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Abstract  The COVID-19 pandemic closed schools at one point for over 1.6 billion children, with potentially long-term consequences. This paper provides some of the first experimental evidence on strategies to minimize the fallout of the pandemic on learning. We eval-uate two low-technology interventions to substitute schooling during this period: SMS text messages and direct phone calls. We conduct a rapid trial in Botswana to inform real-time policy responses, collecting data in multiple waves. We find that phone calls and SMS messages result in cost-effective learning gains of 0.12 standard deviations. We cross-randomize targeted instruction, customizing instruction to a child’s learning level using data collected during the trial. We find evidence that targeted instruction can be more effective than non-targeted instruction, especially for SMS messages which have no effect on their own if they are not targeted. Learning gains are robust to a variety of tests, such as randomized problems of the same proficiency and measures of effort on the test. Parents update their beliefs about their child’s learning in tandem with progress and they feel greater self-efficacy to support their child’s learning. The “low-tech” interventions tested have immediate policy relevance and could have long-run implications for the role of technology and parents as substitutes or complements to the traditional education system.
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1   Introduction 
  

The COVID-19 pandemic has paralyzed education systems worldwide: at one point, 
school closures forced over 1.6 billion learners out of classrooms (UNESCO 2020). 
While smaller in scale, school closures are not unique to COVID-19: teacher strikes, 
summer breaks, earthquakes, viruses such as in!uenza and Ebola, and weather-related 
events cause widespread closures. Closures often result in large learning losses, which 
have been documented in North America, Western Europe, and Sub-Saharan Africa 
(Cooper et al. 1996; Slade et al. 2017; Jaume and Willen 2019; Andrabi, Daniels, and 
Das 2020). To mitigate learning loss in the absence of school, high-income families 
have access to alternative sources of instruction—books, computers, internet, radio, 
television, and smart phones—that many low-income families do not (Bacher-Hicks et 
al. 2020; Chetty et al. 2020; Engzell et al. 2020). Stemming learning loss when schools 
are closed, particularly in areas where learning resources are lacking in the household, 
requires outside-school interventions that can substitute instead of complement ongo-
ing instruction. Doing so at scale requires cheap, low-technology solutions that can 
reach as many families as possible. 

In this paper, we provide some of the "rst experimental estimates on minimizing 
the fallout of the COVID-19 pandemic on learning. We evaluate two “low-tech” solu-
tions that leverage SMS text messages and direct phone calls to support parents to 
educate their children. A sample of 4,500 families with primary-school-aged children 
across nearly all regions of Botswana were randomly assigned to either intervention 
arm or a control arm. In one treatment arm, SMS text messages provided a few basic 
numeracy “problems of the week.” In a second treatment arm, live phone calls from 
instructors supplemented these SMS text messages. These calls averaged 15-20 minutes 
in length and provided a direct walk-through of the learning activities sent via text 
message. Using high-frequency data collected at week four we also cross-randomized a 
targeted instruction intervention which sent customized SMS and phone instructions 
based on student numeracy levels.  

Our results show large, statistically signi"cant learning di#erences between treat-
ment and control groups. For the combined phone and SMS group there was a 0.121 
standard deviation (p=0.008) increase in the average numerical operation learned.2 
For households who participated in all sessions, instrumental variables analysis shows 
learning gains are 0.168 standard deviations (p=0.007). These gains translate to being 
able to do place value, as well as solving fractions. We "nd evidence that targeted 
instruction is more e#ective on a broad set of competencies, such as learning place 

 
2 The test used is adapted to the phone from a face-to-face ASER test frequently used in the literature (Banerjee et al. 2007; Banerjee 
et al. 2010; Banerjee et al. 2017; Duflo et al. 2020). 
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value, and is three times more e#ective for learning higher-order competencies such as 
solving fractions, although it is no better than non-targeted instruction on basic com-
petencies. Targeting seems to be particularly important for SMS messages, with no 
e#ect on average, which appears to be driven by limited e#ects for non-targeted SMS 
messages, while we "nd evidence of positive e#ects for targeted SMS messages.  

Together, these results demonstrate that instruction through “low-tech” mobile 
phones can provide a cost-e#ective and scalable method to deliver educational instruc-
tion outside of the traditional schooling system and to personalize instruction.  

We also present several innovations on remote assessment to test the robustness of 
our learning measures. The learning assessment used was adapted from the Annual 
Status of Education Report (ASER) into a phone-based assessment and incorporated 
time limits and a requirement that children explain their work to accurately identify 
their numeracy levels. We "nd that learning results are robust to randomized problems 
that test the same pro"ciency, a standard reliability test in the psychometric literature 
(Crocker and Algina 1986). We further disentangle cognitive skills gains from e#ort 
e#ects, which have been shown to a#ect test scores (Gneezy et al. 2019). In our con-
text, where learning outcomes are measured remotely in the household, e#ort might 
be particularly important. We test this hypothesis with a real-e#ort task. We "nd that 
student e#ort is una#ected by the interventions, suggesting the learning gains observed 
stem from cognitive skill gains, rather than from e#ort on the test. It is also possible 
learning gains are a matter of familiarity with the content in intervention groups which 
receive exposure to similar material. We test this by including new content not covered 
during the intervention, but which is related, such as fractions, and "nd that in the 
phone and SMS group learning gains translate to fractions. The familiarity hypothesis 
is also partially tested with randomized problems of the same pro"ciency, which do 
not a#ect results. 

We explore parental educational investment mechanisms.3 Parents exhibit strong 
demand for the intervention, with over 99 percent of households expressing interest in 
continuing the program after the "rst four weeks. Parental engagement in their child’s 
education is high with 92 percent of parents reporting their child attempted to solve 
the problems sent, with slightly higher engagement in the phone call group of 95 
percent. Parents report 8.4 and 15.2 percent greater self-e$cacy in supporting their 
child’s learning as a result of the SMS only and phone and SMS interventions, respec-
tively. Parents also update their beliefs about their child’s learning level in tandem 
with their child’s learning progress. This suggests that parents are involved and aware 
of their child’s academic progress. We also "nd that parental return to work post 

 
3 We use the term “parent” in this paper for consistency with the literature. In practice, we engage “caregivers”, 81 percent of whom 
are parents, 7.6 percent are grandparents, 7.8 percent are aunts or uncles, 2.8 percent are siblings, and less than 1 percent are cousins. 
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lockdown is una#ected by the interventions, and if anything, is slightly higher, which 
alleviates the concern that further parental engagement in their child’s education 
might crowd out other activities, such as returning to work.  

We also explore partial versus full school substitution mechanisms. The results at 
endline are particularly striking given schools partially reopened during this period, 
although with frequent disruptions, whereas at the time of the midline survey schools 
were fully closed. This suggests that the phone and SMS treatment was e#ective even 
when it served as a partial substitute to schooling, in addition to as a full substitute in 
the "rst stage of the trial. However, e#ects are smaller in the second versus "rst stage 
of the trial. We see that the phone and SMS treatment reduced innumeracy by 52 
percent relative to 31 percent in the "rst versus second wave, and a 34 percent reduc-
tion relative to 11 for the targeted SMS only group. This could be for a few reasons. 
First, average treatment e#ects could stay constant, but engagement could diminish 
over time. Second, even if engagement persists over time, e#ects might diminish in size 
due to habituation or fatigue. Third, the interventions tested might be most e#ective 
as pure substitutes, since when schools are closed and virtually no learning takes place, 
these simple low-cost interventions might matter most. In contrast, when schools reo-
pen, the low-tech interventions now provide a partial rather than a full substitute. 
Altogether, the results suggest targeted SMS messages and phone calls are most e#ec-
tive as full substitutes, but still improve learning as partial substitutes. 

Our work contributes to several literatures. The low-tech interventions tested relate 
to a growing literature on mobile phone technology and education. Mobile phone SMS 
messages have been used to supplement adult education programs in Niger and the 
U.S. (Aker et al. 2012; Aker et al. 2015; Aker and Ksoll 2020), to help parents teach 
nascent literacy skills to their children in the U.S. (York et al. 2018; Doss et al. 2019), 
and to help parents monitor their child’s e#ort and progress in school (Kraft and 
Rogers 2015; Berlinski et al. 2016; Cunha et al. 2017; Siebert et al. 2018; de Walque 
and Valente 2018; Bergman and Chan 2019; Musaddiq et al. 2019; Gallego et al. 2020; 
Bergman 2020). See Bergman 2019 for a review. We contribute to this literature by 
providing evidence on live, direct instruction as well as automated, text-message based 
instruction, and in a setting where these interventions operate largely as substitutes 
for schooling rather than as complements.4 We also contribute novel learning data via 
phone-based assessment.  

We also relate to a literature on targeted instruction. An educational approach 
called “Teaching at the Right Level” (TaRL), a classroom-based intervention evaluated 
over 20 years which targets instruction by learning level rather than by age or grade, 

 
4 The role of technology as a complement or substitute for the traditional schooling system is reviewed in Bettinger et al. (2020). 
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has been shown to produce cost-e#ective gains in learning across multiple studies. This 
approach has worked when delivered by teachers or volunteers (Banerjee et al. 2007; 
Banerjee et al. 2010; Du!o, Dupas, and Kremer 2011; Banerjee et al. 2017; Du!o et 
al. 2020) and when using adaptive computer software (Banerjee et al. 2007; Murali-
dharan, Singh, and Ganimian 2019). We contribute to this literature by testing a 
particularly low-cost and scalable approach to target instruction using phone-based 
instruction. 

Our results have signi"cant implications for global policy. Recent estimates from 
the World Bank suggest current school closures could cost up to $10 trillion in net 
present value (Azevedo et al. 2020). Hanushek and Woessmann (2020) estimate that 
learning losses due to COVID-19 could yield an average of 1.5 percent lower annual 
GDP for the remainder of the century. To mitigate this fallout of the pandemic on 
education, there is global demand for e#ective solutions to reduce learning loss. Even 
as schools start to reopen, this reopening is often partial and schooling may be peri-
odically interrupted as new outbreaks occur and as new social distancing guidelines 
come into e#ect. Moreover, school closures occur in settings beyond the current pan-
demic, including summer holidays, public health crises, during adverse weather events, 
natural disasters, and in refugee and con!ict settings. In moments where a substitute 
for schooling is needed, particularly for families with fewer resources at home, the low-
tech solutions tested in this trial have unique potential to reach the masses. While 
only 15 to 60 percent of households in low- and middle-income countries have internet 
access, 70 to 90 percent of households own at least one mobile phone (Carvalho and 
Crawford 2020). Our results provide early evidence that remote instruction by phone 
and simple SMS messages has high potential to improve children’s learning at low cost 
and at scale both when children are out of school and as schools start to reopen. 

  
2   Background 

  
2.1   Global Education and COVID-19 Landscape 

  

Over 190 countries closed schools at the height of the COVID-19 pandemic (UNESCO 
2020). Estimates of learning loss due to mass school closures reach nearly a full year 
of schooling adjusted for quality (Azevedo et al. 2020). Even before the pandemic, 
student learning levels were low and progress was slow, as highlighted by UNESCO 
and the World Bank (Angrist, Djankov, Goldberg, and Patrinos 2019). According to 
the World Bank’s learning poverty measure, less than 50 percent of students in devel-
oping countries could read a story by age 10 (World Bank 2019). To address learning 
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shortfalls, which have been exacerbated by the COVID-19 pandemic, there is a need 
for approaches that cost-e#ectively improve learning on a global scale. 

  
2.2   COVID-19 Context in Botswana 

  

Botswana enacted pre-emptive social distancing measures before recording its "rst 
COVID-19 case. While the "rst suspected COVID-19 death occurred in Botswana on 
March 25th, schools had already been closed, initially for a planned six months starting 
March 20th. As of early November 2020, around 25 COVID-19 deaths have occurred 
in Botswana. With around 300,000 tests conducted to date, this statistic is unlikely 
due to limited testing. While the direct e#ects of the pandemic have been minimal, 
the fallout of the pandemic on educational and social services has been severe. Bot-
swana declared a state of emergency on March 31st. Schools reopened on June 17th, 
were subsequently closed again after a new wave of COVID-19 cases, and have since 
reopened. Our data reveals that the vast majority of students returned to school (98.8 
percent). Similar waxing and waning of school closure is anticipated in the coming 
months. Even as students return to school, a double-shift system, where half of the 
students rotate into school in the morning and the other half rotate in the afternoon, 
drastically reduces time in school for each student. While the government has launched 
learning programs on national television and radio stations to provide learning content 
for students, survey data suggests there is high demand among parents and commu-
nities for additional remote educational activities for their children.5 Over 99 percent 
of parents reported demand for continued remote learning services even if schools 
reopened, like due to uncertainty around whether schools would remain open, reduced 
school hours, and disrupted learning. 
 
3   Intervention 

  
A few days before the government announced that schools were closing as a result of 
the state of emergency, we collected 7,550 phone numbers from primary schools. This 
response built on an active presence in schools by Young 1ove, one of the largest NGOs 
in Botswana, which was conducting educational programming in partnership with the 
Ministry of Basic Education. 

Young 1ove’s sta#, from here on referred to as “facilitators,” collected phone num-
bers in primary schools from students, parents, and teachers in schools where active 

 
5 In addition, we find access to radio is relatively low. Data from our midline survey shows the only 20 percent of students in the 
control group are listening to radio in the status quo. 
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Teaching at the Right Level programming had been in session to enable remote en-
gagement in the pending school closures. These numbers were collected in nearly all 
schools with an active presence and largely for students in grades 3 to 5. Given high 
interest for remote support, numbers were collected primarily from students who were 
not participating in prior programming (82 percent of all numbers) as well as those 
who were (18 percent). After phone collection and veri"cation, facilitators called all 
numbers to gauge interest from parents in receiving remote learning support via phone. 
Over 60 facilitators were engaged through training via WhatsApp where voice notes 
and short brie"ng scripts were shared on how to conduct the calls. 

For parents who opted into remote learning support, we provided two low-tech 
interventions: (a) one-way bulk SMS texts with multiple numeracy “problems of the 
week” and (2) SMS bulk texts with live phone call walkthroughs of the problems on a 
15-20-minute phone call. Both low-tech interventions were intentionally designed to 
be simple in order to be digestible via phone by parents, teachers, and students and 
scalable by governments. 

The "rst intervention was a weekly SMS containing several simple math problems; 
for example, “Sunshine has 23 sweets. She goes to the shops to buy 2 more. How many 
does she have altogether?” The SMS was sent at the beginning of each week via a bulk 
texting platform. The SMS contained a message with 160 to 320 characters that could 
"t in one or two texts. Figure 1 shows an example weekly message of practice problems 
focused on place value. 

Text messages were sent to parent phone numbers since primary school children 
rarely have their own phones. In some cases, parents shared the message directly with 
students and in other cases parents engaged directly with their children to solve the 
problems. The SMS was one-way and did not require or elicit a two-way response. 
This was most logistically straightforward given two-way messaging is not always 
available cheaply and consistently. 

The second intervention was a weekly phone call ranging in typical length from 5 
to 20 minutes in addition to the weekly SMS, which was sent at the beginning of the 
week. On the call, the facilitator asked the parent to "nd the student and put the call 
on speaker. This arrangement allowed both the parents and student to hear the facil-
itator at the same time and to engage in learning. The facilitator con"rmed that the 
student had received the SMS message sent and answered any questions related to the 
task. Furthermore, the facilitator provided the student with a math question to go 
over and practice. The calls served to provide additional learning support as well as 
motivation and accountability. Many parents proudly reported to the facilitators dur-
ing these phone calls that their child had successfully completed the problems of the 
week. Figure 2 includes a subset of a sample phone call script. 
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The goal for the calls was to conduct them with both the caretaker and the child 
simultaneously. This strategy maximized the probability the child received educational 
support and lowered future barriers to entry for parents to continue engaging in edu-
cational activities. It also provided a measure of child protection by ensuring a guard-
ian was present during phone calls with children. Simultaneous calls happened roughly 
45 percent of the time. About 37 percent of the time, the facilitators spoke with only 
the caretaker, using the time to explain how he or she could support their child with 
the SMS message problems. For the remaining 18 percent of calls, the respondents 
were unavailable (15 percent), a logistical barrier occurred (2 percent), or they no 
longer wanted to be part of the program (1 percent). 

64 facilitators were assigned a group of about 24 households each to case manage. 
Each facilitator called for around 6 hours a day to reach all households every week. 
Facilitators would periodically request ideal scheduling times to call to maximize the 
probability parents would engage. On average, over 50 percent of total calling time 
was spent following up or on household logistics (e.g., a parent and child "nding a 
joint space in their household to engage).  

Pilots of both interventions were conducted over the course of two weeks prior to 
launching the interventions to ensure acceptability and feasibility. For example, more 
elaborate learning activities were initially planned, such as tossing stones into three 
concentric circles with various place values. However, pilots revealed this level of in-
teraction was deemed too di$cult to describe e#ectively and quickly over the phone 
in the "rst series of interactions. To this end, we shifted to conducting simple practice 
problems similar to those shown in Figures 1 and 2. 

A random subset of phone numbers were also cross-randomized with an additional 
intervention: targeted instruction to each child’s learning level. We used data on learn-
ing levels from a midline phone-based learning assessment to send tailored text mes-
sages to each student in the "fth week. For example, students who knew addition 
received subtraction problems, whereas students who knew multiplication were sent 
division problems. This targeted instruction program was adaptive, building on data 
collected at week four, which (a) enabled us to have near real-time data to target 
instruction and (b) revealed parents were having a hard time learning the level of their 
child, thus requiring additional support to target instruction. At each week interval 
thereafter, we collected weekly data on a “problem of the week” using a phone survey 
and used this question to further target weekly SMS messages. If the child responded 
correctly, problems the following week progressed to a higher operation level. If not, 
the child was given the same level problem. At approximately week twelve, we collected 
additional survey data and conducted learning assessments to evaluate the targeted 
instruction component of the intervention. 
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4   Experimental Design 
  

We collected 7,550 phone numbers in primary schools throughout the country the week 
before the lockdown was instated. To put this scale in context, there are roughly 44,000 
students in one primary grade level across the nation in Botswana. Over a period of 
two weeks following phone number collection, facilitators called these 7,550 phone 
numbers to con"rm that they were valid numbers, that they belonged to the caregiver 
of a child in primary school, and, if so, to inform these caregivers about the program 
and gain consent to participate. We managed to reach and collect follow-up data on 
roughly 6,375 of the 7,550 phone numbers initially collected. The remaining numbers 
were either invalid, unreachable, or the child was no longer with the caregiver of the 
original number given, often due to moving to stay with a di#erent relative. Of the 
6,375 phone numbers reached, 4,550 households (about 71 percent) were interested 
and gave consent to participate in the trial. For this cohort of 4,550 participants, we 
include a heat map in Figure 3 of the location of the children’s schools to demonstrate 
the distribution of participants across the country. 

We randomized the 4,550 phone numbers initially into three groups of equal size: a 
weekly SMS message followed by a phone call, a weekly SMS message only, and a pure 
control group. We then cross-randomized 2,250 numbers for a midline assessment and 
approximately 1,600 phone numbers to receive targeted instruction customized to their 
learning level using data collected at midline. Randomization was strati"ed on whether 
at least one child in the household had previously participated in prior school-based 
“Teaching at the Right Level” programming, a proxy for having recently made sub-
stantial learning gains. Each phone number belongs to a caregiver and household. 
Roughly 80 percent of the households had one student while 20 percent had multiple 
students.  

Figure 4 provides a timeline of each step from initial phone number collection, 
piloting and training, program implementation and waves of data collection. Figure 5 
provides an overview of the experimental design. 

  
4.1   Data Collection 

  
We conducted two waves of data collection. The endline occurred after 4 months and 
a midline occurred shortly before the halfway point. The endline survey consists of 17 
questions including a learning assessment, parental engagement in educational activi-
ties, and parental perceptions of their child’s learning and their own self-e$cacy. A 
portion of the survey was conducted with the parent and learning outcomes were 
collected by directly assessing the child over the phone. The assessment was adapted 
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from the ASER test, which has been adapted for use in over 14 di#erent countries. 
The ASER test consists of multiple numeracy items, including 2-digit addition (Level 
1), subtraction (Level 2), multiplication (Level 3) and division problems (Level 4). A 
level of 0 on the test is referred to as “beginner” level and indicates the student cannot 
successfully do any operations which we also refer to as “innumeracy.” Figure 6 shows 
a sample assessment adapted from ASER. The ASER test has consistently been used 
in the Teaching at the Right Level literature (Banerjee et al. 2017). In order to improve 
the reliability of the phone-based assessment, we introduced a series of quality-assur-
ance measures: students had a time cap of two minutes per question to minimize the 
likelihood of family members in the household assisting the child, and we asked each 
child to explain their work and only marked a problem correct if the child could cor-
rectly explain how they solved the problem. While imperfect, these measures provide 
a level of veri"cation to maximize the likelihood the test captures child learning. We 
assigned facilitators to phone numbers using an arbitrary match sorted by phone num-
ber order. On average, each facilitator was assigned to about 30 phone numbers. Less 
than 1.5 percent of facilitators that provided weekly intervention calls surveyed the 
same household, providing for objective assessment. We also conduct several checks to 
verify the validity of our measures, described further below.  

We convert the raw score in terms of standard deviations relative to the control 
group. In addition to the ASER test, we evaluate the children’s ability to answer a 
simple place value word problem such as “Katlego has 77 apples and organizes them 
by place value. How many tens does she have?” to capture learning outcomes beyond 
a core set of mathematical operations.  

In addition, we added a series of additional questions to identify mechanisms driving 
learning gains. This includes a real-e#ort task in the form of a riddle: “the day before 
two days from now is Saturday. What day is today?” We also include a higher-order 
numeracy question to assess whether learning gains translate to material not covered 
directly in the intervention. In particular, we ask a question on fractions such as “!" +#" = ?” We further conduct a reliability assessment by randomizing "ve di#erent ques-
tions of each pro"ciency (addition, subtraction, multiplication, division, and fractions) 
to formally assess the reliability of the learning assessment questions (Crocker and 
Algina 1986). For example, for a division problem, we have one problem which asks 
students to divide 68 by 5 and another problem where 38 is divided by 3. Both are 
two-digit division problems with remainder. If both problems have a similar distribu-
tion, as expected given they measure the same latent ability, this increases our con"-
dence in learning estimates.  
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We also include questions on parental engagement, perceptions, and self-e$cacy. 
We measure learning engagement by asking parents if they recall their child attempt-
ing any of the problems sent over the last few weeks. We include a measure of a 
parent’s perception of their child’s numeracy level by directly matching their percep-
tion of their child’s level to their child’s actual learning level. If a parent estimates the 
highest level their child can do is subtraction and their child indeed performs up to 
subtraction level we code this as “correct.” If the parent overestimates or underesti-
mates their child’s level we code this as incorrect. We also capture parents’ con"dence 
in supporting their child’s learning at home and whether they felt their child made 
progress during the school closure period. We code a dummy for whether parents are 
“very con"dent” for both indicators. Additional questions are included on whether the 
child has returned to school and whether the caregiver has returned to work. Finally, 
demographic questions were included on the child’s age, grade, and gender.  

The midline assessment was nearly identical to the endline assessment, including 
the same phone-based ASER assessment. The midline did not include real-e#ort tasks, 
fractions problems, randomized problems or questions around parent self-e$cacy and 
return to work and school. The midline also asked about demand for remote learning 
services if schools were to reopen. 

 
4.2   Sample Characteristics and Representativeness 

  
We include a few descriptive statistics to describe how our sample for the low-tech 
intervention compares to characteristics of other relevant samples in Botswana. Bot-
swana has ten regions total and our sample covers 9 out of all 10 regions. The low-
tech sample includes over 103 schools which represents around 15 percent of schools 
in the country. 

We compare our low-tech sample of households to a sample of students who had 
participated in Teaching at the Right Level in Botswana in the prior two years where 
face-to-face ASER learning assessments had been implemented. This comparison ena-
bles us to explore the representativeness of our sample on learning measures and the 
comparability of phone and face-to-face assessment. The low-tech sample is similar in 
the overall number of schools represented, with slightly greater coverage of 103 schools 
relative to 92 schools. The greater number of schools is likely due to friends and rela-
tives being included as students and parents migrated around the country to relatives’ 
households post school closure. In addition, we compare learning levels in the control 
group of the "rst wave of assessment, which captures both the sample composition as 
well as a measure of how similar phone-based ASER assessments are to face-to-face 
ASER assessments. By and large we "nd a similar composition of learning levels, with 
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students who cannot do any operations ranging between 29 to 31 percent in both 
samples and all learning levels within 2 to 6 percentage points of one another across 
samples and assessment methods. This comparison shows that our low-tech sample is 
broadly representative of learning levels across an alternative sample in Botswana and 
that phone-based assessments capture a similar distribution of learning as face-to-face 
assessments. 

We also compare our low-tech sample to national-level indicators from the Ministry 
of Basic Education using data on enrollment and gender composition from 2017. We 
see a similar gender split between 50 to 51 percent in both samples. For schools rep-
resented in the low-tech sample we "nd slightly smaller average enrollments in stand-
ards 3 to 5 of 274 students relative to average enrollments of 362 for the national 
sample. This is likely due to the low-tech sample having representation weighted to-
wards remote villages relative to the national distribution. We also compare study 
schools on the Primary School Leave Examinations (PSLE) from the Botswana Ex-
aminations Council. We "nd similar distributions of learning: the percentage of stu-
dents who score an A, B, and C is 16, 21 and 41 percent in study schools, respectively, 
and 14, 17 and 36 for all primary schools in the nation. 

In addition, we collect simple descriptive data on child age, grade, and gender in 
surveys. Around 50 percent of our sample is female; the average age of students is 9.7; 
28.5 percent of students are in grade 3, 39.1 percent in grade 4 and 32.4 percent in 
grade 5. We also capture the identity of the caregiver at the household whose number 
was provided and who is providing instructional support to their child. We "nd that 
81 percent of caregivers are parents, 7.6 percent are grandparents, 7.8 percent are 
aunts or uncles, 2.8 percent are siblings, and less than 1 percent are cousins. 

For a subsample of parents, we also measure parental education level and additional 
characteristics.6 These measures suggest the sample of parents in the trial have rela-
tively low literacy. 32 percent had only completed Form 5, which means they did not 
attend university. 18 percent had started university but did not "nish, and 16 percent 
did not "nish Form 5 and thus did not complete a high school degree. The average 
age of parents or caregivers participating in the randomized trial was 35 and 68 percent 
of parents were female and 32 percent male.  

 
4.3   Balance and Attrition 

  

 
6 A subset of 222 parents were asked a series of additional questions in a survey conducted via Whatsapp in partnership with the 
Brookings Institution, including parental education level (Winthrop et al. 2020). This subset of parents is not necessarily representative 
of the entire sample. However, they were the most responsive parents, suggesting they had reliable internet access and likely represent 
an upper bound of the most literate parents. 
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Table 1 shows endline survey response rates. We successfully followed up with 64.9 
percent of households. Nearly all students were assessed for learning outcomes, with a 
similar response rate of 63.8 percent for place value questions and a 62.2 percent 
response rate for all operations questions. Columns 1, 2, and 3 show that there are no 
statistically signi"cant response rate di#erences between treatment groups relative to 
the control group or each other. This suggests analysis on endline outcomes is unbiased 
across study groups among respondents. 

Table 2 reports balance across a series of indicators including student grade, age, 
and sex, as well as the identity of the caregiver at the household whose phone number 
was identi"ed for providing support to the child at the household (e.g., if they were a 
parent). Though we have limited baseline covariates, we see no statistically signi"cant 
di#erences between groups. In addition, we link administrative data from schools for 
students who participate in the trial and for the subset of households for which we are 
able to link them to a speci"c school. We examine di#erences across school-level pass 
rates on the primary school leaving examination in prior years. Again, we "nd no 
statistically signi"cant di#erences. These tests reveal that randomization appears to 
have been successful in generating comparable treatment and control groups. 

  
5   Empirical Strategy 

  
We estimate treatment e#ects of the SMS only and phone and SMS intervention using 
the following speci"cation: 

  !$% = "& + #'$%$% + #(&'()*$%$% + +) + ,$% 
  

where Yij is an outcome for child i in randomly assigned household j. SMS is an indi-
cator variable coded to one for the SMS message only treatment group and zero oth-
erwise, and SMSPhone is an indicator variable coded to 1 if a household received both 
an SMS and a phone call and zero otherwise. +s is a strata indicator, which indicates 
whether a child participated in education programming immediately prior to the in-
tervention. We include only one child identi"ed for instruction in each household level 
j, which is determined by the caregiver’s phone number and is the unit of randomiza-
tion. We use this speci"cation to measure the impact of each intervention on students’ 
learning level, engagement, and parents’ perceptions of their child’s level and self-
e$cacy.  

We also estimate the e#ect of targeted instruction with the following speci"cation: 
 !$% = "& + #'-./0*1*2% + #(3(1-./0*1*2% + +) + ,$% 
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Given randomization and equivalent treatment and control groups, each speci"cation 
estimates causal e#ects of the intervention.  
 
6   Results 

  
The results presented are primarily intention-to-treat e#ects on whether households 
were randomly assigned to treatment. Monitoring data suggests that in the phone 
group active weekly participation by parents was on average between 85 to around 60 
percent. This suggests treatment-on-the-treated e#ects for those who actively partici-
pate are likely to be larger than our reported intention-to-treat e#ects. We estimate 
treatment-on-the-treated e#ects directly in section 7.4. 
  
6.1   Learning  
  
Our results show large, statistically signi"cant learning di#erences between treatment 
and control groups after four months. In Table 3, we see that for the combined phone 
and SMS group, there was 0.121 standard deviation (p=0.008) increase in the average 
numerical operation. These gains translate to broader competencies, such as gains in 
place value of .114 standard deviations (p=0.009) as well as higher-order competencies, 
such as solving fractions with gains of 0.075 standard deviations (p=0.100). As we 
show in section 6.2, these results are robust to a number of validity checks. We "nd 
no signi"cant e#ects on average for SMS messages only across all learning pro"ciencies. 

We also "nd that targeted instruction performs similarly for basic numerical com-
petencies with e#ects of .076 standard deviations (p=0.097) relative to non-targeted 
interventions with a 0.070 standard deviation e#ect (p=0.130). However, targeted in-
terventions are more e#ective on a broader set of competencies, with e#ects on know-
ing place value of 0.098 standard deviations (p=0.026) relative to 0.026 standard de-
viations (p=0.572) for non-targeted instruction. Targeted interventions are also sub-
stantially more e#ective on higher-order competencies with 0.093 standard deviation 
gains (p=0.041) on solving fractions relative to 0.029 standard deviation gains 
(p=0.527) for non-targeted instruction. Figure 7 summarizes these e#ects in terms of 
standard deviations. Additional exploratory results shown in Appendix Figure 1 sug-
gest that targeting is particularly important for SMS messages. We "nd evidence of 
limited e#ects for non-targeted SMS messages across all learning pro"ciencies, while 
SMS messages that are targeted appear to be more e#ective with average level learning 
gains of 0.079 standard deviations (p=0.157) as well as gains on broader competencies 
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such as place value with 0.071 standard deviation gains (p=0.204) and higher-order 
competencies, such as fractions, with 0.080 standard deviation gains (p=0.147).7  

Altogether, the results suggest that combined phone and SMS “low-tech” interven-
tions can generate substantial learning gains, and that targeted interventions are more 
e#ective on a broader range of competencies, with particular importance for SMS 
messages. Learning gains in the phone and SMS group translate into 31 percent re-
ductions in innumeracy. 

To put these e#ect sizes in context, Kraft (2020) provides benchmarks based on a 
review of 1,942 e#ect sizes from 747 RCTs evaluating education interventions with 
standardized test outcomes. In this review, 0.10 is the median e#ect size. To this end, 
we "nd e#ect sizes that are around or above the median e#ect size with a relatively 
short, cheap, and scalable intervention.8  
  
6.2   Robustness of Learning Results 

  
We run a series of robustness tests on treatment e#ects on learning. The learning 
assessment used was adapted from the Annual Status of Education Report (ASER) 
which has been used consistently in the literature (Banerjee et al. 2007; Banerjee et 
al. 2010; Banerjee et al. 2017; Du!o et al. 2020) and is currently implemented routinely 
in 14 countries. We adapt this assessment into a phone-based assessment and incor-
porate time limits and a requirement that children explain their work to accurately 
identify their numeracy levels. We discuss practical steps to implement learning meas-
urement via phone in Angrist et al. (2020a).  

We conduct a series of robustness tests for phone-based learning measurement. 
First, we  randomize problems which test the same pro"ciency, a version of a reliability 
test used in the psychometric literature called “parallel forms reliability” in construct-
ing learning assessments (Crocker and Algina 1986). For example, for a subtraction 
problem, a random set of students will receive the question “83 - 45” whereas another 
random set of students will receive the question “72 - 18” to test the subtraction with 
borrowing pro"ciency. We randomize 5 problems for each pro"ciency including for 
addition, subtraction, multiplication, division, and fractions. Table 4 shows results. 

 
7 Moreover, we find that targeting phone calls is effective for learning higher-order competencies such as fractions with 0.106 standard 
deviation gains (p=0.056). These gains are relative to 0.045 standard deviations (p=0.420) for non-targeted phone calls. However, for 
more basic competencies, such as addition and subtraction reflected in “average levels”, explicit targeting for phone calls is worse, with 
0.072 standard deviation gains (p=0.193), relative to non-targeted instruction, with 0.168 standard deviation gains (p=0.002). This 
suggests that in the absence of explicit targeting, instructors might be more inclined to focus on basic proficiencies. With explicit tar-
geting, this might provide a nudge to move on to higher competencies. Alternatively, this might suggest that instructors might be able 
to implicitly target using expert knowledge, and for certain competencies do so better than explicit targeting. 
8 Of note, the learning gains observed might be driven by either learning gains, minimizing learning loss, or a combination of both.  
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We "nd that each random problem across all pro"ciencies is not statistically signi"-
cantly di#erent relative to a base random problem.9 Figure 8 shows results for one 
pro"ciency, addition, revealing that on average about 15 percent of students can do 
simple addition. Across all random problems there is some variance around this mean, 
but all con"dence intervals overlap. These tests reveal that the phone-based learning 
assessment has a high level of internal reliability. 

We further disentangle cognitive skills gains from e#ort e#ects, which have been 
shown to a#ect test scores (Gneezy et al. 2019). In our context, where learning out-
comes are measured remotely in the household, e#ort might be particularly important. 
We test this hypothesis with a real-e#ort task. We ask “The day before two days from 
now is Saturday. What day is today?” This question largely requires one to spend time 
to think about the question and exert e#ort or motivation to answer it, rather than 
capture any substantive numerical pro"ciency. As shown in column (1) in Table 5, 
Around 29 percent of students are able to answer this question in the control group 
and we "nd that answering this question correctly is una#ected by any of the inter-
ventions. Column (2) through (4) contrast the lack of signi"cant e#ect on e#ort with 
signi"cant e#ects on learning. We see that the average level increases substantially. 
We observe that learning occurs across the learning spectrum, with fewer innumerate 
students and more students who can do division. Figure 9 summarizes the contrast in 
e#ort and learning e#ects. These results show that learning gains due to the interven-
tion are largely a function of cognitive skill, rather than e#ort on the test. 

It is also possible that learning gains are a matter of familiarity with the content 
in the intervention groups which receive exposure to similar material. The familiarity 
hypothesis is partially tested by randomizing problems of the same pro"ciency, since 
this exogenously varies the question asked to minimize overlap with any particular 
question asked during the intervention itself, and does not a#ect results. We also test 
this by including content not covered during the intervention, but which is related, 
such as fractions, and, as noted earlier, we "nd that in the phone and SMS group 
learning gains translate substantially to being able to solve fractions problems as 
shown in Figure 7.10 

 
7 Mechanisms 
 

 
9 Relatedly, we find no difference in treatment effects by the random question received for each proficiency. Results available on re-
quest. 
10 We also examine the extent to which gains in the ASER test translate to fractions independent from the intervention as an addi-
tional assessment of validity of each respective learning measure. We would expect that as students are able to move up from addition 
to division they would also be more likely to be able to solve fractions. We find this is the case, with each step in the ASER assessment 
corresponding to 26 percentage points higher likelihood of being able to solve fractions. 
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7.1  Engagement and Demand 
 
We explore parental educational engagement mechanisms. In Table 6, we see that 
parental engagement in their child’s education is high with 92.1 percent of parents 
reporting their child attempted to solve any of the problems in the SMS only group, 
and slightly higher engagement of 95.2 percent in the phone call group. In the phone 
call treatment we have particularly granular data on week-on-week engagement de"ned 
as spending any time on the phone with the instructor. In Figure 10, we see that 
weekly engagement starts at around 85 percent and declines over time to 60 percent.11 
In addition, we "nd that while engagement overall declines over time, the type of 
engagement changes, with more parents spending longer on the phone. We see an 
increase in the number of minutes spent on educational content on the phone, with 
fewer lessons spanning less than ten minutes and more longer phone calls spanning 
more than ten minutes. This reveals that while there is slightly less engagement over 
time, the remaining engagement that does exist, which is still high at 60 percent in 
the "nal week, is also more intensive.  

We further explore demand mechanisms in Table 6. Parents exhibit strong demand 
for the intervention, with over 99 percent of households expressing interest in contin-
uing the program after four weeks. While the interventions do not a#ect demand on 
the extensive margin (desire for any low-tech service), likely since demand was already 
nearly 100 percent, they do a#ect demand by type of low-tech service. The most de-
manded service is a combination of phone calls and SMS messages (69.3 percent) 
followed by SMS-only (17.6 percent). Receiving both phone calls and SMS messages 
increased demand for this combined service substantially by 17.7 percentage points; 
the SMS-only group increased demand for SMS messages only by 7.7 percentage 
points. Results are also shown in Appendix Figure 2. This "nding suggests that re-
ceiving an intervention, even when not the preferred intervention at the outset (as was 
the case for SMS-only), can increase subsequent demand. One reason this might be 
true is that families in the treated groups observed the bene"ts of their intervention 
only and thus demanded more of the intervention. 
 
7.2  Parent Perceptions and Self-E!cacy 

  
Previous research has shown that parents often misperceive their child’s e#ort and 
learning, which can impede parents’ support for their child’s learning (Banerjee et al. 
2010; Dizon-Ross 2019; Bergman 2020). Direct engagement by parents in their child’s 

 
11 As a benchmark, phone-based response rates have been found to typically range around 50 percent or below. A World Bank survey 
in Sierra Leone during the Ebola response had a 51 percent response rate across three rounds (World Bank 2016).   
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learning might update parent beliefs and ameliorate misperceptions. It might also 
instill a sense of self-e$cacy and enable greater parental investment (Hoover-Demspey 
and Sandler 1997).  

We "nd that parents update their beliefs about their child’s learning level in tandem 
with their child’s learning progress. In Table 7 we see that in the SMS group, students 
learn, but only a little, and parent beliefs update marginally positively in tandem. In 
the phone and SMS group, students learn a substantial amount, and parent beliefs 
update signi"cantly. This suggests that parents’ beliefs are malleable and that they 
are involved and aware of their child’s academic progress. We also "nd that parents 
are slightly more accurate than they were before in the phone and SMS group. This 
points to two important insights: "rst, more intensive involvement in a child’s learning 
might be important for belief updating; second, despite substantial engagement in 
their child’s education, parent’s accuracy of beliefs updated only partially. This 
demonstrates the di$culty in identifying a child’s learning level, which is consistent 
with the literature and reveals that experience might need to be supplemented with 
information to maximize belief updating (Banerjee et al. 2010; Hanna et al. 2014; 
Dizon-Ross 2019; Bergman 2020). 

Figure 11 summarizes results on parent beliefs as well as reports results on self-
e$cacy and perceptions. Parents report 4.9 (p=0.021) and 8.6 (p<0.001) percentage 
points greater self-e$cacy in supporting their child’s learning in the SMS only and 
phone and SMS group, respectively. This level of self-e$cacy is high. We also "nd 
parent con"dence that their child made progress on their learning which ranges from 
6.6 (p=0.002) to 10.5 (p<0.001) percentage points. Altogether, these results reveal 
that parental investments can play an important role in their child’s education.  
 
7.3   Other Outcomes and Potential for Crowd Out E"ects 
 
Parents who engage more in their children’s learning might in turn displace other 
activities, such as returning to work when lockdowns were lifted. In Table 8, we "nd 
no evidence of such crowd out e#ects. Rather, we "nd a slight increase in return to 
work, with a reduction in parents who remain out of any type of work by 2.9 percent-
age points (p=0.092) in the phone and SMS group from a comparison of 19 percent 
unemployment in the control group. Any positive e#ect on employment could be for a 
number of reasons, including con"dence in their child’s learning progression and there-
fore more comfort returning to work or general self-e$cacy translating into labor mar-
ket outcomes. We do not focus on explaining these e#ects and instead the goal is to 
test concerns that further parental engagement in their child’s education might crowd-



18 

out other activities, such as returning to work. The latter does not seem to be the 
case. 

In terms of students returning to school, we "nd that there is no margin to a#ect 
school return: nearly all children (98 percent) return to school. This might be driven 
by the relatively short school closure period in Botswana. In other contexts, however, 
where school re-entry is lower, it is possible remote education might also mediate 
return to school.  

 
7.4   Full versus Partial Substitution of Schooling 

 
We explore the interaction between the low-tech interventions and the degree of school 
closure. The endline after four months of the intervention reveals that e#ects have 
longer-term persistence in the phone and SMS group. These results are particularly 
striking given schools partially reopened during this period, whereas in the "rst wave 
of data collection schools were fully closed. This suggests that the phone and SMS 
treatment was e#ective even when it served as a partial substitute to schooling, in 
addition to as full substitutes in the "rst stage of the trial. However, e#ects are slightly 
smaller in the second versus "rst stage of the trial. We see reductions in the phone 
and SMS treatment innumeracy of 52 percent relative to 31 percent in wave 1 versus 
wave 2 and of 34 percent relative to 11 percent for the targeted SMS only group. This 
translates to 0.121 standard deviation gains at endline relative to 0.235 standard de-
viation gains at midline for the phone and SMS group, and .024 standard deviation 
gains at endline relative to 0.120 standard deviations for the SMS only group at mid-
line. 

The di#erence in treatment e#ects between midline and endline could be for a few 
reasons. First, even if e#ects persist over time, they might diminish in size due to 
habituation or fatigue. Second, the interventions tested might be most e#ective as 
pure substitutes, since when schools are closed and virtually no learning takes place 
in the control group, these simple low-cost interventions might matter most. In con-
trast, when schools reopen, learning in the control group increases in line with typical 
learning trajectories in school, indicating that the low-tech interventions now provide 
a partial rather than full substitute.  

An alternative explanation is that engagement simply drops over time, with average 
treatment e#ects staying constant, but intention-to-treat e#ects reducing due to lower 
engagement. We explore the degree to which e#ects between midline and endline vary 
due to a drop-o# in engagement rather than a partial versus full substitution mecha-
nism. We conduct a treatment-on-the-treated analysis in the phone and SMS groups 
where we have detailed week-by-week data on engagement. Engagement starts at 85 
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percent in the "rst week and decreases by the "nal week, although it still remains high 
at around 60 percent. We code a continuous treatment variable for the number of 
sessions attended and instrument this endogenous variable with treatment assignment. 

In Table 9, we see that the standard deviation e#ects diminish between midline and 
endline comparing column (4) with .235 standard deviation gains and (1) with .121 
standard deviation gains. However, for each session a household participates in, we see 
in column (2) learning gains are .028 (p=0.008). This translates into .0168 standard 
deviations gained in column (3) for households who participate in all sessions. These 
results reveal, "rst, that e#ects are more similar at endline and midline than they "rst 
appear, and, second, that results do not fully converge suggesting that engagement 
alone does not explain the di#erence between midline and endline results. Rather, it 
appears the intervention is more e#ective as a full substitute at midline, although it is 
still e#ective as a partial substitute at endline. 

Altogether, the results suggest targeted SMS messages and phone calls are e#ective 
both as full substitutes when schools are closed as well as partial substitutes even as 
schools reopen. Moreover, a drop-o# in engagement over time is to be expected even 
in our case where engagement between 60 to 85 percent is high relative to the litera-
ture. To this end, further experimentation to keep engagement high in low-tech inter-
ventions is likely to have high returns. 
  
7   Cost-e!ectiveness 

  
Both low-tech interventions are relatively low cost.12 We estimate an upper bound on 
costs which includes programmatic costs, personnel time, as well as "xed costs to 
collect phone numbers, set up new infrastructure, conduct training, and collect routine 
monitoring data.13 A portion of these costs are "xed costs, suggesting likely even lower 
costs at scale when considering economies of scale and that running costs largely con-
sist of marginal costs rather than once-o# "xed costs to set up the intervention. 

For the SMS-only treatment arm, the total cost after four months was about $7,825 
USD. For phone calls, the marginal cost above the bulk text message was $28,775. 
This equates to $5 per child reached in the SMS group and $19 dollars per child 
reached in the phone and SMS group. Given average treatment e#ects in the phone 
and SMS group of 0.12 standard deviations, this translates to 0.63 standard deviation 

 
12 Of note, more complex iterations of the low-tech interventions we tested could include two-way SMS text messages, providing air-
time for parents to make calls to a hotline or call center, or interactive voice response (IVR). While these low-tech options are margin-
ally higher cost, the binding constraint in Botswana to running these interventions was logistics rather than cost. 
13 We do not include costs to parents since no direct costs were incurred. This is because facilitators called parents directly, rather than 
parents calling facilitators and SMS messages were one-way, which drove costs to parents to zero. Moreover, in the current context 
where workplaces were largely closed there are minimal opportunity costs in terms of time.  
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gains for the phone and SMS group per $100 USD. For those that engage in all sessions 
of the program with a treatment e#ect of 0.17 standard deviations, this translates into 
.89 standard deviations gained per $100 USD. 

These estimates are cost-e#ective relative to the literature. As a comparison, con-
ditional cash transfers in Malawi yielded less than 0.1 standard deviation per $100; 
remedial tutoring in India yielded around a standard deviation per $100 (Kremer, 
Brannen, and Glennerster 2013).14 Another relevant cost-e#ectiveness comparison are 
tutoring programs.15 A recent review by Nickow, Oreopoulos, and Quan (2020) shows 
that tutoring programs have been consistently e#ective across 96 randomized trials 
with a pooled e#ect of 0.37 standard deviations. The phone call intervention in our 
trial compares closely to one of these tutoring programs which yielded .19 to .31 
standard deviation learning gains and cost $2,500 per child (Cook et al. 2015). The 
phone and SMS intervention yields similar e#ects and is substantially cheaper.  

These comparisons show that the low-tech interventions tested are cost-e#ective 
relative to other popular and cost-e#ective interventions in the education literature. 
We also translate results into a policy-relevant unit: high-quality years of education. 
We draw on the methodology proposed by Angrist et al. (2020b) to express learning 
gains in terms of Learning-Adjusted Years of Schooling (LAYS). The interventions 
tested translate into up to 1.1 years of schooling in a high-quality education system 
per $100. 

 
8   Policy Implications 

  
Our results have both immediate and long-term policy relevance. Over 1.6 billion 
children were out of school at the height of the pandemic (UNESCO 2020). These 
short-term shocks can have long-run consequences, with estimates suggesting school 
closures due to COVID-19 could cost up to 10 trillion in net present value (Azevedo 
et al. 2020). 

Our results suggest that low-tech solutions can cost-e#ectively improve learning 
during school closures, with learning gains of 0.12 to 0.17 standard deviation gains via 
phone and SMS. We "nd that targeted instruction is similarly e#ective on basic nu-
merical competencies, and is substantially more e#ective on a broader set of compe-
tencies, such as place value, and is three times more e#ective for higher-order compe-
tencies such as solving fractions. These learning gains translate into up to 1.1 years of 
high-quality schooling for $100 per child. 

 
14 We use estimates in terms of standard deviation gains per $100 in line with a cost-effectiveness review for education interventions by 
Kremer, Brannen, and Glennerster (2013) with detailed estimates also reported on the Jameel Poverty Action Lab (J-PAL) website. 
15 Carlana and La Ferrara (2020) evaluate remote tutoring with college students in Italy during covid-19 with results pending. 
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These low-tech solutions are cheap and feasible to deliver at scale. Both rely on 
phones and do not require internet access. While only 15 percent to 60 percent of 
households in low- and middle-income countries have internet access, 70 percent to 90 
percent of households own at least one mobile phone (Carvalho and Crawford 2020). 
This high rate of access means these low-tech solutions have the potential to reach the 
masses in an era of unprecedented school closures, especially for low-resource families 
with limited access to the internet and alternative sources of learning at home. 

Many governments have dedicated funding for Information and Communications 
(ICT), often including tablets and computers for education (World Bank 2018). For 
example, the Ministry of Basic Education in Botswana recently allocated a new line 
item towards ICT solutions in the most recent budget speech. The World Bank has 
highlighted countries with large-scale education technology projects such Kenya, Uru-
guay, Thailand, Peru, Rwanda, Turkey, India, and Argentina (Trucano 2013). The 
Government of Kenya reportedly spent over $600 million on computers and tablets 
(Odhiambo 2019). Many governments already invest in ICT approaches and could 
leverage existing budget allocations to scale low-tech solutions to promote learning. 

A policy or scale-up that builds on the insights from this trial could include any 
combination of national SMS schemes and targeted phone call campaigns. One-way 
SMS text messages are feasible to implement at large scale in most countries using 
bulk texting platforms. SMS messages could be targeted by teachers or a central plat-
form using prior data on student learning assessments. Direct phone calls at scale 
might consist of weekly teacher phone calls to the bottom 5 to 10 percent of their class 
to support students furthest behind. 

Of note, the implementation of the program is feasible to deploy relatively quickly. 
Within six weeks, we conceived and rolled out a program to over half of the regions of 
Botswana, including phone number collection, pilots, and program design, setting up 
texting and calling infrastructure, and training. A caveat is that we had a team of 
over 60 facilitators who could be readily deployed to make phone calls. In the absence 
of this ready workforce, more time, cost and e#ort would have been needed to recruit 
sta#. While this might be challenging, many governments already employ teachers at 
national scale who could conduct direct phone calls. 

Our results further reveal the potential for parents to play a larger role in their 
child’s education. Prior research has shown the parents serve as e#ective complements 
to school inputs, providing motivation and accountability to the traditional schooling 
system. We "nd that parents, with light additional support, can partially substitute 
schooling by serving as at-home teachers. This includes parents in both rural and 
urban communities and with limited to no formal teacher training. This suggests po-
tential for greater parent-teacher interaction around a child’s education. Many schemes 



22 

exist to facilitate parent and teacher interaction in school systems worldwide already, 
such as report cards and parent-teacher associations (PTAs). Our results suggest these 
built-in interactions in low- or middle-income country contexts – which often focus on 
providing information on the child’s performance – might be substantially enhanced 
with simple learning content that parents can directly engage their child in at home. 

Our results also have implications for school closure beyond the current pandemic. 
School closures occur during annual school holidays, other public health crises, natural 
disasters, during weather-related shocks and in refugee and con!ict settings. To this 
end, methods to substitute school when schools are closed are needed. They might 
also add-value as complements when schools are open. 

  
9   Conclusion 

  
This paper provides some of the "rst experimental estimates on minimizing the fallout 
of the COVID-19 pandemic on learning. We "nd that low-tech phone calls and SMS 
interventions have large and cost-e#ective e#ects on household engagement in educa-
tion and learning during full and partial school closures. We "nd up to 0.12 to 0.17 
standard deviation gains. In terms of cost-e#ectiveness, we estimate up to 1.1 years of 
high-quality schooling can be gained for $100. We also "nd that targeted interventions 
outperform non-targeted interventions, in particular for SMS interventions. This "nd-
ing suggests that mobile phones provide a cheap and scalable way to target instruction, 
an approach shown to produce cost-e#ective learning gains in classroom-based models. 
We "nd learning gains are robust to a variety of novel phone-based robustness tests, 
including randomized problems across the same pro"ciency and di#erentiating e#ort 
from cognitive skills with real-e#ort tasks. We further "nd that gains persist in the 
phone and SMS treatment across multiple waves of assessment, even as schools par-
tially reopen. 

In terms of mechanisms, we "nd high parental engagement in educational activities 
with their children, high demand, and greater self-e$cacy to support their child’s 
learning, as well as partial gains in accurate perceptions of their child’s level. This 
"nding reveals that parental investments in education can improve their child’s learn-
ing outcomes even in a low-literacy context. 

Our results reveal promise for low-tech interventions that are relatively cheap and 
easy to scale. Of note, while our results are promising, follow-on trials will be im-
portant to adapt these low-tech interventions across contexts. More advanced low-tech 
interventions could be tested such as two-way texts which might enable hyper-adaptive 
intervention. Follow-on research might also explore scalability through government 
implementation by teachers, other low to medium-tech learning options such as radio 
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and television, as well as disentangling the mechanisms surrounding take-up, which is 
a "rst-order issue for out-of-school interventions. Follow-on trials could be imple-
mented in a rapid and adaptive approach, generating real-time data to optimize and 
improve interventions as they scale. Future trials might also explore the implications 
of these low-tech interventions as both complements and substitutes of the traditional 
schooling system depending on whether schools are closed or open. 

The results in this trial have immediate implications for global policy during the 
current school disruptions, revealing cost-e#ective and scalable approaches to stem 
learning loss during the pandemic. Moreover, school closures occur in settings beyond 
the current pandemic, including summer holidays, public health crises, during adverse 
weather events, natural disasters, and in refugee and con!ict settings. In moments 
where a substitute for schooling is needed, particularly for families with fewer resources 
at home, the low-tech solutions tested in this trial have unique potential to reach the 
masses. To this end, the results from this trial have long-run implications for the role 
of technology and parents as substitutes or complements to the traditional schooling 
system.  
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Figure 1: Intervention SMS Text Message Example 
 

 
Figure 2: Sample phone call introduction 
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Figure 3: Distribution of Schools of Student Participants across Botswana 
 

 

 
 

Notes: this density map of schools in Botswana shows the relative distribution of schools linked to students in our sample. Darker regions correspond to higher concentrations of schools for study participants. The sample in the study includes nearly all regions in Botswana (9 out of 10).  
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Figure 4: Intervention and Evaluation Timeline 
 

 
Notes: All dates refer to the year 2020. 
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Figure 5: Experimental Design 

 
Notes: Counts represent the quantity of phone numbers. Each phone number corresponds to one household. 
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Figure 6: Sample of ASER test used in Botswana 
 

 
 

Notes: The ASER assessment was pioneered in India and has since been adapted to 14 countries all over the world. This includes a related assessment called Uwezo in East Africa and a global coordi-nating body called the People’s Action for Learning (PAL) network. 
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Figure 7: Learning Treatment E#ects 

 
Notes: This figure shows treatment effects relative to the control group with 90 percent confidence interval bars. Effects are expressed in terms of standard deviations for comparable units. Each color bar represents a distinct learning question. “Average Level” reports skill on the ASER 0 to 4 scale corre-sponding to no operations, addition, subtraction, multiplication, and division. “Place Value” refers to a distinct place value problem, and “Fractions” refers to a distinct question asking students to solve a fractions problem. Each group “SMS Only”, “Phone + SMS”, “Not Targeted”, and “Targeted” refer to randomized treatment groups pooled across the designated category. 
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Figure 8: Reliability of Learning Measure - Random questions 

 
Notes: This figure shows the average percent of students who can do addition across random groups of students who received different problems of the same proficiency with 90 percent confidence interval bars. The proficiency shown is two-digit addition with carryover. Each proficiency (e.g., subtraction, multiplication, division, fractions) is estimated in Table 4 and similar figures are available on request. 
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Figure 9: E#ort or Cognitive Skill 
 

 
Notes: This figure shows the share of students who can do division and the share of students who correctly answer the real-effort task across treatment groups with 90 percent confidence interval bars. 
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Figure 10: Week on Week Engagement in the Phone and SMS Treatment 
 

 
Notes: This figure shows the average percent of households who picked up the phone and engaged in a given week in the phone and SMS treatment group. Data collection occurred between 4 and 6 hence missing values for the intervention. The number of minutes refers to time spent on content instruction (not logistics). 
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Figure 11: Parent Beliefs, Perceptions, and Self-E$cacy 

 
Notes: This figure shows treatment effects on parent accuracy of their child’s learning level, their self-efficacy to support their child’s learning, and their belief that their child made progress in learning in general, across treatment groups with 90 percent confidence interval bars. 
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Table 1: Attrition

(1) (2) (3)

Phone Call Response Place Value Response Avg Level Response

Panel A

SMS Only -0.004 -0.010 -0.008

(0.017) (0.018) (0.018)

[0.811] [0.565] [0.647]

Phone + SMS 0.004 -0.004 -0.002

(0.017) (0.017) (0.018)

[0.819] [0.821] [0.911]

Panel B

Not Targeted 0.001 -0.006 -0.002

(0.017) (0.017) (0.018)

[0.949] [0.726] [0.903]

Targeted -0.001 -0.008 -0.008

(0.017) (0.017) (0.018)

[0.939] [0.651] [0.654]

Control Mean 0.649 0.638 0.622

Strata Fixed Effects Yes Yes Yes

Observations 4550 4550 4550

p-val: SMS = Phone 0.640 0.727 0.730

p-val: Targeted 0.889 0.918 0.744

Notes: This table reports attrition on endline survey response rates for three indicators: whether households

picked up the phone to respond to the survey, if their child conducted a learning assessment for the place

value question, and if their child conducted a learning assessment across four basic numeracy options:

addition, subtraction, multiplication and division (for which we report the average level on a scale of 0-4).

Standard errors are in parentheses and p-values are in square brackets.
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Table 2: Balance

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

Child Grade Child Female Child Age Parent School Pass Rate

Panel A

SMS Only 0.000 0.014 0.018 0.012 -0.001

(0.034) (0.022) (0.067) (0.014) (0.006)

[0.999] [0.531] [0.784] [0.393] [0.859]

Phone + SMS 0.033 0.027 0.016 0.010 0.002

(0.034) (0.022) (0.064) (0.014) (0.006)

[0.336] [0.235] [0.808] [0.497] [0.713]

Panel B

Not Targeted 0.001 0.032 0.001 0.008 0.004

(0.034) (0.022) (0.064) (0.014) (0.006)

[0.970] [0.158] [0.994] [0.585] [0.496]

Targeted 0.032 0.009 0.034 0.014 -0.003

(0.034) (0.022) (0.067) (0.014) (0.006)

[0.354] [0.688] [0.618] [0.323] [0.643]

Control Mean 4.030 0.505 9.680 0.807 0.796

Strata Fixed Effects Yes Yes Yes Yes Yes

Observations 3014 2987 3008 4523 2394

p-val: SMS = Phone 0.338 0.571 0.967 0.862 0.585

p-val: Targeted 0.381 0.312 0.619 0.657 0.251

Notes: This table reports balance on survey responses for multiple demographic characteristics (student

grade, age and sex), the identity of the household caregiver in each treatment (parent or another caregiver

such as grandparent, aunt or uncle, cousin or sibling) and baseline school-level pass rates for schools we are

able to link to students in the sample using administrative data from the Botswana Examinations Council

(BEC) on the Primary School Leaving Examination (PSLE). Standard errors are in parentheses and p-values

are in square brackets.
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Table 3: Learning

(1) (2) (3)

Avg Level Place Value Fractions

Panel A

SMS Only 0.024 0.009 0.047

(0.046) (0.046) (0.046)

[0.602] [0.837] [0.309]

Phone + SMS 0.121 0.114 0.075

(0.046) (0.044) (0.046)

[0.008] [0.009] [0.100]

Panel B

Not Targeted 0.070 0.026 0.029

(0.046) (0.045) (0.046)

[0.130] [0.572] [0.527]

Targeted 0.076 0.098 0.093

(0.046) (0.044) (0.045)

[0.097] [0.026] [0.041]

Control Mean 1.974 1.774 1.605

Strata Fixed Effects Yes Yes Yes

Observations 2815 2881 2751

p-val: SMS = Phone 0.033 0.017 0.528

p-val: Targeted 0.896 0.098 0.160

Notes: This table reports results on student learning assessment using three learning constructs in terms of

standard deviations. Average level refers to how a child scores on four basic numeracy options: no operations

correct, addition, subtraction, multiplication and division (for which we report the average level on a scale of

0-4). Place value refers to a distinct place value question. Fractions refers to a distinct question to solve a

higher-order fractions problems. Each panel reports separate models which pool treatment groups by

category. Standard errors are in parentheses and p-values are in square brackets.
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Table 4: Robustness Check: Random Problem

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

Addition Subtraction Multiplication Division Fractions

Random Problem 2 -0.002 0.024 0.017 -0.039 0.017

(0.020) (0.024) (0.028) (0.025) (0.026)

[0.938] [0.316] [0.530] [0.124] [0.501]

Random Problem 3 0.014 0.007 -0.004 -0.008 -0.023

(0.021) (0.024) (0.028) (0.026) (0.027)

[0.512] [0.765] [0.895] [0.765] [0.400]

Random Problem 4 -0.011 0.036 -0.044 0.005 -0.008

(0.020) (0.024) (0.027) (0.026) (0.026)

[0.599] [0.145] [0.101] [0.858] [0.753]

Random Problem 5 0.010 0.005 -0.011 0.002 -0.032

(0.021) (0.024) (0.027) (0.026) (0.027)

[0.631] [0.849] [0.681] [0.951] [0.228]

Observations 2815 2815 2815 2815 2751

F-test: equivalence across all problems 0.715 0.458 0.139 0.307 0.498

Notes: This table reports results from a regression estimating differences in average proficiency across four

randomly assigned problems relative to a base random problem for the following proficiency: addition,

subtraction, multiplication, division and fractions. For example, for a subtraction problem, a random fifth of

students will receive the question “83 - 45” whereas another random fifth of students will receive the question

“72 - 18” to test the subtraction with borrowing proficiency, and so forth, across five random problems total

for each proficiency. Standard errors are in parentheses and p-values are in square brackets.
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Table 5: Robustness Check: Effort on the Test

Effort Learning

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

Effort Task Avg Level Innumerate Division

SMS Only 0.016 0.030 -0.010 0.011

(0.021) (0.057) (0.013) (0.020)

[0.448] [0.602] [0.460] [0.594]

Phone + SMS 0.021 0.150 -0.029 0.050

(0.021) (0.057) (0.012) (0.020)

[0.335] [0.008] [0.022] [0.013]

Control Mean 0.290 2.459 0.093 0.235

Strata Fixed Effects Yes Yes Yes Yes

Observations 2732 2815 2815 2815

p-val: SMS = Phone 0.839 0.033 0.121 0.053

Notes: This table reports results of differences across treatment groups relative to a control on a real-effort

task. Effort is contrasted with results on learning, including average learning level as well as learning gains

broken down by the lower end (innumerate) and the upper end (learning division). Standard errors are in

parentheses and p-values are in square brackets.
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Table 6: Mechanisms: Engagement and Demand

Engaged Demand

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

Did Problems Phone and SMS SMS Only None

SMS Only 0.921 -0.027 0.077 -0.005

(0.009) (0.030) (0.026) (0.005)

[0.000] [0.363] [0.003] [0.322]

Phone + SMS 0.952 0.177 -0.102 0.003

(0.007) (0.026) (0.021) (0.007)

[0.000] [0.000] [0.000] [0.639]

Control Mean 0.000 0.693 0.176 0.009

Observations 3405 1478 1478 1478

p-val: SMS = Phone 0.005 0.000 0.000 0.139

Notes: This table reports results of differences across treatment groups relative to a control on engagement

questions at endline and demand at midline. We code engagement at zero for the control group since by

definition there were no problems sent to respond to. For demand, we report demand at midline since this

question was asked at the halfway point, with particular emphasis on demand for the interventions even if

schools were to re-open. The observation count is lower for demand since a random subset of households

received the midline. Standard errors are in parentheses and p-values are in square brackets.
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Table 7: Mechanisms: Parent Beliefs and Investments

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

Reported Level Correct Level Self Efficacy Student Progressed

Panel A

SMS Only 0.025 -0.012 0.049 0.066

(0.050) (0.023) (0.021) (0.022)

[0.621] [0.594] [0.023] [0.002]

Phone + SMS 0.153 0.039 0.086 0.105

(0.050) (0.023) (0.021) (0.022)

[0.002] [0.099] [0.000] [0.000]

Panel B

Not Targeted 0.050 -0.001 0.050 0.071

(0.051) (0.023) (0.022) (0.022)

[0.323] [0.957] [0.020] [0.001]

Targeted 0.125 0.028 0.084 0.099

(0.049) (0.023) (0.021) (0.022)

[0.012] [0.239] [0.000] [0.000]

Control Mean 2.500 0.398 0.566 0.492

Strata Fixed Effects Yes Yes Yes Yes

Observations 2957 2650 3127 3127

p-val: SMS = Phone 0.009 0.029 0.071 0.075

p-val: Targeted 0.128 0.217 0.115 0.194

Notes: This table reports treatment effects relative to a control group on parent accuracy of their child’s

learning level, their self-efficacy to support their child’s learning, and their belief that their child made

progress in learning in general, across treatment groups. Standard errors are in parentheses and p-values are

in square brackets.
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Table 8: Mechanisms: Potential for Crowd Out

(1) (2)

Return Full-Time Work Did not Return to Work

Panel A

SMS Only -0.010 -0.000

(0.020) (0.018)

[0.622] [0.994]

Phone + SMS 0.031 -0.029

(0.020) (0.017)

[0.116] [0.092]

Panel B

Not Targeted -0.002 -0.010

(0.020) (0.018)

[0.925] [0.565]

Targeted 0.021 -0.018

(0.019) (0.017)

[0.276] [0.296]

Control Mean 0.735 0.190

Strata Fixed Effects Yes Yes

Observations 2990 2990

p-val: SMS = Phone 0.037 0.088

p-val: Targeted 0.234 0.640

Notes: This table shows treatment effects on parent labor market outcomes in the form of returning to work

post lockdown across treatment groups. Options for return to work included: returned to work full-time,

returned to work part-time, retired, or unemployed. Standard errors are in parentheses and p-values are in

square brackets.
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Table 9: Mechanisms: Partial vs Full School Substitution

Endline ITT Endline TOT Midline

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

Avg Level Avg Level Avg Level Avg Level

SMS Only 0.024 0.120

(0.046) (0.070)

[0.600] [0.088]

Phone + SMS 0.121 0.235

(0.046) (0.070)

[0.008] [0.001]

Phone + SMS - Per Session 0.028

(0.010)

[0.007]

Phone + SMS - All Sessions 0.167

(0.062)

[0.007]

Observations 2815 1878 1878 1127

Notes: This table shows treatment effects in terms of standard deviations. Column (1) reports

intention-to-treat (ITT) effects at endline. Column (2) reports treatment-on-the-treated (TOT) using

instrumental variables estimation with random assignment to the Phone and SMS group as an instrument

for a continuous measure of participation per session in the Phone and SMS group. Column (3) reports

extrapolated treatment-on-the-treated (TOT) estimates in the Phone and SMS group if households attended

all sessions. We do not have similarly rich week-by-week implementation data in the SMS group to conduct a

meaningful TOT analysis. The observation count is lower in Columns (2)-(4) than Column (1) since we

exclude the SMS group in the regression. Column (4) has a lower observation count since we report midline

intention-to-treat effects where only a random subset of households were surveyed. Standard errors are in

parentheses and p-values are in square brackets.
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Appendix Figure 1: Learning Treatment E!ects by Subgroup 

 
Notes: This figure shows treatment effects relative to the control group with 90 percent confidence interval bars. Effects are expressed in terms of standard deviations for comparable units. Each color bar represents a distinct learning question. “Average Level” reports skill on the ASER 0 to 4 scale corresponding to no operations, addition, subtraction, multiplication, and division. “Place Value” refers to a distinct place value problem, and “Fractions” refers to a distinct question asking students to solve a fractions problem. Each group “SMS Only - Not Targeted”, “SMS Only – Targeted”, “Phone + SMS – Not Targeted”, “Phone + SMS – Targeted” refer to randomized treatment groups across the designated category. 
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Appendix Figure 2: Demand for Low-tech Services

 
Notes: This figure reports the proportion of households interested in a given service (e.g., demand) at midline by treatment groups and by service. We report demand at midline since this question was asked at the halfway point, with particular emphasis on demand for the interventions even if schools were to reopen. Stars denote statistical significance in relation to the control mean. *** p<0.01, ** p<0.05, * p<0.1. 
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