Bordalo et al., 2022).

dy contributes to the literature by evaluating the effects of educational information pr

he COVID-19 pandemic. Specifically, we examine the impact of providing educational in

eruvian high school families. The Ministry of Education (MINEDU) adapted the DFM p

levised format, broadcast nationwide in 2020 as part of Aprendo en Casa (AeC), MINEDU

mote learning strategy, which delivered content through online platforms, television, and

ployed telenovela-style videos to highlight the benefits of education, including wage 

ncial aid opportunities. Originally implemented in 2015 and 2016 as an in-person prog

trated significant effects on dropout rates and other educational outcomes (Neilson et al.

 episodes aired in two one-hour sessions on September 4 and 11, 2020. 

ss the impact of encouragement calls prompting families to watch the DFM episodes thr

ized controlled trial (RCT) targeting urban schools with high dropout rates. The RCT in

mately 80,000 families from 1,978 schools, with 50% randomly assigned to the treatment

U staff conducted phone calls informing families about the broadcast. Among those co

 64.3% agreed to receive the message; 79.8% of them had TV access and received an enco

 watch DFM, while the remaining households received a general educational message. 

2021 administrative enrollment data to ITT effects by comparing treatment and control g

 explore whether treatment effects arise from the phone calls directly or from DFM cont

 both OLS and regression-adjusted inverse probability weighting models (Imbens and Woo

eterogeneity analysis examines differential effects by student and school characteristics

 traditional analysis and machine learning techniques (Chernozhukov et al., 2018). Fina

 treatment-on-the-treated (ToT) effects, using the actual delivery of the encouragement 

 episodes as a proxy for take-up. 

tment effects analyses reveal four key results. First, ITT estimates show significant drop

s of 0.59–0.69 percentage points from a 10.2% control group baseline. Second, evidence su

cts stem from the encouragement to watch the DFM episodes rather than direct phone

 Third, effects are stronger in high-dropout, high-poverty schools. Fourth, ToT estimate

4–1.34 percentage points, with no evidence that differences in take-up explain heteroge

tion of our analysis is the lack of data on actual viewership of the DFM episodes among tre

trol groups, which is important for interpreting our estimates. To address this, we ob

n ratings from TV Perú for six major Peruvian cities, covering 54% of the urban popula
1 
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he ratings for the DFM broadcasts were extremely low—0.15% on September 4 and 0.1

ber 11—suggesting minimal overall take-up. This implies that our ToT estimates are likel

 of the effect of actually watching the episodes. 

per contributes to several literatures. It reinforces the cost-effectiveness of educational in

orld Bank, 2023b) and adds to research on remote interventions via phone calls (e.g., A

22, 2023; Hassan et al., 2024). It also informs research on scaling up educational program

elli et al., 2025; Angrist et al., 2023; Banerjee et al., 2017). While television ratings indic

hip, we show that encouragement calls significantly affected dropout rates. This highlig

es of scaling educational content through television, reinforcing the need for strategies t

ngagement, such as embedding content in widely watched formats (Kearney and Levin

 using targeted encouragement mechanisms, like those in our intervention. 

ckground: Education in Peru and the DFM project 

ucation in Peru Before the Pandemic 

ducational system comprises three levels: early childhood (ages 2–5), primary (ages 6–1

ry (ages 13–17). By 2019, completion rates were 97% for primary, 92% for lower seconda

 upper secondary education (data from Peru’s National Household Survey (ENAHO)—E

l de Hogares, as reported in UNESCO, 2025).1 Despite progress, Peru lags in learning ou

s significant socioeconomic disparities. In the 2018 PISA report, Peruvian students rank

om in mathematics, reading, and science at age 15.2 Peru also exhibits one of the widest

aps between low- and high-income students, with the highest variance in PISA scores lin

nomic conditions (OECD, 2019). National evaluations similarly show a one-standard-de

ance gap between children from the richest and poorest quintiles (Berlinski and Schady

g secondary school completion remains a key challenge. Before the pandemic, 10.7% of c

–16 in urban areas were not enrolled in secondary education in 2019. Appendix Figure 1

icator for 2016–2023, highlighting pandemic effects on enrollment and trends by gender. D

e also closely linked to child labor (Gunnarsson et al., 2006). 

e "Decidiendo para un Futuro Mejor" (DFM) Project 

an informational campaign developed in 2015–2016 by this research team in collaboratio

U to improve several educational outcomes and behaviors. The program provided stude

 with accessible information on the benefits of education, expected wage returns, and fi

ortunities. It featured a four-episode telenovela with relatable narratives and easy-to-und

hics based on real survey data, implemented in schools. The episodes covered key top

 the monetary and non-monetary returns to education, financial challenges of higher edu

e scholarships, loans, work-study options, and different higher education pathways. Th

was sourced from ENAHO surveys and included average salaries and gender-specific da

pletion rates follow UNESCO (2025) definitions: primary and lower secondary rates refer to children 3–5 yea
ation age and young people aged 15–24, while upper secondary rates apply to individuals aged 20–29. 
2 

 out of 77 in mathematics and science, and 63rd out of 76 in reading. 
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 targeted students from 5th grade in primary school to 5th grade in high school. Initially

in urban and rural schools, where videos were screened in classrooms, and teachers fac

ed discussions. Additional treatments included an app-based intervention and a com

g parents. Appendix A provides further details on the intervention, its implementatio

nt effects. 

al evaluation by Neilson et al. (2019), based on randomized allocation, found significa

 benefits. The 2015 urban intervention reduced dropout by 0.2 percentage points, wh

ed 2016 version led to a larger 1.8 percentage point decline over two years (18.8 percent). I

ropout rates also fell, with stronger effects for boys. Treated students reported higher educ

ns, perceived returns, and improved academic performance. Standardized test scores in

ercent of a standard deviation, with stronger gains in mathematics for girls. The interv

uced child labor, particularly among rural boys, with gender-differentiated impacts: gi

ore in academic performance, while boys experienced stronger effects on retention an

duction. 

U began scaling up the program in 2015 in full-day schools,3 but implementation va

acity (e.g., scheduling within school hours) and was further disrupted by COVID-19.4 Re

ank (2023b) recognized DFM as a cost-effective educational intervention. 

ru and the Pandemic 

ed severe COVID-19 impacts, recording one of the highest excess mortality rates glob

21, at 528.6 per 100,000 people (Knutson et al., 2022). The pandemic caused an 11% GDP 

 raising poverty from 20.2% to 30.1% (World Bank, 2021). About 6.7 million jobs were lost 

021), exacerbated by high labor informality (55.7% of non-agricultural jobs in 2020). Sch

ed 34 weeks of full closure and 43 weeks of partial opening during COVID-19 (UNESCO

ix Figure 1 shows a sharp decline in secondary school enrollment in 2020, with gender

hile no direct learning loss estimates exist, test score comparisons from 2019 to 2022 (Mi

ación del Perú, 2022) indicate significant declines in mathematics for 2nd and 4th grade

 standard deviations, respectively) and in reading for 2nd graders (0.11 standard devia

ate learning losses, MINEDU launched AeC, a multimodal education initiative designe

date differences in internet access, language, and age (including an online platform, natio

sts, and radio lessons in multiple languages Contraloría General de la República del Perú

day schools operate on an extended schedule (45 hours per week), provide socioemotional support, and
organizational structure. Introduced in 2015 with 1,000 schools, they expanded to about 2,000 by 2018, w
 as of March 2024. 

 result, DFM had limited impact on our study population, as the cohorts exposed to it had already progr
ades or graduated by 2020. 

ols closed in March 2020. By November 2021, only 2.9% of urban students were in hybrid learning (Banco C
el Perú, 2021), with most schools reopening by March 2022 (El Peruano, 2025). 

co et al. (2024) estimate a 5 percentage point enrollment decline in Peru during COVID-19, the largest in Latin
 Chile. 
ever, secondary school results show no decline, and 8th graders even improved by 0.14 standard deviations. 
n tests scores are not necessarily causal. Applying causal estimates from school closure studies (e.g., Patrin
learning losses of at least 0.34 standard deviations, or approximately 1.25 years of schooling. Actually, Wo
3 

ports that Peruvian students lost an average of 1.7 learning-adjusted years of schooling. 
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search Design and Methods 

ection we describe the intervention studied in this paper and data sources. We also ass

 in covariates in the baseline. Finally, we describe the methods used to estimate the impac

. 

search Design 

n the results from DFM (Neilson et al., 2019), MINEDU updated the infographics and re

 same soap-opera-style video during AeC. Episodes 1 and 2 aired on September 4, 2020

s 3 and 4 followed on September 11, 2020 (See Appendix A for details of each episode). Th

rvention occurred during nationwide school closures (March 2020–March 2022). The u

as designed and implemented by MINEDU independently of this research team, incorp

 from the prior intervention while adapting it for television. 

rvention encouraged families to watch DFM via phone calls from MINEDU personnel 

ith schools. The message varied by TV access: those with access to TV Perú received bro
 while others received a general message about education’s importance and school con

on.9 This (non-random) variation will help us analyze the call’s effects. 

ple included students from 1,978 urban schools with high dropout rates, specifically ta

 10th-grade students with at least one registered parental phone number.10 MINEDU ran

 989 schools to treatment or control groups for an individual phone call intervention.11 

tment group comprised parents of 39,334 students, of whom 28,490 (72.4%) answered t

90 (88.8%) agreed to receive the treatment, representing 64.3% of all households in the tre

Among them, 79.8% received the message inviting them to watch the program, while

 the general message.12 In total, 51.3% of treated parents received the encouragement to

actual message was (our translation): "The reason for my call is to inform you that this and next Friday, A
have a special program about the importance of continuing to study, even in difficult situations like the one
is special program will last one hour and will contain important information about the value of education in
important to pursue higher studies at an institute or university, and also about the financial support oppo
to study in these centers. For students in 3rd and 4th year of secondary education, like [Student_Name], the
ogram will be broadcast this Friday, September 4, from 3 to 4 in the afternoon on TV Perú, and the second 
ptember 11, at the same time and channel. Don’t miss the opportunity to watch this program with your fam

actual message was (our translation): "The reason for my call is to remind you how important education is fo
r future and to offer a message of support during these difficult times. Despite the challenges, it is crucial tha

he children and young people in the household to continue with their studies and reach their goals. Remem
of [Student_Name] and the principal of their school are available to support you. If you have difficulties co
 can also reach out to the UGEL to which [Student_Name]’s school belongs." 

endix Table 1 compares our study sample with other urban schools and rural schools. As expected, our
nificantly from rural schools across most dimensions. More interestingly, when compared to other urban
le includes students from larger schools in terms of both student and teacher populations. They also tend 
ifferent boy-to-girl ratio compared to other urban secondary schools. Moreover, students in our sample ar
 intervention being targeted at schools with higher dropout rates. This also implies that our sample is located
er percentage of TV ownership and internet connections, though with greater access to cell phones. 

ough the treatment was implemented implemented at the household level, randomization occurred at the sch

gistical constraints. Stratification was based on school size: small (≤ 20 students in 9th-10th grade), mediu
, and large (>50 students). 

HO data indicates that 74% of households in the intervention areas owned a television, aligning with this fig
4 

anel A. 
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 TV, while 13% received the general message. Calls were made from September 1–4, 2020

 duration of 3.5 minutes. The encouragement calls cost approximately $60,000 (about $10

anslating to $1.5 ($2.7 at PPP) per student, while updating the videos, adapting them to t

and airing them on public television cost about $52,000 ($93,500 at PPP), or roughly $0.05

per student across the two targeted cohorts. 

ata 

in outcome and several covariates used in the balance checks and subsequent estimati

 from administrative records on student enrollment for the years 2020 and 2021. Addit

evel information, including poverty levels, number of teachers, and other relevant char

s incorporated. Take-up data for the phone calls was collected during the intervention. F

r each treatment and control student and parent, an array of educational and socioeco

s was obtained from administrative records. Finally, district-level socioeconomic data

was sourced from the 2020 ENAHO survey.13 

lance 

y randomized evaluation, we assess balance across multiple dimensions. We conduct th

wo levels. First, we examine balance at the school level, where we have access to a lar

bles. Second, we assess balance at the student level for a subset of variables collected a

nt was implemented. Table 1 presents balance on observables at both levels: Panel A 

evel characteristics, including variables that capture the attributes of the municipalities

ols are located, while Panel B focuses on individual-level characteristics. We find bala

riables, with three exceptions: the share of rural schools in the area, as well as student 

ents schooling years. However, the magnitude of these differences does not appear econo

nt. For instance, the share of girls is 47.6% in the treatment group versus 49.2% in the 

nd parental years of schooling is 8.77 versus 8.66, respectively. Overall, our interpreta

sults is that there are no economically meaningful differences between the treatment and 

across most relevant variables. Nevertheless, we will control for the unbalanced variable

timates, and our results remain robust to these controls. 

atistical Methods 

dom assignment of phone calls allows us to estimate the treatment effect by comparing a

es between the treatment and control groups. To improve precision and account for po

ces, we follow Duflo et al. (2008) and employ a regression specification that includes v

 and school characteristics. The direct impact of the calls (the ITT estimator) is estimated

wing OLS regression: 

Dropoutis = α + βTis + ΓXis + ϵis 

trict is the third-level administrative subdivision, below provinces and departments, in Peru. The are 25 depa
5 

nces, and almost 1,900 districts. 
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TABLE 1: Sample Balance on School-level and Student-level Observables 

Controls Treated Difference Std. Error 

Panel A: School-level Observables    

% with disability 0.013 0.013 0.000 0.001 
% Female 0.477 0.483 0.006 0.005 
Years of age 15.518 15.533 0.014 0.015 
% Morning class 0.659 0.641 -0.018 0.019 
% Afternoon class 0.128 0.151 0.022 0.015 
N° Eligible 40.165 39.867 -0.298 1.075 
Income quintile 3.267 3.279 0.012 0.060 
Median income 6442.556 6599.964 152.540 126.950 
% Rural area 0.028 0.017 -0.011∗ 0.007 
N° Students 286.922 285.107 -1.815 7.129 
N° Teachers 19.942 19.658 -0.284 0.452 
N° Female 135.532 137.869 2.337 4.023 
t − 1 Dropout rate 0.092 0.091 -0.001 0.002 
% TV ownership 0.742 0.743 -0.001 0.011 
% Internet connection 0.202 0.208 0.006 0.007 
% Cellphone ownership 0.636 0.633 -0.002 0.007 
% Female parent 0.669 0.670 0.001 0.008 
% Parents no school 0.045 0.043 -0.002 0.002 
% Parents prim. school 0.436 0.445 0.009 0.010 
% Parents high school 0.416 0.412 -0.004 0.009 
% Parents college 0.102 0.098 -0.004 0.004 

Panel B: Student-level Observables    

Grade in 2020 9.496 9.499 0.003 0.004 
Has disability 0.009 0.010 0.000 0.001 
Female 0.476 0.492 0.016∗∗∗ 0.003 
Juntos beneficiary 0.186 0.183 -0.003 0.003 
Parents schooling years 8.765 8.660 -0.103∗∗∗ 0.026 

Years of age 15.358 15.366 0.007 0.007 

Notes: The average difference between groups comes from regressing each vari- 
able on treatment status, controlling for strata fixed effects. Robust standard errors. 
% Female is the share of female students; similarly for % Handicapped, % Morn- 
ing Class, and % Afternoon Class. Income Quintile is the school’s median income 
quintile; Median Income is the municipality’s median income. % TV Ownership, % 
Internet Connection, and % Cellphone Ownership are the rates of households own- 
ing a TV set, having internet, and owning cellphones in the municipality. % Rural 

Area is the share of rural schools. t − 1 Dropout is the 2019 dropout rate. No Eligi- 
ble is the number of 9th and 10th grade students; No Students is the total number of 
students; No Female is the total number of female students. Gender and disability 
are dummies indicating whether a student is female or has a disability. Juntos is a 
dummy for program beneficiaries. Parent’s schooling years is the number of school- 

ing years of the registered parent. Age is the student’s age. ∗ p < 0.1, ∗∗ p < 0.05, 
and ∗∗∗ p < 0.01. 
6 
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ropoutis is a binary indicator for whether student i in school s was not enrolled by the

is denotes assignment to the encouragement treatment group, with β capturing the ITT

sents a set of covariates, including strata fixed effects, school characteristics, and studen

cs, while ϵis is the error term. Although the treatment was implemented at the househo

nnel unaffiliated with the schools and delivered during a period of school closures, we

d errors at the classroom level in our preferred specifications to adopt a conservative app

 present heterogeneous treatment effects using both traditional regression analyses and

arning procedure suggested by Chernozhukov et al. (2018). Additionally, we estimate trea

reated (ToT) models using instrumental variable regression to assess the effects of actually

ncouragement to watch DFM through television and to examine whether the heterogene

 related to differences in take-up rates. Specifically, we use a dummy variable indicating w

nt received the encouragement design message to watch DFM as the endogenous varia

ent it using the intention-to-treat dummy Ti. 

sults 

ection, we present the primary results of our study on treatment effects. We begin by re

nt effects. Next, we present heterogeneous ITT effects considering key dimensions relate

l effects of the treatment. 

eatment Effects 

presents the ITT estimates of an initial set of specifications. The first column consists of th

ecification, considering only strata fixed effects and robust standard errors, finding an IT

 percentage points (pp), significant at the 1% level. This compares with an average dropo

 in the control group and with an average dropout rate of 7.85% in 2019. These relative

 dropout rates are due to the fact that the sample where we implemented our experiment c

ls in the two highest quintiles of dropout rates. The second column presents the same es

 clustered standard errors at the classroom level. While this is not necessary, as the tre

lemented at the individual level and the schools were closed during the relevant period

 the following specifications to be conservative. Unsurprisingly, the standard errors incre

 effect is only significant at the 10% level. 

lumn (3) presents the ITT estimates adding a vector of individual-level control variables

e precision of our estimates and account for potential effects of the imbalances identified i

ariables are: a dummy variable indicating the student’s grade level in 2020, a dummy v

ng whether the student has any disabilities, a dummy variable indicating the student’s g

y variable indicating whether the student is a beneficiary of the Juntos program14, a v

ng the number of years of schooling of the student’s parent, and a variable indicating t

ge. The size of the ITT estimate increases to −0.63 pp, significant at the 10% level. Next, c

 school-level controls including dummies indicating the poverty quintile of the school i
7 

s is a national conditional cash transfer program in Peru. See World Bank (2019) for details. 
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TABLE 2: ITT Effects on Dropouts in 2021 

(1) (2) (3) (4) (5) (6)

ent Dummy -0.0059∗∗∗ -0.0059∗ -0.0063∗ -0.0069∗∗ -0.0085∗ -0.0069

( 0.0021) ( 0.0036) ( 0.0035) ( 0.0035) ( 0.0044) ( 0.00

red Standard errors 

  
Classroom 

 
Classroom 

 
Classroom 

 
Classroom 

 
Classro

nt Controls   X X X X 
l Controls    X X X 
ct FE     X  

d OLS OLS OLS OLS OLS Double 

vations 81,654 81,654 81,329 81,329 81,329 81,32

 for p < 0.1, ∗∗ for p < 0.05, and ∗∗∗ for p < 0.01. Standard errors in parentheses. Column (1) presents the mo
tion with only randomization strata as control variables and robust standard errors. Column (2) replicates c
ses clustered standard errors at the classroom level. Column (3) includes student characteristics as covariate
ects (9th and 10th grade), a disability dummy, a gender dummy, dummies for parent’s schooling years, du
ficiaries of the Juntos social program, and dummies for age. Column (4) includes school-level covariates: nu
 eligible for treatment (i.e., 9th and 10th grade students), past school dropout rate, school poverty quintile f
al number of students enrolled, number of teachers, and the number of female students enrolled. Column (
ects at the district level to the control set. Column (6) presents the results of a double-selection Lasso mode
 are selected endogenously. In all specifications, the control mean outcome is 0.102. 

out rate of the school in 2019, the total number of students in the school, the total num

 in the school, the total number of female students in the school, and the number of 9th

. Again, the absolute value of the ITT estimate slightly increases to −0.69 pp, significant at

ext, column (5) adds district-level fixed effects to account for any variability across distric

mate increases in size to −0.85 pp, significant at the 10% level. Finally, column (6) prese

mate using a double-selection Lasso model, where controls are selected endogenously. T

T estimate remains consistent with previous results, with a coefficient of −0.69 pp, signif

evel. 

dence so far indicates that the encouragement design significantly reduced dropout rate

that the calls effectively motivated families to engage with the videos. This finding alig

s results from the DFM program in Peru. However, we lack data on whether household

nt and control groups actually watched the DFM episodes. This limitation is important

alls may have directly influenced dropout rates or created spillover effects. Table 3 ad

e by analyzing two margins: (i) treatment effects on families that received only the gener

cking access to TV Perú) and (ii) treatment effects on students from the same schools who 

calls. In Panel A, we estimate OLS models for these subgroups, compare them to Colum

 and present regression-adjusted inverse probability weighting (RAIPW) estimates in Pa

 for selection on observables.15 Column (1) restricts the sample to families who received th

ssage" without mention of DFM on television. The OLS estimate is 0.30 percentage poin

PW estimate is 0.34, with neither statistically different from zero. Moreover, the OLS e

ntly differs from our main estimate in Table 2 (p-value = 0.00). Although the message c

se RAIPW because the subsamples in Table 3 are unbalanced on some socioeconomic variables, with famili
8 

 treatment group typically being poorer than those in the general treatment group. 
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 randomly assigned, these results suggest that the call’s effects did not operate through

ing or general educational motivation. Thus, this serves as a placebo test for the main trea

pecifically encouraged families to watch DFM. Column (2) examines an additional marg

n untreated students attending the same schools as treated ones, serving as both a place

eck for spillover effects. Again, treatment effects estimated via OLS and RAIPW are no

ifferent from zero, and the OLS estimate differs from our main estimate (p-value = 0.0

pillover effects likely results from the school closures during this period as the treatme

ally applied, focusing on families rather than schools, as previously discussed. 

TABLE 3: ITT Effects on Dropouts on 2021: Placebo and Spillover Effects 

 (1) (2) 

 Panel A: OLS estimates   

 Treatment Dummy 0.0030 0.0062 
  ( 0.0040) ( 0.0043) 

 
P-value of comparison with main estimate 0.0000 0.0000 

 
Panel B: RAPIV Estimates 

  

 Treatment Dummy 0.0034 0.0062 
  ( 0.0040) ( 0.0042) 

 Sample 
Observations 

No access to TV Peru 
61,203 

No Message 
56,124 

Notes: ∗ for p < 0.1, ∗∗ for p < 0.05, and ∗∗∗ for p < 0.01. Clustered standard errors at the 
class-room level in parentheses. All specifications include student- and school-level controls. 
Column (1) estimates treatment effects for students whose parents received the general mes- 
sage (without mention of the broadcasting of DFM videos on TV Peru). Column (2) presents 
treatment effects for students whose parents did not receive any message but were in the treat- 
ment group. In all specifications, the control mean outcome is 0.102. 

, the ITT estimates indicate a reduction of approximately 0.6 p.p. in dropout rates, from a

pout rate of 10.2% in the control group. Moreover, the results in Table 3 suggest that these

driven by the direct impact of the calls. These findings highlight that even modest interv

ificantly reduce dropout rates. 

eterogeneous Treatment Effects 

 established the average effect of the intervention on dropout probability, we now explo

ous treatment effects to understand the underlying mechanisms. We present both trad

s (i.e., estimating treatment effects for subsamples) and employ the machine learning pro

nozhukov et al. (2018). 

ine heterogeneity along the following dimensions: 

ender: Examining differential effects for male and female students, as both groups ma

en affected differently by COVID-19 (see Appendix Figure 1) and DFM, as documented

ous research (see the review in J-PAL, 2019 and Bandiera et al., 2024). 
9 

rade Level: Assessing whether impacts vary by grade level, as dropout rates tend to increase in 
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gher grades (Neilson et al., 2019). 

rticipation in the Juntos Program: Using Juntos beneficiary status as a proxy for poverty

rental Education Level: Considering whether parents’ education (above/below median)

tcomes. 

hool Poverty Levels: Comparing schools below and above the third quintile of poverty i

hool Dropout Rate: Analyzing schools with dropout rates below and above the median i

nal heterogeneity analyses in Panel A of Figure 1 and Appendix Table 3 identify only 

s for which we find statistically significant differences in ITT effects: poverty and pre-

t rates at the school level. The estimate for students in high-poverty and high-dropout sch

d −1.26 percentage points (pp), respectively, while estimates for lower poverty/dropout 

 zero. 

esults motivate the estimation of heterogeneous treatment effects using Chernozhuko

 method, where we generate "proxy predictors" for the conditional average treatmen

. We include all covariates in Xis. The Best Linear Predictor (BLP) of the CATE, averag

fects (ATE), and heterogeneity loading (HET) parameters are estimated. Table 4 shows res

et (EL) and random forest (RF). The ATEs align with previous ITT models, and HET coef

ificantly different from zero, indicating substantial heterogeneity. 

s from schools with high poverty and high dropout rates before COVID-19 benefit th

t affected group has a lower proportion of students from high-poverty schools (0.287 in 

 RF) compared to the most affected group (0.419 in EL and 0.416 in RF), as well as a

ion from high-dropout schools (0.470 in EL and 0.480 in RF) relative to the most affected

 EL and 0.558 in RF). Gender differences indicate that female students benefit more, as

ower proportion of girls in the least affected group (0.448 in EL and 0.419 in RF) comp

t affected group (0.495 in EL and 0.479 in RF). However, traditional heterogeneity analy

al statistically significant differences in effects between boys and girls. The estimated effe

ercentage points (pp) for girls (statistically significant) and −0.43 pp for boys, but the diff

 these estimates is not statistically significant (p-value = 0.36). Therefore, we conclude th

ar evidence of differential treatment effects by gender. Similarly, differences in treatment

e level, Juntos participation, and parental education are not statistically significant, con

 findings from traditional heterogeneity analyses. 

, these patterns contribute to understanding the mechanisms at play and provide insigh

rnal validity of this type of intervention. The program was implemented during a pe

isruption to the educational system, within a sample characterized by high dropout rat

in this section suggest that populations in areas at greater risk of being affected by the

ced the most significant impacts. Specifically, students attending schools in high-povert

se with a higher ex-ante share of school dropouts were the most affected. This may help 

nitude of the effects, as the intervention disproportionately benefits students who may 

t. In contrast, the effects are close to zero for students in low-poverty areas and schoo
10 

-ante dropout risks. This suggests that interventions like the one studied in this paper could be 
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Panel A Panel B 

Panel C 

tes: Dots represent point estimates, with lines indicating 90% confidence intervals. Standard errors are clu
d at the classroom level. Panel A reports ITT effects (Appendix Table 3, Panel A), Panel B presents first-sta

imates (i.e., the effect of treatment assignment on take-up; Appendix Table 3, Panel C), and Panel C shows T
cts (Appendix Table 3, Panel B). All specifications follow those in Column (4) of Table 2. High and Low valu
 defined based on sample splits above and below the median value of each covariate. The red vertical li
rks zero, while estimated effects for the full sample are displayed in a different color under the label "Poole
 reference. 
11 
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TABLE 4: Heterogeneous Treatment Effects Estimates using Machine Learning 

PANEL A: Best linear prediction (BLP): coefficient of average and heterogeneous treatment effects 
Elastic Net 

ATE HET 
 Random Forest 

ATE 
-0.011∗∗

 0.961∗∗∗
  -0.008∗∗

 0

(-0.018,-0.005) (0.898,1.023)  (-0.015,-0.002) (0
[0.001] [0.000]  [0.028] 

PANEL B: Classification Analysis (CLAN), difference in variables between most and least affected groups 

Least Affected 
Elastic Net 

Most Affected Difference 
 

Least Affected 
Random Forest 

Most Affected D
0.448 0.495 -0.046∗∗∗

  0.419 0.479 -0

(0.438,0.459) (0.484,0.506) (-0.062,-0.031)  (0.408,0.430) (0.468,0.489) (-0
- - [0.000]  - - 

2020 12.500 12.500 0.000  12.490 12.500 
(12.490,12.510) (12.490,12.510) (-0.015,0.015)  (12.480,12.500) (12.480,12.510) (-0

- - [1.000]  - - 
neficiary 0.167 0.170 -0.004  0.154 0.158 

(0.158,0.175) (0.162,0.178) (-0.015,0.007)  (0.146,0.162) (0.150,0.166) (-0
- - [0.976]  - - 

cation 0.489 0.490 0.004  0.451 0.460 
(0.478,0.500) (0.479,0.500) (-0.011,0.020)  (0.440,0.462) (0.449,0.471) (-0

- - [1.000]  - - 
erty 0.287 0.419 -0.133∗∗∗

  0.277 0.416 -0
(0.276,0.297) (0.409,0.429) (-0.148,-0.119)  (0.267,0.287) (0.406,0.426) (-0

- - [0.000]  - - 
p-out 0.470 0.546 -0.079∗∗∗

  0.480 0.558 -0
(0.459,0.480) (0.535,0.557) (-0.094,-0.064)  (0.470,0.491) (0.547,0.569) (-0

- - [0.000]  - - 

nels A and B present the medians over 100 random sample splits for each parameter and predictive model, 
r the null hypothesis (parameter equal to zero) shown in brackets. For more details about the methodology 

ozhukov et al. (2018). Standard errors clustered at the classroom level are in parentheses. ∗ for p < 0.1, ∗∗ for
or p < 0.01. 
12 
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 to specific populations that gain the most from such interventions. Interestingly, the a

ogeneous effects by family human capital implies that the effects cannot be primarily att

tional mechanisms, such as parental responses to information provision on education. I

pear more closely related to the risk of dropping out during the severe negative shock cau

-19.16 

eatment on Treated Effects 

 estimate treatment-on-the-treated (ToT) models to (i) provide estimates of the call’s effect 

sing the encouragement design as an instrumental variable and (ii) assess whether diffe

ffects can be attributed to variation in take-up. Our measure of take-up is a binary indic

r a parent received the complete treatment call. Appendix Table 2 presents ToT estimates

irst-stage results (Panel B). The effects of treatment assignment on take-up range from 0.51

ll specifications, indicating that control variables do not account for differences in take-u

s range between −1.14 and −1.34, maintaining statistical significance similar to that repo

 When district fixed effects are included in Column (5), the ToT estimate increases to −

eneity results in Panels B and C of Figure 1 (and Appendix Table 3) indicate that while th

ally significant differences in take-up, they do not account for the heterogeneity in ITT eff

y, ToT estimates confirm significant treatment effects, with heterogeneity patterns that ca

d by differential take-up rates. 

scussion and Conclusions 

VID-19 pandemic has disrupted educational systems worldwide, exacerbating challeng

 school dropout rates. This paper examines the impact of phone calls encouraging fam

V episodes from the DFM informational campaign on high-school dropout rates in Per

ogram aimed to highlight the benefits of education and provide information on wages

aid. Our ITT estimates indicate a reduction in dropout rates of approximately −0.6 perc

p.p.) from an average dropout rate of 10.2% in the control group. ToT estimates of the enco

ll imply effects of about −1.3 p.p. in comparable specifications. This negative impact alig

s research on the DFM program (Neilson et al., 2019), though the effects are smaller, as ex

at this was a softer implementation of the program (encouraging remote TV viewing a

n-person delivery at school with a teacher acting as a mediator). Because of the same r

cts are also smaller than those reported in J-PAL (2019) for interventions aimed at influ

s’ perceived returns to education and motivation. The average (median) estimated impact

 approximately 4.2 p.p. (3.2 p.p.). 

tion of our analysis is that we do not have information on the actual viewership of th

s among treatment and control groups. This is crucial for interpreting the ITT and ToT

olicy perspective. If viewership in the control group were very high, the small ITT effect co

e are non-trivial differences in years of schooling of parents between groups above and below the median: th
 of schooling for the group below the median and 11 years for the group above the median. 

actice, ToT estimates are Wald estimators (Angrist and Keueger, 1991), re-scaling ITT estimates by the t
13 

nt dummy in the first stage, approximately 0.52. 
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d by high take-up in that group. To assess this point, we obtained data from TV Perú on

ngs for urban areas in six Peruvian cities (Lima, Trujillo, Piura, Huancayo, Cusco, Arequi

o), which represented about 54% of the urban population in 2020 and partially overlappe

ple of urban schools.18 Ratings measure the percentage of households watching the p

 to those with a functioning television. At the time of the DFM episodes, ratings were 0.

ber 4 and 0.14% on September 11. These are very low numbers and serve as upper bounds

e-up, as some households may not have had a functioning television at the relevant times

 have two key implications for our analysis. First, our ITT effects are unlikely to be infl

 take-up in the control group, meaning our ToT estimates represent lower bounds of the

lly watching the DFM episodes. Second, it appears that scaling up DFM via television w

ul in this context due to low viewership. This suggests that, to effectively scale up the pr

mation through television, programs must be embedded within formats that ensure hig

 (as in Kearney and Levine, 2019 and Kearney and Levine, 2015) or incorporate encourag

 similar to the one implemented in this study. 

 to this point, our study also contributes to the growing literature on phone call interv

t influencing educational outcomes, particularly those implemented during the COVID

ese interventions were typically related to tutoring and student support, often involving

el during school closures. While our intervention shares some features with these studies

 phone calls to encourage family engagement—it differs in key ways: it was much sh

utes versus multiple or longer calls) and did not provide content directly but rather e

ilies to watch DFM. Nonetheless, we can compare our results to those from other interve

iously discussed, the average cost per student for the encouragement design was $1.5

es with a cost of phone-based interventions of $12 in Angrist et al. (2023), $20 in Hassa

40 in Crawfurd et al. (2021), and between $3.90 and $6.80 in Schueler and Rodriguez-

Notably, the interventions in Crawfurd et al. (2021) and Schueler and Rodriguez-Segura

 no significant effects on educational outcomes. Next, we evaluate whether our interventi

ctive. We computed cost-effectiveness in terms of Learning-Adjusted Years of Schooling 

g Angrist et al. (2020). Our treatment effects on dropout rates imply an impact equiva

 0.0048 (under the conservative assumption of no permanent effects on school enrollme

assuming permanent effects on school enrollment for the remaining years of secondary

his implies that our intervention yields between 0.32 and 0.48 additional LAYS per $100

fects are much smaller than those in more intensive interventions—such as Angrist et al

S per $100) and Hassan et al. (2024) (3.8 LAYS per $100)—our intervention’s cost-effect

 non-trivial. According to Angrist et al. (2020), the estimated impact ranks in the top 20%

rventions analyzed in that paper. Furthermore, it demonstrates a higher effect per $100 t

er intervention implemented in Peru mentioned in that study (Gallego et al., 2019), wh

t of 0.31 LAYS per $100. 

, our results underscore that even modest interventions that encourage behavioral chan

aningful and cost-effective impacts on dropout rates, particularly during periods when d

e likely to increase, as highlighted in the introduction. However, further research is nee
14 

hank Eduardo Guzmán and Eliseo Lock for sharing this information. 
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ne how best to scale up these interventions effectively and efficiently. In particular, our fi

 that targeting higher-risk populations—those with higher poverty rates and greater ex

t rates—could enhance cost-effectiveness. A detailed discussion on how to design optim

ment mechanisms for scaling up policies goes beyond the scope of this paper. Howe

ing application of such work related to phone call interventions is found in Angrist et al.

xplores optimal ways to implement phone calls to support remote learning. Notably, so

 our intervention align with scalable policies, such as the use of regular MINEDU emplo

 the calls, making the intervention more feasible at scale. Further research could explo

 greater depth, as well as the long-term impacts of this type of interventions in different c

 mechanisms underlying their effects. For instance, we lack information on whether ou

 led families and students to make additional educational investments—such as engagin

ntent available through the AeC program—which could help explain our results. 

tion of generative AI and AI-assisted technologies in the writing process 

the preparation of this work the authors used ChatGPT in order to copy-edit the text of the

ing this tool, the authors reviewed and edited the content as needed and take full respon

ontent of the publication. 

nces 

elli, F., Avitabile, C., and Bobba, M. (2025). Enhancing human capital in children: A cas

ling. Journal of Political Economy, 133(2). 

, J. D. and Keueger, A. B. (1991). Does Compulsory School Attendance Affect Schooli

ngs? The Quarterly Journal of Economics, 106(4):979–1014. 

, N., Ainomugisha, M., Bathena, S. P., Bergman, P., Crossley, C., Cullen, C., Letsomo, T

, M., Panti, R. M., Sabarwal, S., and Sullivan, T. (2023). Building resilient education sy

nce from large-scale randomized trials in five countries. NBER Working Paper, (31208). J

4, O15. 

, N., Bergman, P., and Matsheng, M. (2022). Experimental evidence on learning using lo

 school is out. Nature Human Behaviour, 6:941–950. 

, N., Evans, D. K., Filmer, D., Glennerster, R., Rogers, F. H., and Sabarwal, S. (2020). How

 education outcomes most efficiently? a comparison of 150 interventions using the new le

ted years of schooling metric. Policy Research Working Paper, (9450). 

entral de Reserva del Perú (2021). Reporte de Inflación: Panorama actual y proyecciones m

icas 2021-2023. Technical report, Banco Central de Reserva del Perú, Lima, Peru. Recu

ectivas sobre la educación básica en Perú, 2020-2021. 

a, O., Buehren, N., Goldstein, M., Rasul, I., and Smurra, A. (2024). Safe spaces for teena

me of crisis. Unpublished Manuscript. 

e, A. V., Banerji, R., Berry, J., Duflo, E., Kannan, H., Mukerji, S., Shotland, M., and Walt
15 



Journal Pre-proof

 

(2017 cation. 

Journ

Berlinsk  Policy. 

Palgr York, 1 

editio

Bordalo 4. First 

publi

Bracco, ovid-19 

on ed  Income 

and W

Chernoz  (2018). 

Doub Journal, 

21(1):

Contral 9-2021- 

cg/sa rgencia 

sanita traloría 

Gene

Crawfu  a pan- 

demic

Duflo, E esearch: 

A Too er. 

El Peru iario El 

Perua

Gallego kills in 

presc

Gunnar in latin 

ameri

Hassan,  during 

schoo ):2418– 

2438. 

Imbens, rogram 

evalu

J-PAL (2 ights. 

Jacoby, ountry. 

Review
Jo
ur

na
l P

re
-p

ro
of

). From proof of concept to scalable policies: Challenges and solutions, with an appli

al of Economic Perspectives, 31(4):73–102. 

i, S. and Schady, N., editors (2015). The Early Years: Child Well-Being and the Role of Public

ave Economics & Finance Collection, Economics and Finance. Palgrave Macmillan New 

n. 

, P., Gennaioli, N., and Shleifer, A. (2022). Salience. Annual Review of Economics, 14:521–54

shed as a Review in Advance on May 10, 2022. 

J., Ciaschi, M., Gasparini, L., Marchionni, M., and Neidhöfer, G. (2024). The impact of c

ucation in latin america: Long-run implications for poverty and inequality. The Review of

ealth. First published: March 26, 2024. 

hukov, V., Chetverikov, D., Demirer, M., Duflo, E., Hansen, C., Newey, W., and Robins, J.

le/debiased machine learning for treatment and structural parameters. The Econometrics 

C1–C68. 

oría General de la República del Perú (2021). Informe de orientación de oficio n°991

den-soo: “implementación de la estrategia “aprendo en casa” en el marco de la eme

ria para la prevención y control del covid-19”. Informe de orientación de oficio, Con

ral de la República del Perú. 

rd, L., Evans, D. K., Hares, S., and Sandefur, J. (2021). Teaching and testing by phone in

. Technical Report 591, Center for Global Development. 

., Glennerster, R., and Kremer, M. (2008). Using Randomization in Development Economics R

lkit, volume 4 of Handbook of Development Economics, chapter 61, pages 3895–3962. Elsevi

ano (2025). Se completó apertura del 100% de colegios públicos, informa Minedu. D

no. Consulted on March 7, 2025. 

, F. A., Näslund-Hadley, E., and Alfonso, M. (2019). Changing pedagogy to improve s

hools: Experimental evidence from peru. The World Bank Economic Review. 

sson, V., Orazem, P. F., and Sánchez, M. A. (2006). Child labor and school achievement 

ca. The World Bank Economic Review, 20(1):31–54. 

 H., Islam, A., Siddique, A., and Wang, L. C. (2024). Telementoring and homeschooling

l closures: A randomised experiment in rural bangladesh. The Economic Journal, 134(662

Published: 11 March 2024. 

 G. W. and Wooldridge, J. M. (2009). Recent developments in the econometrics of p

ation. Journal of Economic Literature, 47(1):5–86. 

019). Increasing student enrollment and attendance: impacts by gender. J-PAL Policy Ins

H. G. and Skoufias, E. (1997). Risk, financial markets, and human capital in a developing c

 of Economic Studies, 64:311–335. 
16 



Journal Pre-proof

 

Kearney s 16 and 

Pregn

Kearney sesame 

street

Knutson stimat- 

ing g reprint 

arXiv

Ministe dizajes 

logra esulta- 

dos d º grado 

de sec

Neilson  capital 

accum ments/ 

DFM/

OECD (

Patrinos esearch 

Worki

Schuele udents 

in ken form at 

Brow

UNESC

World B

World uidad 

en  tion/ 

resur

World B g: Peru 

Pover

World B idence 

tell us  report, 

World
Jo
ur

na
l P

re
-p

ro
of

, M. S. and Levine, P. B. (2015). Media influences on social outcomes: The impact of mtv’

ant on teen childbearing. American Economic Review, 105(12):3597–3632. 

, M. S. and Levine, P. B. (2019). Early childhood education by television: Lessons from 

. American Economic Journal: Applied Economics, 11(1):318–350. 

, V., Aleshin-Guendel, S., Karlinsky, A., Msemburi, W., and Wakefield, J. (2022). E

lobal and country-specific excess mortality during the covid-19 pandemic. arXiv p

:2205.09081. 

rio de Educación del Perú (2022). Evaluación Muestral de Estudiantes 2022: ¿Qué apren

n nuestros estudiantes? Technical report, Ministerio de Educación del Perú, Lima, Peru. R

e la evaluación nacional de logros de aprendizaje para 2.º, 4.º, y 6.º grado de primaria y 2.

undaria. 

, C., Gallego, F., and Molina, O. (2019). The impact of information provision on human

ulation and child labor in peru. https://christopherneilson.github.io/work/docu

DFM_DOL_EndlineReport.pdf. 

2019). PISA 2018 Results (Volume II). 

, H. A. (2023). The longer students were out of school, the less they learned. Policy R

ng Papers, (10420). 

r, B. E. and Rodriguez-Segura, D. (2021). A cautionary tale of tutoring hard-to-reach st

ya. Technical Report EdWorkingPaper No. 21-432, Annenberg Institute for School Re

n University. 

O (2025). World inequality database on education (wide). Accessed: March 7, 2025. 

ank (2019). Peru - results in nutrition for juntos project. World Bank Report. 

 Bank  (2021). Resurgir fortalecidos:  Evaluación de pobreza y eq

 el   perú.  https://www.worldbank.org/en/country/peru/publica

gir-fortalecidos-evaluacion-de-pobreza-y-equidad-en-el-peru. 

ank (2023a). Chapter 2: The Long-lasting Impacts of COVID-19 (English). In Rising Stron

ty and Equity Assessment - Overview Report. World Bank Group, Washington, D.C. 

ank (2023b). Cost-effective approaches to improve global learning: What does recent ev

? are smart buys for improving learning in low- and middle-income countries. Technical

 Bank Group. 
17 



Journal Pre-proof

 

A  O

This app esearch 

(see Ne ns and 

improv mation 

about th atured 

a four-e on real 

survey 

The epi

1. Le nd the 

ch

2. St  school 

an

3. A ucation 

bu graphic 

pr ram in 

Pe

4. Ch n path- 

w sential 

sk

Informa verage 

salaries l to 5th 

grade in lot fea- 

turing c te high 

school a m ben- 

efits, wh  Diego, 

illustrat , while 

Quique n inno- 

cent opt nt-day 

effort an s.Thus, 

Diego’s dibility 

and effe

Initially  where 

videos w pisode 

discussi as con- 

ducted n rural 

areas. T d of all 

seconda , where 

logistica istricts 
Jo
ur

na
l P

re
-p

ro
of

riginal DFM Program: Details and Summary of Previous Results 

endix presents a summary of the DFM program and the main findings from previous r

ilson et al., 2019 for details). DFM was developed to address low educational aspiratio

e various educational outcomes by providing students and parents with accessible infor

e long-term benefits of education. The intervention, implemented in 2015 and 2016, fe

pisode telenovela with relatable narratives and easy-to-understand infographics based 

data. 

sodes covered: 

arning the Value of Education – The introductory episode presented the main characters a

oices they faced, emphasizing the non-monetary benefits of education. 

udying to Live a Better Life – This episode explored the financial returns of completing high

d pursuing higher education, with gender-specific data presented in the infographic. 

Scholarship for My Dreams – The characters learned about financial barriers to higher ed

t also discovered available scholarships, student loans, and work-study options. The info

ovided an overview of financing mechanisms, particularly the Beca 18 scholarship prog

ru. 

oosing My Major, a Major Decision – The final episode addressed different higher educatio

ays, providing information on the returns to various fields of study and highlighting es

ills associated with each. 

tion was derived from Peru’s National Households Survey (ENAHO) and included a

and gender-specific data. The program targeted students from 5th grade in primary schoo

 high school. MINEDU and the research team, along with a screenwriter, developed a p

haracters Quique and Claudia, who faced socioeconomic challenges but aspired to comple

nd pursue further education. Quique aimed to convince his family of education’s long-ter

ile Claudia explored financing options for higher education. Claudia’s younger brother,

ed the importance of dedication to academic studies. Claudia opts for a university degree

 decides on a technical path. Meanwhile, Claudia’s younger brother, Diego, embodies a

imism about his own educational plans. His storyline illustrates the importance of prese

d dedication to academic studies in realizing his optimistic educational and career goal

 character serves as a secondary character within the intervention, contributing to its cre

ctiveness by providing relatable perspectives for the intended audience. 

, the program was implemented through policy pilots in both urban and rural schools,

ere delivered in classroom settings. Teachers facilitated screenings and guided post-e

ons using structured materials designed to reinforce key messages. The intervention w

in two waves (2015 and 2016) and covered 2,611 schools in urban areas and 249 schools i

he urban intervention reached approximately 600,000 students, accounting for one-thir

ry students and one-fourth of all primary students in urban public schools. In rural areas

l challenges were greater, the program targeted fifth and sixth graders in high-poverty d
18 
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o and Arequipa, reaching approximately 5,000 students. In urban areas, compliance with

on in 2015 was low, with only 43 percent of schools receiving the video materials. Among

ercent actually screened them, leading to an effective take-up rate of 33 percent. In respon

plementation introduced monitoring mechanisms, including call centers, direct school vis

e structures, which increased the take-up rate to 67 percent. In rural areas, where imple

olved centralized screenings conducted by field staff using portable projectors, complian

niversal. 

nal treatments included an app-based intervention known as In-Depth Tablet (IDT), whi

ersonalized educational content and enabled real-time assessment of students’ perceptio

s deployed among 3,334 students in urban areas and 3,000 in rural areas, with a rando

ubset of parents (1,816 urban and 993 rural) receiving a parallel intervention designed to 

 their children’s education. 

l evaluation by Neilson et al. (2019), based on the random allocation of schools and stud

nt, found significant positive effects across multiple educational outcomes. The 2015 urba

 led to a modest 0.2 percentage point reduction in dropout rates among fifth and sixth g

e improved 2016 implementation resulted in a larger reduction of 1.8 percentage poin

rs—a relative decrease of 18.8 percent. In rural areas, the intervention significantly reduc

r and two-year dropout rates, with stronger effects observed among boys. Additionally, 

s exhibited increased educational aspirations and higher perceived returns to education.

 enrollment, DFM had a measurable impact on academic performance. Treated students s

nt improvements in national standardized test scores. Specifically, scores on the Eva

e Estudiantes (ECE) increased by 3 to 4 percent of a standard deviation, with particularly

 mathematics performance among girls. These improvements suggest that the intervent

ected retention but also positively influenced student learning. 

r key outcome analyzed was the effect of the intervention on child labor. DFM led to a sign

n in the likelihood of children engaging in labor, particularly among boys in rural area

s that the program influenced household decision-making, reducing the need for students

o household income through work. The intervention also produced gender-differentiated

oth boys and girls benefited from the program, results indicate that girls experienced grea

ents in academic performance, particularly in mathematics, while boys exhibited stronger

ol retention and child labor reduction. 
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APPENDIX TABLE 1: Comparison of RCT Sample with Other Urban and Rural Schools 

(1) RCT Sample (2) Other Urban Schools (3) Difference (4) Rural Schools (5) Dif

dents 
 

286.015 
 

205.267 80.747∗∗∗
 

 
64.967 221.0

age of female students 47.597 47.076 0.522∗∗
 46.856 0.74

male students 136.700 102.456 34.244∗∗∗
 30.449 106.2

ale students 149.314 102.811 46.504∗∗∗
 34.518 114.7

chers 8.396 5.965 2.432∗∗∗
 3.322 5.07

0.000 0.000 0.000 1.000 -1.
School 0.000 0.600 -0.600∗∗∗

 0.034 -0.03
age of Students with Low Income 0.439 0.241 0.198∗∗∗

 0.723 -0.28
age of Students with Middle Income 0.280 0.311 -0.031∗∗∗

 0.096 0.18
age of Students with High Income 0.170 0.387 -0.217∗∗∗

 0.036 0.13
nership 0.746 0.862 -0.116∗∗∗

 0.526 0.22
et connection 0.205 0.277 -0.073∗∗∗

 0.086 0.11

hone ownership 0.634 0.616 0.019∗∗∗
 0.633 0.0

tions 1,978 8,468  4,385  

This table includes only secondary schools. The columns labeled "Difference" compare the RCT sample wit
chools and the sample of rural schools. From ESCALE (Educational Unit Statistics), we calculate the followin
otal students refers to the total number of students in a school, while Percentage of female students indicates the p
emale students. Total female students and Total male students represent the total number of female and male st
vely. Total teachers refers to the total number of teachers. Rural is a binary indicator of whether the school is in
d Private school is a dummy variable indicating whether the school is private. Finally, Percentage of students w
middle income, and high income represents the school’s share of students in low-, middle-, and high-income g
nership, % Internet connection, and % Cellphone ownership represent the share of households in the district th
ion, have internet access, and own a cellphone, respectively. These indicators were calculated using data fr
l Household Survey (ENAHO 2019). 

1, ∗∗ p < 0.05, and ∗∗∗ p < 0.01. 
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APPENDIX TABLE 2: ToT Effects on School Drop-out 

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

   
PANEL A: ToT Estimates 

 

Treatment Dummy -0.0114∗∗∗
 

( 0.0041) 
-0.0114∗ -0.0123∗ -0.0134∗∗

 

( 0.0069) ( 0.0068) ( 0.0068) 
-0.0163∗

 

( 0.0084) 
  

PANEL B: First-stage take-up estimates 

 

Treatment Take-up 0.5135∗∗∗
 0.5135∗∗∗

 0.5151∗∗∗
 0.5144∗∗∗

 0.5223∗∗∗
 

 ( 0.0025) ( 0.0033) ( 0.0032) ( 0.0031) ( 0.0039) 

 
Clustered Standard errors 
Student Controls 
School Controls 
District FE 
Observations 

 
 
 
 

 
81,654 

 
Classroom 

 

 
81,654 

 
Classroom 

X 

 
81,329 

 
Classroom 

X 

X 

81,329 

 
Classroom 

X 
X 
X 

81,320 

Notes: See Table 3.      

APPENDIX TABLE 3: Heterogenous Effects 

 Female 9th grade Juntos Parent’s Schooling Poverty Drop-out 

PANEL A ESTIMATES: ITT Estimates 

Yes/High -0.0098∗∗
 -0.0059 -0.0051 -0.0074∗

 -0.0218∗∗∗
 -0.0126∗∗

 

 ( 0.0039) ( 0.0050) ( 0.0061) ( 0.0042) ( 0.0053) ( 0.0051) 
No/Low -0.0043 -0.0080∗

 -0.0072∗
 -0.0060 0.0023 0.0023 

 ( 0.0044) ( 0.0048) ( 0.0038) ( 0.0042) ( 0.0045) ( 0.0045) 
P-value 0.3583 0.7153 0.5511 0.7443 0.0004 0.0230 

PANEL B ESTIMATES: ToT Estimates 

Yes/High -0.0190∗∗
 -0.0117 -0.0144 -0.0123∗

 -0.0505∗∗∗
 -0.0260∗∗

 

 ( 0.0075) ( 0.0099) ( 0.0172) ( 0.0071) ( 0.0124) ( 0.0106) 
No/Low -0.0084 -0.0153∗

 -0.0126 -0.0138 0.0041 0.0042 
 ( 0.0086) ( 0.0092) ( 0.0082) ( 0.0097) ( 0.0079) ( 0.0084) 
P-value 0.3576 0.7323 0.7922 0.9581 0.0002 0.0329 

PANEL C ESTIMATES: First-stage estimates 

Yes/High 0.5159∗∗∗
 0.5058∗∗∗

 0.3555∗∗∗
 0.5987∗∗∗

 0.4324∗∗∗
 0.4847∗∗∗

 

 ( 0.0040) ( 0.0045) ( 0.0069) ( 0.0040) ( 0.0055) ( 0.0046) 
No/Low 0.5128∗∗∗

 0.5232∗∗∗
 0.5499∗∗∗

 0.4348∗∗∗
 0.5630∗∗∗

 0.5406∗∗∗
 

 ( 0.0041) ( 0.0044) ( 0.0033) ( 0.0041) ( 0.0037) ( 0.0043) 
P-value 0.6789 0.0047 0.0000 0.0000 0.0000 0.0000 

Notes: Panel A presents ITT effects, Panel B presents ToT effects, and Panel C presents first stages (i.e., 
the effect of treatment assignment on take-up). High and Low values are defined using sample splits 
above and below the median value of each covariate. The "P-value" rows correspond to tests of equal- 
ity of effects for each split of the sample. All specifications include the same set of covariates as in 
column (4) of Table 2, including randomization strata, student characteristics (grade fixed effects (9th 
and 10th grade), a disability dummy, a gender dummy, dummies for parent’s schooling years, dum- 
mies for beneficiaries of the Juntos social program, and dummies for age), and school characteristics 
(number of students eligible for treatment (i.e., 9th and 10th grade students), past school dropout rate, 
school poverty quintile fixed effects, total number of students enrolled, number of teachers, and the 
number of female students enrolled). Standard errors clustered at the classroom level are in parenthe- 

ses. ∗ denotes p < 0.1, ∗∗ denotes p < 0.05, and ∗∗∗ denotes p < 0.01. 
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URE APPENDIX 1: Children Not Enrolled in Secondary Education, Urban Areas, 2016–20

Notes: Data computed by MINEDU from the ENAHO surveys, retrieved from https: 

//escale.minedu.gob.pe/ueetendencias2016. 
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ighlights

 Phone calls encouraging TV-based education reduced dropout rates 
during COVID-19.

 Effects were strongest in high-poverty and high-dropout schools.
 Low TV ratings suggest limited take-up without active encouragement.
 Results highlight the need for targeted interventions to scale TV-based 

education.
 Cost-effective design provides insights for future remote learning 

policies.
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