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Education systems need to withstand frequent shocks, including disease and climate
events, which close schools for more than 222 million children’. During these
emergencies, alternative models are needed to deliver education. However, rigorous
evaluation of effective educational approaches in these settings is challenging and
rare, especially across multiple countries. Here we present results from five randomized
trialsinIndia, Kenya, Nepal, the Philippines and Uganda to evaluate the provision of
educationinemergency settings. We test multiple scalable models of remote targeted
tutoring instruction, comparing delivery by governments and non-governmental
organizations (NGOs). Whereas text messages have mixed results, tutorials conducted
via phone call show effectiveness across diverse settings. We find large and robust effect
sizes onlearning. These effects are highly cost-effective, and deliver approximately

4 years of high-quality instruction per US$100 spent. Results show large effects when

delivered by government teachers or NGO instructors. Together, our results reveal
thatitis possible to strengthen the resilience of education systems, enabling
education provision amid disruptions, and to deliver cost-effective learning gains
across contexts and with governments.

More than 2 billion people live in countries that are affected by emer-
genciesthat frequently disrupt education. Although they are frequent
and disruptive, education emergencies have historically been under-
studied. Here we present a new database that documents just how
frequent and disruptive such shocks can be. Figure 1 documents the
extent of school disruption for a selected set of emergencies over the
past two decades.

Schools close for long periods during these emergencies, and
learning loss can be substantial®”*. Education Cannot Wait, the United
Nations’ Global Fund for educationin emergencies, estimates that 222
million children experience regular schooling disruptions and are in
active need of educationin emergencies programmes'. Inlow-income
countries, students lose onaverage 10% of the academic year owing to
climate shocks alone®. Moreover, school breaks, although they are not
emergencies, are another regular school disruption, and often results
in substantial learning loss among low-resource households™. These
shocks exacerbate a pre-existing learning crisis, leaving many students
well behind grade-level expectations’. Fewer than half of primary-age
students in low- and middle-income countries are able to read a story
or perform two-digit mathematical operations™.

Resilient education systems need to promote learning across set-
tings and to withstand frequent disruptions. Ideally, interventions
that promote learning in emergencies should be low-cost, simple to
implement and quick to deploy. They should also yield high take-up
across different geographies and implementation models and should

be targeted to children with diverse educational and cultural back-
grounds. Understanding which approaches can be effective across
these circumstances requires multi-context, multi-model studies.
However, rigorous evaluation of approaches to deliver education in
emergencies remains challenging andrare, especially across contexts
and with governments.

Here we evaluate a set of education in emergencies programmes to
promote learning during large-scale school disruptions, which affected
more than1billion children worldwide. We conducted five randomized
controlled trials, including multiple delivery models, such as NGO
teacher aides and government teachers, to test scalability by govern-
ment systems. Our trials were conducted across five countries: India,
Kenya, Nepal, Uganda and the Philippines. In all settings, schooling
was disrupted owing to the COVID-19 pandemic, and several of the
countriesin our study experienced some of the longest school closures
in the world.

We use mobile phones to provide various educational interventions
to primary school children. Mobile phones provide a platform that can
reach households cheaply at scale in low-resource contexts". Whereas
less than 15% of households have access to the internet in low-income
countries, more than 70% have access to mobile phones'?. Moreover,
mobile phones enable teachers to reach students at home even when
schoolisdisrupted, providing aresilient and flexible modality to provide
education during emergencies. Mobile phones are increasingly relied
on to provide aid via mobile money during humanitarian crises®, yet
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Fig.1|Documenting aset ofeducationinemergenciesbetween2005and
2023.Thegraph plotsanindex of the length of school closures and number of
people affected by shocks that have disrupted schooling by country and year.
Thesize of each bubbleincreases with the duration of school closure, the
number of people affected, or both. Thicker or multiple circles represent
multiple eventsinthe same year and country. More information on the data

remain underutilized to provide mobile education. One treatment
included a set of SMS messages, such as numeracy content provided
weekly, as well as nudges to engage in educational activities. A sec-
ond treatment provided additional weekly 20 min phone call tuto-
rials for 8 weeks. The educational pedagogy was as essential as the
mobile phone platform. Phone calls covered foundational numeracy
and aimed to target instruction to student learning levels via regular
low-cost, high-frequency assessments. This builds on both in-person
and technology-based targeted instruction approaches™ ™.

A proof of concept in Botswana showed that phone call tutorials
were effective in promoting learning during initial pandemic school
disruptions®. However, questions remain on whether this approach
can be scaled across contexts and when delivered by governments—a
pervasive challenge for social programmes®?, To ensure scientifically
robust findings, we need evidence across diverse settings and delivery
models®. By conducting large randomized trials across five contexts
as well as comparing models, such as NGO and government delivery,
we contribute new evidence on effectiveness across diverse contexts
and delivery models, key elements of scaling science?.

This study contributes to the literature in several areas. First, we
contribute to the nascent experimental literature on education in
emergencies. Substantial research has been carried out in this area,
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compilationis availablein the Supplementary Information. The datacomprise
compiled school closure information based on press releases of the United
Nations Office for the Coordination of Humanitarian Affairs (OCHA) ReliefWeb,
World Vision, United Nations Children’s Fund (UNICEF), the British Broadcasting
Corporation (BBC) and otherlocal outlets. Major disruptions were also identified
through The International Disaster Database (EM-DAT).

but much of it has been qualitative or with small samples. One excep-
tionisarandomized trial in which an NGO provided schoolinginrural
areas of conflict-affected regionsin Afghanistan and found large effects
onlearning and closing of gender gaps®. We expand this literature by
evaluatingalternative, scalable forms of education beyond traditional
in-person schools, such as remote learning, which is the only option
during many emergencies when schools close. There is a robust lit-
erature documenting the cost of school disruptions due to teacher
strikes®, earthquakes?, school holidays’ and COVID-19 (refs. 4,27-31).
However, thereisless evidence on effective approaches to stem these
learning losses. We contribute evidence on scalable solutions to stem
learning losses. A growing literature explores the effectiveness of
remote tutoring, yet the results remain mixed* >, Without a coordi-
nated cross-country trialitisimpossible to know whether differences
ineffects are due to the intervention or to the setting, since both vary
simultaneously. For example, arecent study® tested arelated but differ-
entinterventionin Sierra Leone—using a similar mobile phone platform
but deploying a different pedagogy—and found no effect of mobile
phone tutoring. In their study, the tutoring call was linked to a uniform
national radio programme rather than targeting instruction based on
student learning week-on-week—a key difference. To assess whether
the approach works across contexts we cannot simply aggregate prior
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Fig.2|Mainlearning results across countries and treatments. Average raw
unitoperational learninglevels gained in treatment groups relative to control
groups. Treatment effects on learning outcomes are reported by country and
treatment group with 90% confidence intervals within each country. Countries
areordered by the timing of the study, with Kenya firstand Ugandalast. The
curverepresentsafractional polynomial fit (phone arm) and alinear fit (SMS
arm) of average learning levels gained against the order of the countryinthe

studiesin which both intervention and context vary—we need to hold
theintervention constant, while varying sitesinacoordinated multi-site
trial. We conduct such a coordinated five-country trial in this study.
We also contribute to a growing literature on external validity and
scale. Recent examples show the extent of the scaling challenge, with
many social programmes that initially worked in proof-of-concept
studies no longer delivering impacts when scaled across settings or
when delivered by governments??*%¥, In contrast to some existing
studies, our results identify an education approach that appears to
work well across contexts and when delivered by governments. One
reason might be that we leverage a particularly scalable technology:
mobile phones™?*, Asecond reason may be the generalizability of the
underlying mechanisms tested in our study, which relate to other best
practicesin education. For example, tutoring has been shown tobe one
of the most effective, although expensive, approaches to improving
learning in high-income settings®**°. The phone call tutorials provide a
cheaper version of tutoring thatis applicable inlow-and middle-income
contexts. In addition, since the phone calls are one-on-one and have
frequent learning assessments, they enable targeted instruction to
every child’s level, another approach shown to consistently improve
learning™ """, Our study further advances the external validity and scale
literature by conducting randomized trials across five countriesinalit-
erature where very few randomized controlled trials are multi-country
studies. We also advance the scale literature by introducing experi-
mental evaluationboth of government relative to NGO delivery as well
asrandomizing those teachers who implement to evaluate effects on
ongoingteacher practices. These experimental variations enable us to
assess questions of effectiveness within government systems.
Finally, we contribute to the global education literature, withafocus
onimproving learning outcomes. Over the past several decades, edu-
cation enrolments have improved worldwide, yet learning has barely
budged'®**2, Growing evidence reveals that popular input-only
reforms, such as general teacher training, provision of computers,
or school grants, are not enough to improve learning. By contrast,
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study, eachwitha90% confidence band. ‘Learninglevels gained’ refers to the
number of operations gained, with each operationscored as an additional level
gain (beginner, 0; addition, 1; subtraction, 2; multiplication, 3; division, 4). Data
arepresented as treatment effects relative to the control group with £90%
confidenceintervals. Samplesizes: India (n = 708), Kenya (n =1,985), Nepal
(n=2,678), the Philippines (n=2,469) and Uganda (n =1,308). Further details
onrelatedresults are presented in Extended Data Table 1.

approachesthatimprove the quality of teaching, such asteachingat the
rightlevel and structured pedagogy, can generate large improvements
in learning®*¢, The learning gains from the phone-based tutorials
tested in this study can deliver up to 4 years of high-quality schooling
per US$100 (ref. 47). These types of highly cost-effective approaches
can more easily scale and help address a persistent global learning
crisisin low-and middle-income contexts.

Mainresults

Wereportresultsonasetofrich, harmonized data across five countries
using both baseline and endline surveys. Questions included a learn-
ing assessment with the child and several additional child indicators,
such as well-being, self-perceptions and non-cognitive skills. We also
collected parental beliefs and behaviours. A portion of the survey was
conducted with the parent, and learning outcomes were collected by
directly assessing the child over the phone. A set of common questions
wereincludedinthe baseline and endline surveys and across countries
for comparability.

We report results from large-scale randomized controlled trials
across five countries: India, Kenya, Nepal, the Philippines and Uganda.
InNepaland the Philippines, weinclude government and NGO delivery
treatmentarms. All countries except Indiaalsoincluded acomparison
SMS-only treatment relative to a phone call plus SMS treatment. Ran-
domization enables identification of causal effects of the education
in emergency interventions studied. Further details on the data and
experimental methods are provided in the Methods section. Further
details on the contexts and interventions are provided in the Supple-
mentary Information.

Our main results are shown in Fig. 2 and show positive effects for
the combined phone and SMS treatmentin all countries, withincreas-
ing effectiveness over time as the trials progressed; for the SMS-only
treatment, effects are more mixed across countries. Effects are fur-
ther elaborated on in Extended Data Table 1, where we report effects
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across contexts on the number of operations gained and the highest
proficiency attained. We also show pooled average effects across all
five countries. Column 1in Extended Data Table 2 shows that for the
combined phone and SMS group, there was a 0.321 s.d. (P < 0.001)
increaseinthe average numerical operationacrossall 5 countries. SMS
effects are smaller on average, with a 0.078 s.d. effect (P=0.006). As
shown in Fig. 2 and Extended Data Table 1, SMS messages only have a
detectable statistically significant effectin a subset of contexts (Uganda
and the Philippines). These results suggest that SMS messages can
workin contexts with the largest need. However, live phone calls may
be necessary to strike the balance of being intensive enough to deliver
impact that can be sustained and scaled across diverse contexts while
remaining cheap and scalable.

Inaddition, although effects of phone call tutorials are consistently
positive, they vary in magnitude. Results are largest in later trials and
incountries that experienced the longest school closures: Uganda and
the Philippines. As shownin Extended Data Table 1, studentsin Uganda
gainmorethanafull operationlevel (1.193 levels, P< 0.001). This trans-
lates to substantial proficiency gains, with 34.4 percentage point gains
(P<0.001) on the highest proficiency level. In the Philippines phone
tutorials yield 0.56 level gains (P < 0.001) and a 13 percentage point
increase (P< 0.001) instudents reaching the highest operationlevel.In
both countries, students were out of school for almost 2 years and the
counterfactual for the control group was very limited schooling. These
countries were also the later trials, withimplementation fidelity improv-
ing over time. We discuss both of these mechanismsin more depthlater
on. Results are robust to the inclusion of a suite of control variables.

Mobile phone calls saw high take-up and high engagement through-
out the programme, consistent with high impact. Detailed monitoring
datashows high week-on-week engagement across sites ranging from
70% to 80%, as shown in Extended Data Fig. 1, even amid disruptions
and across diverse low-resource settings. This highlights that the pro-
gramme reached households using a platform that they found easy
and convenient to access on a regular basis. This contrasts with the
low rates of take-up of other platforms, with few households typically
taking up alternative delivery modes such as online, television or radio
educational resources.

Forboth the SMS group and the combined phone and SMS group, the
magnitude of theimpact and statistical significance are robust to differ-
entestimationapproaches. In Extended Data Table 2, we include base-
line controls and country and grade fixed effects (column 2), and weight
results by country arm (columns 3 and 4). We also adjust for multiple
hypothesis testing in Supplementary Table A5, including sharpened
g values to address the false discovery rate*s, Since we have one out-
come and two treatment arms, we consider two joint null hypotheses
simultaneously. Estimates remain consistent.

Extended Data Table 3 and Supplementary Table A7 show learning
outcomes across several proficiencies. Results show that the combined
phone and SMS arm increases the share of students who get division
problems correctby13.5 percentage points (P < 0.001)—a92% increase
indivision (from a control mean of 14.6%). These results by proficiency
demonstrate thatlearningimproved substantially in absolute terms, in
additiontos.d. gains, and across arange of proficiencies. We also find
increasesinthe share of students who are able to perform higher-order
competencies, such as fractions (6.4 percentage point gains, P < 0.001).
Since these competencies were not directly taught during the interven-
tion, this reveals learning extended beyond familiarity with the content
taught. These results further reveal potential dynamic complementari-
ties in skill formation, showing that benefits of learning basic numeracy
accrue to learning additional higher-order skills*.

Theseresults are large relative to the effectiveness of a typical edu-
cation intervention. A recent review found that the median effective
interventionyielded 0.10s.d. gains inlearning®. Moreover, areview of
150 interventions found that more than half of educationinterventions
donotworkat all”’. These reviews put our results in context, with phone
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Table 1| Learning outcomes for government delivery

Allgovernmentarms Nepal Philippines
Q)] (2) (3)
Operations Operations Operations
gained gained gained
SMS messages 0.048 0.072 0.060
(0.049) (0.080) (0.061)
[0.326] [0.367] [0.324]
Phone call and SMS: 0.296*** 0.132 0.510***
NGO (0057) (0.088) (0073)
[0.000] [0134] [0.000]
Phone call and SMS: 0.399*** 0.213** 0.629***
government (0.061) (0.087) (0.086)
[0.000] [0.015] [0.000]
Observations 5147 2,678 2,469
Control mean 1.527 1.689 1.388
P value: NGO versus 0110 0.356 0.209
government
Country fixed effects  Yes No No
Countries included Nepal, Philippines Nepal Philippines

Learning outcomes comparing implementation delivery models (NGO and government).
Learning refers to how a child scores on four basic numeracy options: no operations correct,
addition, subtraction, multiplication and division (measured on a scale of 0-4). This variable
takes the value of O for students who got zero operations correct, 1if students got addition
correct, 2 if subtraction was correct, 3 if multiplication was correct, and 4 if students got
division correct. Column (1) pools both countries in which we tested implementation scale-up
in government systems. Column (2) shows the results for Nepal alone, and column (3) shows
results for the Philippines alone. Standard errors are in parentheses and P values are in square
brackets. *P < 0.10; **P < 0.05; ***P < 0.01.

call tutorials being three times as effective as the median education
intervention. Moreover, effects are even larger in these multi-country
studies than in the Botswana proof-of-concept study, where learning
improved by 0.12s.d. (ref.20). This result contrasts with prior literature
showing that proof-of-concept studies rarely scale successfully to
new contexts® or experience diminishing returns®. Rather than find-
ing diminishing returns, we find that results improve as the approach
is adapted, scaled and tested across contexts. We explore potential
explanations later in the paper, including learning from experience
aswell as higher need for the intervention over time.

InTable 1, we show results for the subset of countries (Nepal and the
Philippines) where we randomized delivery models to test scalability
within government systems. Column (1) shows the pooled results: both
government teachers and NGO instructors are effective atimproving
student learning, with government teachers improving learning by
0.40 operation levels across both contexts, and NGO teacher aides
improvinglearning by 0.30 operationlevels (P < 0.001for both). These
results demonstrate that education in emergencies programmes can
be effectively implemented by government teachers, and not only by
NGO implementers.

Theseresults show substantial effectiveness when delivered by gov-
ernments. Prior literature has found that programmes often work when
delivered by NGOs but are not replicated when scaled by governments.
Forexample, inKenya, contract teachersimproved learning, but when
delivered by the government, the programme effectiveness waned>®.
Alarge-scale government teacher training programme in Nepal simi-
larly found no effect, largely owing to poor implementation®. Our
results build on this literature, providing an alternative view: govern-
ment delivery canachieve large learning gains. This is consistent with
other studies that have refined interventions over time to facilitate
government adoption™”.

Heterogeneous treatment effects, shown in Table 2, reveal that the
programmeis broadly effective for students across the distribution of



Table 2 | Heterogeneity

Caregiver Gender Baseline
education level
m (2) 3)
Operations Operations Operations
gained gained gained
SMS messages -0.013 0.136*** 0.277***
(0.148) (0.052) (0.077)
[0.933] [0.008] [0.000]
Phone call and SMS 0.288** 0.427*** 0.219**
(0.139) (0.047) (0.095)
[0.038] [0.000] [0.021]
Primary 0.026
(0.110)
[0.812]
Secondary plus 0.446***
(0.103)
[0.000]
SMS messagesxprimary 0.079
(0.169)
[0.643]
SMS messagesxsecondary plus o4
(0154)
[0.462]
Phone call and SMSxprimary 0.275*
(0.160)
[0.085]
Phone call and SMSxsecondary plus ~ 0.112
(0.145)
[0.439]
Is female 0.093*
(0.048)
[0.052]
SMS messagesxis female -0.070
(0.070)
[0.321]
Phone call and SMSxis female -0.024
(0.064)
[0.703]
Baseline level 0.360***
(0.050)
[0.000]
SMS messagesxbaseline level 0.007
(0.038)
[0.848]
Phone call and SMSxbaseline level 0.006
(0.035)
[0.857]
Observations 8,028 9148 9148
Control mean 1.726 1.726 1.726
Pvalue: SMS versus phone call plus SMS  0.048 0.000 0.627
Countries included All5 All5 All5
Country fixed effects Yes Yes Yes

Heterogeneous treatment effects on learning. Column (1) shows the results between having
caregivers who reached primary education or less and caregivers who reached secondary
education or more (secondary plus). Column (2) shows the results between boys and girls.
Column (3) shows results across baseline learning levels including country-specific baseline
level interactions. To enable estimation for the full sample of endline learning results, baseline
learning is imputed for the random sample, and not assessed based on the average. Standard
errors are in parentheses and P values are in square brackets. *P < 0.10; **P < 0.05; ***P < 0.01.

baseline learning levels. This relatively even impact across students’
starting conditions, or characteristics such as baseline learning levels
or gender, is consistent with the mechanism of teaching at the right
level. Targeted teachingis designed so thatinstruction meets children
where they are regardless of their grade or age or other characteris-
tics. Thus, broad-based learning gains are likely to be due to the fact
that the programme was highly and effectively targeted, benefiting
children across the distribution. We also find slight heterogeneity by
parental education. Column (1) in Table 2 suggests that the programme
worked particularly well for students where the caregiver had lower
levels of formal education (primary education or less). This suggests
that results are strongest when there are fewer alternative education
support systems at home. This also reveals that even in low-literacy
contexts, parents can be effective conduits for quality instruction.

We embedded an additional randomized study allocating arandom
subset of teachers to deliver the phone call tutorials in Nepal out of
alist of hundreds of eligible government teachers. This additional
experimental variation enables detection of theimpact of delivering the
programme on teachers’beliefs and practices—a measure of potential
spillover effects into the education system that can persist through
teachers beyond the intervention. In addition, teacher randomiza-
tion enables generalization to the broader set of eligible government
teachers. Thus, results capture government delivery impacts which do
not hinge onimplementers being highly selected, and effects are likely
to translate to typical government teachers in the education system.

Table 3 shows that teacher practices shift; teachers are 9.3 percent-
age points more likely to target their feedback to students’ learning
level (P<0.05). Teachers are also more likely to get parentsinvolved in
education (P < 0.1). We further find large effects on teacher perceptions
thatthey were able to help studentslearn, as well as their desire to teach,
withal5.8 percentage point gainin wanting tobe ateacherifthey could
make the choice again (P< 0.1and P< 0.01, respectively). Although these
resultsarereported by teachers and should beinterpreted with caution,
they suggest that delivering effective programmes could unlock a vir-
tuous cycle within government education systems, in turn motivating
teacherstowanttoteach andtoimprove their teaching practice further.

We examine counterfactual learning trajectories in Extended Data
Figs.2and 3 to contextualize gainsin the treatment groups. In Uganda,
where effects are largest, about 17% of grade 4 students can divide at
baseline in the control group. At endline, only 10% can divide, show-
ing substantial learning loss. In the treatment group, 48% of grade 4
students can divide at endline, fully recovering learning loss due to
school closures. Moreover, only 21% of grade 5 students in the control
group at baseline can divide, revealing that grade 4 students in the
treatment group surpass grade 5 studentsin the status quo. Thus, not
only does the intervention facilitate full recovery of learning loss, it
exceedstypicallearningtrajectories by nearly an order of magnitude.
Inother countries, learning does not deteriorate, but simply increases
slowly. Theintervention accelerates learningin these contexts relative
to the counterfactual learning trajectory.

In the Supplementary Information, we include several additional
results. We analyse effectiveness during another educationemergency—
atyphoon that struck the Philippines during the study. We explore
additional margins of impact, including parent beliefs, student beliefs
and non-cogpnitive skills. Finally, we explore the potential for crowd-out,
totest whether tutoring time displaces alternative productive activities.
Overall, we find continued effectiveness during an additional education
emergency, several margins ofimpact beyond learning outcomes, and
limited crowd-out.

Mechanisms across contexts

We explore variation in effects of phone call tutorials, which worked
consistently but heterogeneously, across diverse contexts. Analysing
mechanisms to explain effectiveness across contexts is challenging, and
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Table 3 | Changing teacher beliefs and practices

Teacher practices Teacher beliefs

() (2) (3) 4)

Get parents Targets to Would be Helped

involved studentlevel teacher students’

again learning

Teacher 0.088* 0.093** 0.158*** 0.106*
ic’;‘ﬁ’leme”ted (0.050) (0.046) (0.045) (0.058)

[0.076] [0.043] [0.000] [0.067]
Observations 290 290 290 290
Control mean 0.721 0.769 0.735 0.408

Treatment effects on teacher practices and beliefs. This includes government teachers in
Nepal who were randomly assigned to implement the phone call programme. We successfully
spoke to 83% of the government-employed mathematics teachers who were in the schools
identified by local governments. Of the eligible grade 3-5 mathematics teachers that we
spoke to, 81% expressed interest in participating in the study. Of this eligible pool of 301
government teachers, 50% were randomly selected to implement the programme.

The endline response rate was 96% and was balanced across the treatment and control groups.
Column (1) shows effects on teachers’ beliefs that they can get parents involved in their child’s
education. Column (2) shows effects on teachers saying that they tailor student feedback
based on students’ individual understanding and skill level. Column (3) shows effects on
teachers saying if they had to choose their profession again, they would still be a teacher.
Column (4) shows effects on teachers saying they believe they helped their students with
their mathematical skills. These are all dummy variables that are coded as 1 if respondents
strongly agreed on a Likert scale. Standard errors are in parentheses and P values are in
square brackets. *P < 0.10; ** P < 0.05; ***P < 0.01.

should be done with caution, since multiple factors vary simultaneously.
Table 4 includes asummary of key facts per country trial. We conduct
exploratory analysis using suggestive descriptive dataand observable
systematic patterns. We focus on two mechanisms with particular vari-
ationacross contexts: rates of targeted instruction and counterfactual
conditions. Various additional margins vary across contexts, but do
not vary systematically or consistently enough to facilitate credible
comparisons. For example, in Kenya, younger students were taught
but this varies only once, rather than systematically across settings.

Platform and pedagogy

Inadditiontoleveraging ascalable platform—mobile phones—the pro-
gramme pedagogy of targeted educationaliinstruction, often referred
toas ‘teachingat therightlevel’,was a core dimension ofimplementa-
tionfidelity. Phone call tutorials were designed to target instruction to
children’s learning levels. We find that variation in effect across trials
is consistent with variation in targeted instruction. Although results
show that phone calls were consistently effective across countries, the
magnitude of effects increases in tandem with the order of the trial:
Kenya, followed by Nepal, India, the Philippines and finally Uganda.
This order of effectiveness tracks the degree of targeted instruction.
Detailed monitoring data provides evidence of increasing implemen-
tation fidelity as the trials progress. For example, the accuracy of tar-
geted educationalinstructionincreases fromastarting point of 50.9%
of students in Nepal to 81.5% on average in Uganda®? (Extended Data
Fig.4). These datareinforce theimportance of targeted instruction. As
the targeting mechanism improved study after study, this coincided
with the programme becoming more effective. These results suggests
the ‘voltage drop’ in effectiveness over time*—all too common when
scaling—is not inevitable. Equipped with monitoring data and coor-
dinating mechanisms to learn across trials, these results show that
programmes have the potential to experience a ‘learning curve’ with
improved fidelity (such as having ever more targeted instruction) and
thus higher impact over time as they are scaled and implemented in
new contexts. Inaddition to the trial-by-trialimprovementintargeting
accuracy, we find high rates of targeting accuracy through both NGO
and government delivery. This consistent targeting accuracy across
implementer types may explain the high effectiveness of both NGO and
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government teachers.Italso adds evidence regarding theimportance
of targeting accuracy as amechanism for impact™.

These datasuggest that effective targeting pedagogy has animpor-
tantrolein programme effectiveness. This mechanism may explain why
theapproachtested worked across diverse contexts. Consistent withthe
importance of these mechanisms, a phone education programme that
did not rely on these principles had less impact: phone calls in Sierra
Leone that delivered non-targeted lessons based on a mass radio pro-
gramme to students did not improve learning®. In the Sierra Leone
study, the approach used an accessible platform without targeted
pedagogy. To successfully scale across different contexts, ensuring that
targetedinstructionisinplaceislikely to be key toimproving learning.

Counterfactual conditions
Extended Data Table 4 shows several statistics characterizing counter-
factual conditions. We observe clear patterns that show more severe
counterfactual conditions coinciding with larger impacts. In Uganda
and the Philippines, the settings with the highest impacts, we also see
the most severe conditions, with more disruption and fewer alternative
educationalinstruction options. Uganda and the Philippines have the
highest degree of disruption in general and during the study, experi-
encing up to 2 years of disruption, with disruption occurring during
the entire study period. They also have the largest share of lagging
students, with 9% or less of students reaching the top operation level
in the status quo. Similarly, we see that Uganda and the Philippines
have low rates of outside options, with less than 22% of households
saying they received any calls from educators in the past few weeks.
Although these counterfactual conditions do not follow an exact rank
order witheffect size, the broad patterns are consistent—more severe
conditions map broadly to larger effect sizesin Uganda and the Philip-
pines. This suggests the interventions studied are likely to add value
particularly in the most disrupted education in emergency settings.

Cost-effectiveness

Animportant feature of the education in emergencies approaches
tested inthis study is that they have low cost. The primary tool required
to implement the programme is a mobile phone, a device that most
households have access to, even in low-resource settings®>. Since the
approachbuilds onexisting household infrastructure, the main costs
arerelated to content delivery and connecting with families, which are
often marginal, such as airtime for phone calls. In addition tobeing low
cost, the approach has low procurement needs, an attractive feature
for governments.

We carefully collected cost data in each trial. Our estimates sug-
gest an average cost per child of the phone call and SMS tutorials of
about US$11 per child. This estimate is even cheaper than estimates in
the proof-of-concept study in Botswana owing to economies of scale
as the approach has scaled up, including cost savings such as use of
existing pedagogical material, shorter and more efficient training, and
streamlined data monitoring systems. We benchmark the impacts of
the programme against other education programmes using a variety of
approaches. First, we compare raw estimates of effectiveness and cost
with similar programmes such as tutoring and targeted instruction.
Phone call tutorials simulate the benefits of one-on-one tutoring, which
hasbeenshown tobe one of the most effective educational approaches®.
However, many tutoring programmes have high cost. For example, a
prominent tutoring programmeyielded 0.19t0 0.31s.d. learning gains
ata cost of US$2,500 per child. In low- and middle-income settings,
phone calls could provide similar or largerimpacts two orders of mag-
nitude more cheaply, enabling scale-up across diverse settings. The
SMS-only treatment, when effective, can be extremely cost-effective, at
41.1learning-adjusted years of schooling (LAYS) per US$100. However,
whereas phone and SMS effects were consistent across all countries, the
effectsinthe SMS-only armvaried across contexts. Given this, it seems



Table 4 | Trial description

India Kenya Nepal Philippines Uganda
Sample size 850 6,724 3,732 3,492 2138
Randomly selected endline 765 3,556 3,351 3,164 1,495
sample size
Student grades 3-5 1-2 3-5 3-4 3-5
NGO delivery v v v v
Government delivery — — v 4 —
Unit of randomization Household School-grade cluster Household NGO: household; Household
government:
school-grade cluster
Stratification variables used  Student baseline School Local government, NGO: region, student Student baseline level,

in block randomization level, school, female

parent perception of
student baseline level

baseline level;
government: school,
grade, student baseline
level

attends government
school, previous education
programme participation

Included combined phone v v v 4 v
call and SMS treatment
Included SMS-only treatment X v v 4 v
Implementer type NGO (Alokit) NGO public-private Government (Ministry of ~ Government (Department NGO (Building Tomorrow)
partnership (NewGlobe) Education), World Bank,  of Education), research
NGOs (Teach for Nepal, NGO (Innovations for
Street Child) Poverty)
Same teachers as school — v — v/ -government delivery —
instruction
Number of weeks of 8 8-12 8 8 8

implementation

Dates Apr 2021-Jul 2021 Dec 2020-Apr 2021

Jan 2021-Jul 2021

Aug 2021-Jul 2022 Oct 2021-Jan 2022

Administrative units in study  1state 30 counties

All 7 provinces

3 regions 9 districts

Summary of key features of the intervention across countries. Implementers of the interventions included government education ministries and NGOs.

plausible that the SMS-only intervention represents a cost-effective
option in extreme education emergencies where, for example, calls
arenotanoptionorschoolingis disrupted for suchanextended period
of time such that any provision of content is substantially better than
the status quo.

Second, we use LAYS, a cost-effectiveness measure in education that
hasbeen estimated for over 150 impact evaluations in low- and middle-
income countries; each LAYS can be interpreted as a high-quality year of
schooling gained. We find the programme yields 3.6 LAYS per US$100,
rankingin the top 10 out of 150 educationinterventions reviewed". This
result highlights the potential for phone call tutorials to deliver value to
educationsystems and studentsinabroad array of contexts, both dur-
ing and potentially even outside education emergencies. Even before
the COVID-19 pandemic, there was high demand for cost-effective
education programmes to help address the global learning crisis. Our
results suggest phone-based targeted tutoring programmes, such as
the onetested inthisstudy, have the potential to deliver cost-effective
learning gains across contexts and with governments.

Wealso contribute new evidence on the robustness of a cost-effective
approachto measure learning—high-frequency phone call assessments.
Weleverage dataacross five countries and a series of randomized valid-
ity tests. Extended Data Table 5 shows the results of five checks we
conducted, described in more depth in the Methods section. Results
suggest that measurement of learning by phone can be highly robust,
inaddition to being cost-effective.

Conclusion

Here we present results from large-scale randomized trials evaluating
the provision of educationin emergency programmes across five coun-
tries: India, Kenya, Nepal, the Philippines and Uganda. We test multiple
scalable models, including government delivery, of remote instruction

for primary school children during COVID-19, which disrupted education
for more than 1billion schoolchildren worldwide, as well as during an
additional emergency—atyphoon—whichfurther disrupted schooling.

Despite heterogeneous contexts, the results show that the effective-
ness of phone call tutorials can scale across contexts; we find consist-
ently large and robust effect sizes on learning, with average effects of
0.30-0.35s.d.Inthe subset of trialsin which we randomized whether the
interventionwas provided by NGO instructors or government teachers,
we find large effects for both delivery models, indicating effectiveness
when delivered within government systems (Supplementary Fig. Al).

Theseresults have relevance to global efforts to support educationin
emergencies including conflict, disease, natural disasters and climate
shocks, which routinely shut schools down. During these shocks, alter-
native models are needed to deliver education. The results presented
hereidentify approaches that canscale effectively during disruptions
across contexts and cost-effectively improve learning for students.
This study further demonstrates that rigorous testing of programmes
in humanitarian settings is possible.

Even outside education emergencies, millions of children world-
widelearnverylittleinschool, either because they are taught curricula
beyond theirlearninglevel, or because they are unable to access quality
instruction since they live in remote areas. Given widespread mobile
phone ownership rates globally, phone-based tutoring programmes
suchasthe one studied here have the potential to maintain schooling
continuity and accelerate learning even outside emergency settings
or after theinitial emergency has eased. The low cost, high access and
ease of implementation of mobile phone tutoring could build more
resilience into education systems, enabling systems to better with-
stand frequent shocks, and to more generally utilize cost-effective
approachestoaddress a persistent global learning crisis. One high pro-
file exampleincludes Karnataka, India, whichis scaling thisapproach—
now called ConnectEd globally and referred to in Karnataka as Ganitha

Nature | Vol 657 | 17 September 2026 | 695



Article

Ganaka—during school and to prepare for school disruptions due to
monsoon seasons. Another example includes follow-on trials that built
on this study in Latin America®.

This study has substantial policy implications. Multiple efforts to
scale the intervention studied in this paper are underway worldwide.
This paper provides critical evidence to inform effectiveness across
settings and delivery models. Future research could examine effects
ateven larger scale. As Extended Data Fig. 5 shows, the trials covered
substantial portions of the geographies studied. However, there is
still value in exploring effects at national scale in future work. Future
research could examine refinements to the delivery model to engage
parents further® and could evaluate potential spillovers on teacher
instructionand student learning in the classroom. Moreover, additional
work could explore long-term benefits following observed gains during
thestudy period, withlearning potentially compounding over time as
skills beget more skills.
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Methods

Data

In each country, we have two waves of data: baseline and endline. In
Nepal, we conducted abaseline survey witharandom 50% of the sample,
andinKenya, werelied onadministrative datainstead of baseline survey
data. The endline surveys took approximately 30 minto administer and
included approximately 20 questions. These questionsincluded alearn-
ing assessment, child wellbeing, parental engagement in educational
activities, and parental perceptions of their child’s learning. A portion
of the survey was conducted with the parent, and learning outcomes
were collected by directly assessing the child over the phone. Endline
surveys were conducted a few months after the programme ended.
A set of common core questions in the baseline and endline surveys
areincludedin the Supplementary Information.

The learning assessment was adapted from the ASER (Annual Status
of Education Report) test, which has been used frequently in the litera-
ture to measure learning outcomes™* and is used routinely across 14
countries. The test consists of multiple numeracy items, including
two-digit addition, subtraction, multiplication and division problems.
In addition, we asked students to solve a word problem and a fraction
problemto capture learning outcomes beyond a core set of mathemati-
cal operations. Results are presented in several main results figures
and tables. Distributions of raw baseline and endline learning levels
are shown in Supplementary Fig. A3.

To maximize thereliability of the phone-based assessment, we intro-
duced aseries of quality-assurance measures. To minimize family mem-
bers in the household assisting the child, students had a time cap of
2 minutes per question and we asked each child to explain their work.
We only marked aproblem correctifthe child correctly explained how
they solved the problem and enumerators were confident parents
were not assisting their child. We also conducted a battery of valid-
ity checks to ensure the reliability of the learning outcomes. These
results contribute new evidence on the robustness of remote learning
assessment dataacross five countries. Phone assessment has emerged
as acommon strategy for large-scale household surveys such as the
World Bank Living Standards Measurement Survey (LSMS). A growing
literature has started to explore the validity of phone-based assess-
ments to measure learning outcomes?**¢-%, with emerging evidence
suggesting phone assessment can capture meaningful information at
high frequency and low cost.

Extended Data Table 5shows the results of five checks we conducted
onthe validity of our main learning outcomes of learning assessments
viaphone. Column1shows thefirstrobustness check where we compare
in-person to phone-based assessment for arepresentative sample of the
same students in Kenya. An additional testincluded back-checks, witha
random subset of students tested twice on the same competencies. We
find astrong relationship as expected, with large positive coefficients
and ¢-statistics ranging from 5 to more than 20. We further randomize
students to receive different problems of the same proficiency (for
example, four different questions to measure two-digit addition with
carryover). Finally, column 5 shows results from areal-effort question
to disentangle effects of the intervention on effort on the test versus
cognitive skills. Students were asked to answer several effort tasks,
for example figuring out the day of the week or counting zeros and
ones. Altogether, results suggest measuring learning by phone canbe
robust, similar to findings from the World Bank LSMS for household
measures of consumption.

Thesurvey alsoincluded questions on caregiver engagement in their
child’s education and beliefs. We measured engagement by asking car-
egivers how often they spent helping their child with their schoolwork
over the previous weeks. We also included a measure of a caregiver’s
confidence in their child having made progress in learning over the
previous months, and their perception of their child’s numeracy level.
Additional questions included information on whether the caregiver

has returned to work. We also asked about parents’ demand for remote
learning services in the future, and whether they would be willing to
pay for suchaprogramme. For students, we asked about child’s mental
wellbeing, how much they enjoy school, and the child’s own beliefabout
what mathematics problems they will be able to answer. We also meas-
ured non-cognitive skills, such as perseverance and ambition. Results
are shown in Supplementary Tables A2 and A3. Finally, we included
demographic questions, recording the child’s age, grade and gender.

The overall sample size, pooling all sites, is 16,936 households. The
flow of participants from enrolment through randomization to end-
line follow-up is summarized in a CONSORT diagram (Supplemen-
tary Fig. AS). For endline surveys, we randomly sampled households
from the full sample to interview for a total sample of 12,331. This
was due to time and cost constraints. In Supplementary Table A8,
we show that those randomly selected for endline interview are
statistically equivalent to the full sample at baseline along a series
of indicators such as gender, student grade and baseline learning
level.

Supplementary Table A9 presents the response rate to the endline
surveys and ananalysis of survey attrition for those randomly selected
to be part of the endline sample. The follow-up rate was around 76%
of respondents at endline. Supplementary Table A9 also presents a
test of whether response rates differed by treatment assignment.
This provides evidence that our sample has a high and unbiased
responserate.

Finally, we also include a survey for teachers to assess their beliefs
andinstructional practices. These questionsinclude their desire to be
ateacher, and teachers’ view that the phone call tutorial programme
was helpful for studentlearning. Questions alsoincludeinstructional
practices, suchasinvolving parentsineducation further and better tar-
geting feedback to students’actual learning level. These questions can
capture potentially persistent effects on educational systems through
teachers changing their beliefs and behaviours beyond the lifecycle
of the programme.

Experimental design

We ran randomized controlled trials across five countries. Every trial
hadacontrol group and acombined phone calland SMS treatment arm.
All'studies exceptthe trialinIndiaalsoincluded an SMS-only treatment
arm. Intwo countries, Nepal and the Philippines, we further randomized
delivery of the phone callby NGO instructors or government teachers
to assess scalability within government systems. We exploit random
assignment toidentify causal effects and estimate the impact of these
educationinemergencies interventions and various scalable delivery
models.

We first estimate intent-to-treat effects per country c as follows:

Y, jc=a+pBPhoneCalls; .+ B,SMS; . +yX; .+6,+¢; 1))

whereY,; isalearning outcomeforindividualiin household,in coun-
try c. PhoneCalls;. and SMS; . take on the value 1in their respective
treatmentarms and O otherwise. X;.denotes a vector of baseline con-
trolvariables, applied consistently across trials to enhance statistical
power and precision: student grade, student gender and baseline
learninglevel. For baseline learning, we have the same assessment as
the endline in all countries except Kenya, where we use administra-
tive exam scores, and in Nepal, where we use parent perceptions of
baselinelearning. Since random subsamples are drawn at baselinein
afew cases, we complete the sample with average estimates to enable
analysis to consider the full sample at endline when including con-
trols. §,denotes the geographic strata fixed effects—the randomiza-
tion stratum relevant to each country (for example, region, district
or constituency). We assess impact on operations gained as well as
the highest proficiency achieved in a given country. We estimate the
regression using ordinary least squares. Our main specifications are
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conducted per country. Given the speed and timing of the studies
conducted during a historic crisis, rather than register new analysis
plans, we rely on specifications published in prior related studies to
guide our analysis®. Our specifications are straightforward, with one
main learning outcome measure. In the extended data, we conduct
corollary analysis where we pool across studies and we include country
fixed effects n,. Werun additional regressions using alternative weights
by country as well as country-by-country estimations. QOur primary
analysis focuses on learning outcomes expressed as operation levels
gained inraw units as well asthe proportion of students who make it to
the top proficiency level. We analyse standardized learning outcomes
only as a corollary analysis (standardized relative to control group
standard deviations at endline and centred at mean zero). All tests
aretwo-sided statistical tests. All analysis was conducted in Stata/MP
18 software.

We also ran asubset of trials in which phone calls were delivered by
NGOs or government teachers. We estimate government (Gov) versus
NGO delivery effects per country using the following specification:

Y, j.c=a+BPhoneCalls; . o+ B,PhoneCalls; ¢ o, + VX .+ 6 2)
*t&jc

Allstandard errors are clustered at the level of the unit of randomi-
zation. In most countries this was the household level, which was de
facto the same as the student level since one student participated per
household; in a subset of treatment comparisons it was the school
grade level. In India, Nepal and Uganda all randomization was at the
household level. In the Philippines, the NGO arm was randomized
at the household level; the government arm was randomized at the
school grade level, with a corresponding control group randomized
at the same level for each arm. In Kenya, the phone call arm was ran-
domized at the school grade level whereas the SMS arms were cross
randomized at the household level. Of note, robustness checks find
little to no difference if standard errors are clustered or not across all
specifications. This is largely due to the fact that there is substantial
variationin learning outcomes within a cluster, such that the intraclus-
ter correlation is very low at about 0.03 in the Philippines and Kenya.
The above specifications are the core estimation strategies. Additional
specifications include other outcomes of interest beyond learning,
such as engagement, as well as heterogeneity analysis, and various
types of pooling across countries.

Duetorandomization, we expect treatment and control groups tobe
balanced atbaseline in expectation. Supplementary Table A10 presents
balance tests using baseline data for key demographics and the same
learning level variable. We find no statistically significant differences
across multiple dimensions, including gender, grade, caregiver type,
caregiver education levels and baseline learning. Thisis robust to mul-
tiple specifications, including with and without country fixed effects.
Similar results are found for each country, with balanced samplesin
eachindividual country. This reveals that each randomizationyielded
balanced armsin line with expectations.

Inallsites, the experimental design had high compliance rates; nearly
all randomized treatment households participated in the expected
treatment group. Detailed weekly monitoring data shows high take-up
and fidelity, as shown in Extended Data Fig. 1.

In asecondary analysis, we embed another randomized trial which
randomly allocated a subset of government teachers to deliver the
phone call tutorials out of a pool of hundreds of eligible teachers in
Nepal. Supplementary Table A6 shows balance tests with no statistically
significant differences among treatment groups. We assess whether
participating in phone call tutorials changed teachers’ subsequent
beliefs and behaviours, which we estimate for teachers i at the school
leveljin each country c as follows:

Si

jc=a+pB TeacherCalls; . +yX .+ 6,+¢; 3)

where S;; captures teacher beliefs or instructional practices. These
outcomes measure potential spillovers into the education system
through teacher beliefs and behaviours which could persist beyond
the programme.
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Extended DataFig.1|Weekly Household Engagementin Phone Calls. answered the call and engaged. This includes datafrom Nepal, Uganda and the
Notes: This figure shows average weekly engagement of householdsin the Philippines where we have detailed and easily comparable weekly monitoring

phone calland SMS arm. Each week, engagementis coded as1ifthe household data. Theshaded band represents + 95 percent confidence intervals.



Uganda, 4
5 0.48
4
3
2
0.13
0.10
A
0,
é@
Q
K
>
Q
&
Q®

[ Baseline Division

Extended DataFig.2|Learning Losses & Gains- Can Divide, Uganda, by
Grade. Notes: This figure shows the proportion of Grade 4 and Grade 5
studentsin Uganda that know how to correctly performdivision. The shades
distinguish the baseline and endline proportion.Ineach panel, the two barson
the left show the outcomes for students who did not receive theintervention;
the two ontheright show the outcomes for those who received the SMS
exercises and phone call tutoring. The figure shows that there is significant

Uganda, 5

0.21 0.22
0.13
>
(,\\SO @v@
& Q
K
&

Q

N

e®

[1 Endline Division

learning loss for control students between baseline and endline. It also shows
thatthereis onlyamodestincreasein the year-on-year share of students at
division-level proficiency between grades 4 and 5in the status quo. Finally, it
shows the share of students able to performdivisionin the treatment group
bothrecoverslearninglossand far exceeds the year-on-year progressin
division proficiency, with treated students overtaking the subsequent grade’s
proficiency level at baseline.
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Extended DataFig. 3 |Learning Trajectories. Notes: This figure shows
baseline and endline operation levels for the phone call tutorial treatment
armby country to showcase learning gains relative to status quo learning

trajectoriesinthe controlgroup. Weinclude all countries except Kenyasince
Kenyadid notuseanidentical learning test at baseline as at endline. All other

Philippines Uganda

10 10 1
time

Phone Call + SMS

countries - India, Nepal, Philippines and Uganda - used the same learning test
atbaseline and endline. Endline sample sizes are as follows: India (n=708),
Nepal (n=2,678), Philippines (n =2,469),and Uganda (n =1,308). More detail on
related results canbe found in Extended Data Table 1.
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Extended DataFig. 4 |Learning Curve - Improved Implementation and
Targeted Instruction Across Trials. Notes: This figure uses monitoring
datatoestimate how targeted instruction was across studies where enough
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study. Benchmark estimates from control groups of teaching at the right level
studiesinIndiaarealsoincluded toshow how ofteninstructionis targetedin
the status quo. These estimates track learning outcome progress, with learning

monitoring data existed. Targeted instructionis defined as whetherinstructors  improving from Botswana (where instruction was targeted 41.1 percent of the

taughtstudentsat their level each week, andis thenaveraged across all eight
weeks. For example, ifa child did not know addition and they were taught

time) to Nepal (whereinstruction was targeted 50.9 percent of the time) to
the Philippines (where instruction was targeted 64.9 percent of the time) to

addition, theinstruction was well targeted; ifa child did know addition but was Uganda (whereinstruction was targeted 81.5 percent of the time). The shaded

still taughtitrather than moving on to subtraction, instruction was not well
targeted. Estimates are also included from the Botswana proof-of-concept

bandrepresents + 90 percent confidence intervals. Reproduced fromref. 52;
copyright2026 American Economic Association.
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Extended DataFig. 5| Maps ofthe Study Sample by Country.



Extended Data Table 1| Learning Outcomes Gained, By Country

(1)

Operations Gained Operations Gained

(2)

(3)

Highest Proficiency

(4)

Highest Proficiency

Panel A: India

Phone call and SMS 0.220%** 0.210%* 0.115%** 0.113%**
(0.092) (0.087) (0.036) (0.035)
[0.017] [0.016] [0.002] [0.001]
Observations 708 708 708 708
Control Mean 2.720 2.720 0.328 0.328
Panel B: Kenya
SMS messages -0.027 -0.024 -0.005 -0.003
(0.053) (0.053) (0.031) (0.031)
[0.606] [0.642] [0.865] [0.916]
Phone call and SMS 0.114** 0.092** 0.071** 0.059**
(0.051) (0.044) (0.028) (0.025)
[0.025] [0.039] [0.013] [0.020]
Observations 1985 1985 1985 1985
Control Mean 1.420 1.420 0.623 0.623
P-Val: SMS vs Phone Call + SMS 0.004 0.009 0.011 0.017
Panel C: Nepal
SMS messages 0.062 0.042 0.006 0.003
(0.086) (0.076) (0.022) (0.020)
[0.472] [0.578] [0.780] [0.887]
Phone call and SMS 0.173** 0.147** 0.036* 0.031
(0.081) (0.073) (0.021) (0.019)
[0.034] [0.045] [0.086] [0.109]
Observations 2678 2678 2678 2678
Control Mean 1.689 1.689 0.210 0.210
P-Val: SMS vs Phone Call + SMS 0.124 0.107 0.111 0.102
Panel D: Philippines
SMS messages 0.104 0.061 0.032%*** 0.024**
(0.063) (0.061) (0.010) (0.010)
[0.100] [0.318] [0.002] [0.019]
Phone call and SMS 0.561%*** 0.560*** 0.130%*** 0.130%***
(0.067) (0.063) (0.015) (0.014)
[0.000] [0.000] [0.000] [0.000]
Observations 2469 2469 2469 2469
Control Mean 1.388 1.388 0.030 0.030
P-Val: SMS vs Phone Call + SMS 0.000 0.000 0.000 0.000
Panel E: Uganda
SMS messages 0.278%** 0.289%*** 0.016 0.019
(0.077) (0.076) (0.021) (0.022)
[0.000] (0.000] [0.459] [0.376]
Phone call and SMS 1.193%%* 1.196*** 0.344*** 0.343***
(0.073) (0.071) (0.026) (0.026)
[0.000] [0.000] [0.000] [0.000]
Observations 1308 1308 1308 1308
Control Mean 1.803 1.803 0.093 0.093
P-Val: SMS vs Phone Call + SMS 0.000 0.000 0.000 0.000
Controls No Yes No Yes

Notes: This table reports treatment effects on learning outcomes by country. Operations gained refers to the number of operations gained, with each operation scored as an additional level
gain (e.g. beginner=0, addition=1, subtraction=2, multiplication=3, and division=4). Highest proficiency refers to the highest level taught and tested in a given country, which is 2-digit division
in all countries but Kenya where students were younger and taught up to 2-digit subtraction. Controls include student grade, gender, geographical strata, and baseline learning level. Standard
errors are in parentheses and p-values are in square brackets.
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Extended Data Table 2 | Learning Outcomes at Scale Across 5 Countries

Pooled full sample Weighted by country

(1) (2) (3) (4)
Learning (SD) Learning (SD) Learning (SD) Learning (SD)

SMS messages 0.078*** 0.069** 0.073** 0.069**
(0.028) (0.027) (0.028) (0.027)
[0.006] [0.010] [0.010] [0.011]
Phone call and SMS 0.321*** 0.312%** 0.341%** 0.336***
(0.026) (0.025) (0.028) (0.027)
[0.000] [0.000] [0.000] [0.000]
Observations 9148 9148 9148 9148
Control Mean 1.726 1.726 1.726 1.726
P-Val: SMS vs Phone Call + SMS 0.000 0.000 0.000 0.000
Country Fixed Effects Yes Yes Yes Yes
Grade Fixed Effects No Yes No Yes
Countries Included All 5 All 5 All5 All 5

Notes: This table reports treatment effects on learning outcomes for a pooled sample as well as samples weighted by country-arm. Learning refers to how a child scores on four basic numeracy
options: no operations correct, addition, subtraction, multiplication, and division (measured on a scale of 0-4 and expressed in terms of standard deviations, standardized using the control
group mean and standard deviation at endline). “Pooled full sample” gives equal weight to each observation; consequently, country-treatment arms with larger samples contribute more to

the pooled estimate. “Weighted by country-arm” reweights observations by country so that each observed country arm contributes equal total weight. Column (1) measures the learning
differences between the treatment and control group, measured in standard deviations, with country fixed effects only. Column (2) includes baseline controls and country and grade fixed
effects. Column (3) and column (4) weigh the results by country-arm. Standard errors are in parentheses and p-values are in square brackets. Given learning outcomes are standardized to have
a control mean of zero, we include in the control mean row a more intuitive comparison. We include unstandardized average student learning level in the control group at endline. This variable
takes the value of O for students who got zero operations correct, 1if students got addition correct, 2 if subtraction was correct, 3 if multiplication was correct, and 4 if students got division
correct. For example, in this table, average student levels in the control group at endline were 1.726, which is the equivalent of a student knowing between addition and subtraction level.



Extended Data Table 3 | Learning Outcomes by Multiple Proficiencies
Division Innumerate Other Proficiencies

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

Division No operations Place value Word problems Fractions

SMS messages 0.029*** 0.003 0.007 0.045%** 0.044%**
(0.010) (0.014) (0.015) (0.015) (0.012)
[0.006] [0.820] [0.646] [0.003] [0.000]
Phone call and SMS 0.135%** -0.041%%* 0.047%** 0.071*** 0.064***
(0.011) (0.012) (0.014) (0.013) (0.011)
[0.000] [0.000] [0.000] [0.000] [0.000]
Observations 7163 7163 7163 7163 7163
Control Mean 0.146 0.225 0.639 0.634 0.209
P-Val: SMS vs Phone Call + SMS 0.000 0.000 0.003 0.048 0.070
Country Fixed Effects Yes Yes Yes Yes Yes
Grade Fixed Effects Yes Yes No No No
Countries Included 4 4 4 4 4

Notes: This table reports learning outcomes across different proficiencies. Column (1) highlights the learning gains in terms of share of students who learned division. Column (2) shows the
share of students who could not correctly answer any of the basic numeracy operations (referred to as innumerate). Columns (3), (4), and (5) show the share of students who could correctly
answer place-value problems, word problems, and fractions, respectively. The place-value and higher-order questions were not asked of the Grade 1and 2 students in Kenya as these were not
covered in their standard school curriculum at these ages. Standard errors are in parentheses and p-values are in square brackets.
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Extended Data Table 4 | Counterfactual condition

Nepal Philippines Uganda India Kenya
Panel A: Caregiver composition
Mother helps most in math 0.46 0.76 0.46 0.38 0.58
Father helps most in math 0.30 0.00 0.21 0.24 0.24
Sibling helps most in math 0.17 0.09 0.16 0.27 0.10
Caregiver has no formal education 0.11 0.02 0.22 0.03 0.01
Caregiver has only a primary education 0.12 0.13 0.49 0.03 0.08
Caregiver has up to a secondary education 0.71 0.41 0.24 0.71 0.85
Panel B: Comparable intervention in status quo
Sent SMS math problems in past weeks 0.10 0.15 0.10 0.59 0.90
Received any calls from educator in past weeks 0.14 0.22 0.07 0.43 0.65
Panel C: School disruption
Degree of school closure 1.00 2.00 2.00 1.00 0.00
Panel D: Status quo learning level
Achieved top operation level 0.21 0.03 0.09 0.33 0.62
Nationally representative equivalent learning level 0.23 0.05 0.15 0.31 0.68
Panel E: Education accessed by households in government delivery
Any online instruction 0.30 0.09
Modular digital instruction 0.03 0.11
Any TV instruction 0.10 0.12
Any radio instruction 0.02 0.05
Teacher phone instruction 0.30 0.00

Notes: This table describes status quo conditions in controls groups. Means are reported on binary variables for nearly all variables, interpreted as percents; the only exception is the degree
of school closure which is coded as O for mostly open schools during the study, 1 for partially closed school during the study; and 2 for fully closed schools during the study period. The top
learning level is simple division in most countries; Kenya is subtraction since enrolled students were younger. The nationally representative equivalent is drawn from national assessments
conducted in Nepal, Uganda, and Kenya using the ICAN comparable assessment which the ASER tool and our assessment directly maps onto, and from ASER in India. The Philippines data is

drawn from the RMA data for the top level of proficiency.



Extended Data Table 5 | Robustness Checks on Learning Outcomes
Phone vs In Person Backchecks Random Problem Effort
(1) (2) (3) (4) (5)
Learning (SD) Addition backcheck Division backcheck  Learning (SD) Effort Task
Assessment Mode 0.065

(0.056)
[0.244]
Add 0.473%**
(0.085)
[0.000]
Divide 0.655%**
(0.030)
[0.000]
Random Order 2 0.051
(0.068)
[0.458]
Random Order 3 0.020
(0.069)
[0.775]
Random Order 4 -0.032
(0.068)
[0.641]
SMS messages -0.004
(0.019)
[0.821]
Phone call and SMS -0.021
(0.019)
[0.257]
Observations 1985 708 708 2670 5048
Control Mean 1.420 0.930 0.309 1.689 0.435
Countries Included Kenya India India Nepal 3 Countries

Notes: This table reports the robustness checks on learning outcome measurement. Learning refers to how a child scores on four basic numeracy options: no operations correct, addition,
subtraction, multiplication, and division (measured on a scale of 0-4 and expressed in terms of standard deviations, standardized using the control group mean and standard deviation at endline).
Column (1) shows the results on average student level for assessments via phone relative to the same assessment in-person. Column (2) and (3) show backcheck results on addition and division.
Column (4) shows results of randomizing students to receive different problems of the same proficiency. Column (5) shows results from effort questions. Standard errors are in parentheses

and p-values are in square brackets. In column 1, given learning outcomes are standardized to have a control mean of zero, we include in the control mean row a more intuitive comparison.

We include unstandardized average student learning level in the control group at endline. This variable takes the value of O for students who got zero operations correct, 1if students got addi-
tion correct, 2 if subtraction was correct, 3 if multiplication was correct and 4 if students got division correct.
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120¢ yosen




=}
5
[
c
-
(0]
e}
0
=3
d
o
=
-
[¢]
e}
o}
=3
4.
=}
oa
(%]
c
3
3
<5 )
<

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study

* |[] Antibodies [J|[] chip-seq

L |:| Eukaryotic cell lines |:| |:| Flow cytometry

L‘ |:| Palaeontology and archaeology |:| |:| MRI-based neuroimaging

" |[] Animals and other organisms
Di Human research participants

" Clinical data
X

|:| Dual use research of concern

—

Antibodies

Antibodies used Describe all antibodies used in the study, as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.
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Eukaryotic cell lines

Policy information about cell lines

Cell line source(s) State the source of each cell line used.




Authentication

Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for

Commonly misidentified
(See ICLAC register)

mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

lines Name any commonly misidentified cell lines used in the study and provide a rationale for their use.

Palaeontology and Archaeology

Specimen provenance

Specimen deposition

Dating methods

Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information). Permits should encompass collection and, where applicable,
export.

Indicate where the specimens have been deposited to permit free access by other researchers.

If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where
they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

|:| Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight

Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Human research participants

Policy information about studies involving human research participants

Population characteristics

Recruitment

Ethics oversight

The study took place in India (Telangana), Kenya, Nepal, Philippines, and Uganda. The samples were drawn from regions
in each country chosen by the government to be representative of high needs regions. In our five-country sample, the
median student is in grade 3, median age is 9, 51 percent of students are female, and 46 percent did not know basic
operations at baseline.

In total, over 16,000 households were enrolled in the multi-country evaluation. In each household a primary school
student and a caregiver were identified to receive the intervention. We asked households to nominate the main caregiver
who provides educational support to their child. Recruitment was done through national and local ministries of education,
who nominated representative high-needs regions and schools and who contacted schools who in turn contacted
households. We compare covariates to representative samples and find broadly representative sample characteristics.

IRB approval was granted by HML IRB (8890XFD21) and Columbia University IRB (21-384). Informed consent was performed
in accordance with all relevant guidelines and regulations and obtained from caregivers, child assent, and government
approvals in each country. An additional country-specific IRB approval was granted by Nepal's Health Research Council
(776/2020) due to local regulations. The trials were registered in the AEA registry: AEARCTR-0009779. After the study period,
control group students were later able to be enrolled in the intervention to benefit from the program.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies

All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration

Study protocol

Data collection

Outcomes

The trials were registered in the AEA registry: AEARCTR-0009779

The trials were registered in the AEA registry: AEARCTR-0009779. Given the speed and timing of the studies conducted during a
historic crisis, rather than register new analysis plans, we rely on specifications published in prior related studies to guide our analysis

The study took place in India (Telangana), Kenya, Nepal, Philippines, and Uganda. The samples were drawn from regions in each
country chosen by the government to be representative of high needs regions. We conduct a 5-country randomized controlled trial
from December 2020-July 2022.

In each country, we have two waves of data: baseline and endline. These questions included a learning assessment, child wellbeing,
parental engagement in educational activities, and parental perceptions of their child's learning. A portion of the survey was
conducted with the parent, and learning outcomes were collected by directly assessing the child over the phone. The learning
assessment was adapted from the ASER test.
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Dual use research of concern

Policy information about dual use research of concern

Hazards

Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented
in the manuscript, pose a threat to:

No | Yes

[J|[] Public health

|:| |:| National security

|:| |:| Crops and/or livestock
(]

|:| Ecosystems
|:| Any other significant area
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Experiments of concern

Does the work involve any of these experiments of concern:

=
)

Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents
Enhance the virulence of a pathogen or render a nonpathogen virulent
Increase transmissibility of a pathogen

Alter the host range of a pathogen

Enable evasion of diagnostic/detection modalities

Enable the weaponization of a biological agent or toxin
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Any other potentially harmful combination of experiments and agents

ChlP-seq

Data deposition
|:| Confirm that both raw and final processed data have been deposited in a public database such as GEO.

|:| Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,
May remain private before publication. provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.

Genome browser session Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to

(e.g. UCSC) enable peer review. Write "no longer applicable" for "Final submission" documents.
Methodology
Replicates Describe the experimental replicates, specifying number, type and replicate agreement.
Sequencing depth Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of reads and
whether they were paired- or single-end.
Antibodies Describe the antibodies used for the ChiP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and lot

number.

Peak calling parameters | Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and index files

<

)

used. 3

S

S

Data quality Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold enrichment. N,
Software Describe the software used to collect and analyze the ChlP-seq data. For custom code that has been deposited into a community

repository, provide accession details.




Flow Cytometry

Plots

Confirm that:

|:| The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

|:| The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).

[ ] All plots are contour plots with outliers or pseudocolor plots.

|:| A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation
Instrument

Software

Cell population abundance

Gating strategy

Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.
Identify the instrument used for data collection, specifying make and model number.

Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a
community repository, provide accession details.

Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

|:| Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type

Design specifications

Indicate task or resting state; event-related or block design.

Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

Behavioral performance measures State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used

Acquisition
Imaging type(s)
Field strength

Sequence & imaging parameters

Area of acquisition

Diffusion MRI D Used

Preprocessing

Preprocessing software
Normalization
Normalization template

Noise and artifact removal

to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across
subjects).

Specify: functional, structural, diffusion, perfusion.
Specify in Tesla

Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

[ ] Not used

Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types used for
transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).
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Volume censoring Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first and
second levels (e.g. fixed, random or mixed effects; drift or auto-correlation).

Effect(s) tested Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis: [ | Whole brain [ | ROI-based [ ] Both

Statistic type for inference

Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.
(See Eklund et al. 2016)

Correction Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte Carlo).
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Models & analysis

n/a | Involved in the study
D D Functional and/or effective connectivity

D D Graph analysis

D D Multivariate modeling or predictive analysis

Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial correlation,
mutual information).

Graph analysis Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,

subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).

Multivariate modeling and predictive analysis  Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.
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