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1 Introduction

Education is a major driver of economic development and a determinant of social stabil-

ity. Investment in human capital is thus largely seen as a sustainable strategy to improve

conditions in the developing world. While enrolment rates have dramatically increased in

the last few decades, education outcomes are still comparatively poor in many low-income

countries (e.g. OECD, 2016). Therefore, the key question to be answered is, how the quality

of education can be improved in developing countries.

By engaging students more actively in learning and tailoring content to their prior knowl-

edge, technology has the potential to improve the quality of teaching. Computer-assisted

learning (CAL) is less sensitive to the performance of overstrained teachers and allows for

self-paced and interactive learning. Even in large and heterogeneous classes – a typical set-

ting for low-income countries – students can thus work at their own pace and get instant

feedback. Albeit promising, research on the impact of software-based teaching in developing

countries is still in its early stages and geographically concentrated on Southeastern Asia.

It is unclear how the existing evidence is applicable to Latin American countries, as the

software used in earlier studies are not available in Spanish.1 This contribution evaluates

the impact of a CAL-project using the software Khan Academy, which is available in eleven

languages including Spanish, Portuguese, French and English.2

The Salvadorian government has recently shown considerable effort in improving not

only the accessibility but also the quality of education. The new policy named ”Integrated

System of Inclusive Full Time Schools” constitutes an attempt to expand school days to the

afternoon, and to promote learning through innovative teaching and open and flexible cur-

ricula. In the context of this countrywide programme, the Salvadorian Ministry of education

1See Snilstveit et al. (2015) for a systematic review of schooling interventions in developing countries.
While the review lists studies on technology-based teaching in Latin America, the cited studies do not focus
on software assisted maths lessons but large scale provision of hardware in public schools.

2A list on the available languages supported by Khan Academy can be found on https://khanacademy.

zendesk.com/hc/en-us/articles/202483750-Is-Khan-Academy-available-in-other-languages-

(last accessed 14.01.2018).
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cooperates with NGOs to collectively address the serious learning deficiencies of students in

public schools (MINED, 2013). In this spirit, the NGO Consciente will implement a CAL-

project in the rural district of Morazán, El Salvador, which aims at improving numeracy

skills of primary school pupils. The intervention is conducted in coordination with the Sal-

vadorian Ministry of Education and is intended to be a pilot project for a potential large

scale programme to improve students’ skills through technology-based teaching.

The evaluation of this project will allow us to (1) assess the effect of CAL on students’

numeracy skills, (2) to appraise whether the effect is mainly attributable to additional maths

classes or the use of computers, and (3) to compare the cost-effectiveness of different versions

of the project. Besides providing valuable scientific evidence on the usefulness of software-

based learning in developing countries, the results will serve as basis for the NGO’s scaling

strategy for this intervention.

2 Intervention and Timeline

The schooling intervention implemented by Consciente consists of three different treat-

ments (see Figure 1). All treatments are additional maths classes in the afternoon using

different schooling inputs. The additional classes are offered in the afternoon to complement

regular classes that are held in the morning.

Each treatment consists of two additional lessons of 90 minutes per week. The first

treatment offers additional maths classes conducted by contract teachers. They are hired

by Consciente and teach refresher courses that repeat the maths curricula of lower grades.

The second and the third treatment are additional maths classes based on computer-assisted

learning (CAL) technology. Students work with the software Khan Academy, which allows

them to learn independently and – more important – at their own level and pace. The

difference between these two latter treatments is that the additional computer classes are

either conducted by a temporarily contracted supervisor or by a temporarily contracted
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Baseline	
Test	&	Survey Endline Test

02/2018

Treatment	1: Additional	Math Classeswithout
Computers

Treatment	2:	Additional	CAL‐Classes with
Supervisor	

10/2018

Treatment	3:	Additional	CAL‐Classes with
Teachers

Control	Group:	Regular	Math Classes in	the
Morning

Start	of
intervention

04/2018

Figure 1: Timeline and the Three Intervention Arms

maths teacher. Supervisors provide technical support but should not assist with questions

regarding maths. Teachers, in contrast, are also allowed to explain mathematical concepts

to students, although students should mainly work independently with the computer pro-

gramme. Beside these three treatment groups, control classes are also part of the evaluation:

They do not get any treatment but serve as counterfactual to identify the causal impact of

the three treatments on the students’ numeracy skills (see Section 4).

3 Data on Main Outcome: Numeracy Skills

Our main outcome of interest are the students’ numeracy skills. To measure numeracy skills,

we conduct three standardized maths tests during the school year 2018 (see Figure 1). The

standardized maths tests are designed as follows:

1. Summarizing the Salvadorian curriculum (grades 1–6) along the three topics (a.) num-

ber sense & arithmetic, (b.) geometry & measurement, and (c.) data & probability.
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2. Mapping of test items on the Salvadorian curriculum. We use the following sources for

test items: (a.) official text books of El Salvador, (b.) publicly available items from

the STAR3 evaluations in California, (c.) publicly available items from the VERA4

evaluations in Germany, and (d.) exercises from the Swiss textbook MATHWELT.

3. Gathering of pilot data on 180 test items answered by 600 Salvadorian pupils in October

2017; estimating the difficulty and discrimination parameters of test questions based

on Item Response Theory (e.g. de Ayala, 2008).

4. Design of (paper and pencil) maths tests using insights from step 3. The items are

selected such that they reflect the weighting in the official curriculum: 60–65% number

sense & arithmetic, 30% geometry & measurement, 5–10% data & probability.

4 Identification Strategy

A naive approach to estimate the intervention’s impact would simply rely on changes in test

scores across time without comparing them to a control group. Obviously, that would be

problematic because maths skills of pupils improve during the school year even absent the

NGO’s work. Hence, the plain difference between baseline and endline test scores among

beneficiaries (henceforward: treatment group) would overestimate the true causal effect of

the intervention.

A more plausible approach compares the test score changes in the treatment group to test

score changes in a control group, which serves the evaluator as counterfactual.5 Assuming

that – absent the intervention – treatment and control individuals are on average identical,

any systematic differences in maths skills observed at the endline can then be attributed

3Further information on the Standardized Testing and Reporting (STAR) programme in California is
available online: www.cde.ca.gov/re/pr/star.asp (last accessed: 14.01.2018).

4VERA is coordinated by the Institut für Qualitätsentwicklung im Bildungswesen (IQB), see www.iqb.

hu-berlin.de/vera (last accessed: 14.01.2018).
5The true (but never observable) counterfactual is the (hypothetical) outcome of the treatment group,

if they had not be part of the NGO’s intervention.
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Average mathscore of control
& treatment group at 
beginning of school year

Control	group
endline test score

02/2018 10/2018

Baseline	
Test	&	Survey Endline Test

Average	mathscore of	control
group at	end	of	school year

Average	mathscore of	treatment
group at	end	of	school year

Causal effect of	
treatment

Test	score

Baseline	test score

Treatment	group
endline test score

Figure 2: Identifying Causal Effects in a RCT

to the intervention, as illustrated in Figure 2. These differences reflect the true causal

impact of the intervention. Yet, in non-experimental settings it is very challenging to find

a valid counterfactual because any (intended or unintended) differences between treatment

and control group would potentially confound the resulting estimate. The causal impact of

the programme would be overestimated, for instance, if particularly well organized schools

are selected as beneficiaries, whose students are then compared to students attending lower

quality institutions. But the causal impact may also be underestimated if the NGO focuses

on highly deprived school districts and compares them to an average school district with

larger resources.

The cleanest solution to rule out any difference between treatment and control group is a

random assignment mechanism. Random assignment guards against any intended or unin-

tended selection and therefore ensures that the control and treatment group are on average

identical. The evaluation of Consciente’s CAL-project will be designed as a Randomized

Controlled Trial (RCT), that is a methodological setup that explicitly builds on the random

assignment of the intervention among potential recipients (e.g. Duflo et al., 2007).

While – by construction – a properly designed RCT ensures on average identical treat-
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ment and control groups, its validity depends on a second key assumption, the Stable Unit

Treatment Value Assumption (SUTVA). This assumption would be violated if the treatment

causes spillover effects on the control group; a typical example would be medication which

reduces the contagion risk among the control group (see Miguel and Kremer, 2004). Con-

sidering the nature of the intervention, we do not expect meaningful spillover effects on the

control group in our setting (also see Section 5).

5 Sampling and Randomization

Starting point are all primary schools in Morazán, i.e. 300 schools. Consciente faces over-

subscription, meaning that it cannot reach all eligible beneficiaries due to limited financial

resources. Accordingly, the randomization schedule in this evaluation is based on oversub-

scription. From an ethical perspective, this has the favourable feature that it does not affect

the number of beneficiaries reached by the NGO. We now briefly summarize the randomiza-

tion schedule, which is illustrated in Figure 3.

Pre-selection. In a first step, we conduct a pre-selection of primary schools based on the

following four criteria (ordered from most to least restrictive):

• School size: Schools with integrated classes (across grades) or gaps in their grade

structure (i.e. not at least one class per grade) are excluded.

• Security: Schools located in areas dominated by criminal gangs are excluded.

• Accessibility: Schools inaccessible by car are excluded.

• Electricity: Schools without electricity are excluded.

After this pre-selection 57 schools, 320 classes and about 6400 students in grades 3–6

remain in our sample.
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T3:	
Extra	CAL‐Classes
with	teacher
39	classes

T1:	
Extra	math
classes

40	classes

Control:
40	classes

Preselection:
57	Schools
320	classes

~6400	students

Excluded	Schools:
28	Schools
162	classes

~3200	students

Selected	Schools:
29	Schools
158	classes

~3200	students

Random	selection

T2:	
Extra	CAL‐Classes
with supervisor
39	classes

Randomization	Stage	1	
stratified	by:
• School	size
• Computer	room
• Population	density

Randomization Stage	2	:
• Rerandomization following

Morgan	&	Rubin	(2012)
• Cutoff criterion:	Between 9	and 11	

classes per	treatment and grade

Test	for
spilloversControl:

40	classes

Population:
Grades	3‐6
~300	Schools

• Drop	small	schools
• No	electricity
• Dominated	by	gangs
• No	accessibility

Figure 3: Our Sampling and Randomization Schedule

Randomization stage 1. Project resources do not allow to install computer rooms in these

57 schools. Therefore, 29 of these 57 schools are randomly chosen to be part of the study.

We stratify by school size, population density and the existence of a computer room, to in-

crease the precision of our estimates. Figure 4 maps the location of the 57 schools eligible for

treatment; the coloured symbols mark schools that were selected in the first randomization

stage, while white symbols mark schools that were excluded in the first randomization stage.

Randomization stage 2. In a second step, we randomize on the class level, i.e. 158 classes

in the selected 29 schools are subject to the randomization. These classes are randomly

assigned to the different treatment arms, with each treatment resp. control group comprising

39 or 40 classes. We use rerandomization (see Morgan and Rubin, 2012) to make sure that
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Figure 4: Selection of Schools in Morazán (in blue the capital San Francisco Gotera)

treatments are balanced across schools and grades. A balanced assignment across schools

and grades has two advantages: An efficient use of the NGOs resources due to lower logistic

costs, and higher statistical power when analysing effect heterogeneity across age groups. On

the downside, randomization within schools increases the risk of spillovers between control

group and treatment groups, which may bias the estimated effect. Although no evidence for

such spillovers is reported in the related literature (e.g. Lai et al., 2015), we take different

measures (e.g. close monitoring) to actively prevent spillovers. Furthermore, our setup allows

to measure potential spillovers: We randomly choose 40 classes from the 28 schools that were

excluded in the first randomization stage, and ask them to complete the baseline and endline

exams. Comparing their results with the results of control classes in the “treatment” schools

yields a quantitative estimate of potential spillovers.
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6 Estimation Strategy

To quantify the causal effects of the different treatments, we estimate the following regression:

NSNOV
ics = β1 ∗ T1cs + β2 ∗ T2cs + β3 ∗ T3cs + δ ∗NSFEB

ics + γ ∗XFeb
ics + λs + εics

• NSNOV
ics represents numeracy skills of student i in class c and school s as measured at the

end of the school year in November 2018; see Section 3 for further explanations.

• T1cs, T2cs and T3cs indicate whether class c in school s received extra lessons with a teacher

(T1), extra CAL-lessons with a supervisor (T2), or extra CAL-lessons with a teacher (T3).

• NSFEB
ics is the test score of the baseline exam conducted in February 2018.

• XFeb
ics is a vector of demographic and socio-economic characteristics. These are collected in a

short questionnaire distributed prior to the baseline test in February.

• λs are a school dummies to absorb school specific characteristics.

• εics is the error term.

β1, β2 and β3 represent the causal effect of the corresponding treatment. If β3 is signif-

icantly larger than β1, this would suggest that the potential increase in learning outcomes

is mainly attributable to the use of the software. The opposite would suggest that the use

of the software is not important and that it is more effective to simply introduce refresher

lessons in the afternoon without computers. Furthermore, we can address the question,

whether the CAL-software and teacher skills are complements. This can be done by testing

whether the ratio of the effects, i.e. β3/β2, is larger or smaller than the ratio of the respec-

tive costs of the two intervention arms, i.e. cost(T3)/cost(T2). If the ratio β3/β2 is larger

than cost(T3)/cost(T2), teaching skills and software are complements and it is cost-effective

to implement the treatment based on CAL-lessons and maths teachers. In the opposite

case, software and teaching skills are not strongly complementary and it would be more

cost-efficient to implement the treatment based on CAL-lessons and supervisors.

9
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