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Concepts and definitions

GDP = Gross Domestic Product

ICT = Information and Communication Technology

SDG = Sustainable Development Goals, adopted by the United Nations

GA = The Gambia

SSA = Sub-Saharan Africa

SGA = Synthetic The Gambia

AC = Average Control

LOO = Leave-One-Out

SCM = Synthetic Control Method

RMSPE = Root Mean Square Prediction Error
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1 Introduction

As an integral part of developed societies today, the Internet has spread quicker than any other

information and communication technology (ICT) globally. The “digital divide” has surfaced as a

term for the digital inequalities present between- and within countries with only 29 per cent of

the population in sub-Saharan Africa (SSA) using the Internet in 2019 (see Figure 1; Rainie and

Wellman 2019, 27–38; Roser, Ritchie, and Ortiz-Ospina 2015). Furthermore, the population

group most affected by the digital divide is people with lower socioeconomic status (Rainie and

Wellman 2019). Apart from pure information dissemination, ICT provides means to improve

upon educational attainment and has been identified by the United Nations as essential in order

to achieve the UN Sustainable Development Goal 4 (SDG 4). SDG 4 primarily focuses on

ensuring that all children have free access to primary and secondary education (Lim et al. 2020;

United Nations n.d.).

Figure 1: Share of  the population using the Internet, 2019

Source: Roser, Ritchie, and Ortiz-Ospina 2015

Apart from the digital divide and the overrepresentation of children out of school in SSA, the

region is affected by poor living standards, measured as the lowest GDP per capita out of all

world regions (Roser 2013; Roser and Ortiz-Ospina 2013). According to UNESCO (2021), ICT

can be used in the educational setting to disseminate, create, and store information. Through the

use of digital whiteboards, smartphones and the flipped classroom model, where students listen

to lectures at home and have interactive classes in school, ICT can be an essential part of the

teaching experience (UNESCO 2021). Furthermore, some SSA countries struggle with declining

access to textbooks, and e-readers can be used to store hundreds of books and deliver course
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material to students (UNESCO 2021; ‘The Gambia Education Sector Strategic Plan 2016-2030’

2017). In addition, interventions where teachers are connected with children in rural areas

through the use of ICT have yielded positive results (Bianchi, Song, and Lu 2020). Several

mechanisms through which ICT have the potential to impact education thus highlight the need

for comprehensive research on the topic.

While many scholars have studied causal relations between economic growth and ICT

development, as well as between economic growth and educational attainment, less research has

been conducted on the relationship between ICT diffusion and education. Has the notable digital

divide in SSA had negative impacts on educational completion for children? Such questions are

of interest for policy applications in developing countries and would be of value to

decision-makers in regard to ICT development. This paper aims to study the effects of Internet

penetration on primary schooling in SSA.

In recent years, the Synthetic Control Method (SCM) has gained popularity due to its advantages

in statistically deriving the causal effect in comparative case studies (Abadie and Gardeazabal

2003; Abadie, Diamond, and Hainmueller 2010; Abadie 2021). In our paper, the causal effect of

Internet penetration on primary school completion rate can be studied by utilising the SCM.

Since data availability restricts us to national-level panel data provided by the World Bank, the

SSA, with varying degrees of national Internet penetration, provides a favourable sample for a

comparative case study. One of the countries with above-average Internet penetration is the

Republic of The Gambia (The Gambia), with 35 per cent Internet penetration1 in 2018

compared to the average of 25 per cent for SSA (World Bank n.d.a). Our study draws upon

existing research on the critical threshold of Internet penetration2, to practically apply the SCM

in a case where intervention occurs gradually, such as the case with technology adoption.

The SCM provides a method for the creation of an artificial counterfactual of The Gambia.

Synthetic The Gambia (SGA) will consist of a weighted combination of sub-Saharan African

countries lacking above-threshold Internet penetration, but that previously have resembled The

Gambia in terms of different key predictors. By comparing the primary school completion rate

in The Gambia (GA) with the synthetic counterfactual, the effect of above-threshold Internet

penetration on the primary school completion rate can be assessed and studied.

2 The critical mass of Internet users needed to ensure exponential network growth as well as continued positive
network externalities further explained in section 4.4.

1 Measured as the percentage of  the population using the Internet.
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Our findings display a largely negative treatment effect post-intervention, meaning that

above-threshold Internet penetration negatively affects primary completion. Placebo tests

together with a robustness test show weak validity for the treatment effect, however,

subsequently meaning that a null result is yielded, rejecting our hypothesis of a positive

relationship. Previous literature presents contrasting empirical evidence for the relationship

between ICT and education3, which is why the null result is not considered unexpected. Other

determinants seem to greatly impact primary completion, and being able to isolate the causal

relationship in this setting thus proves concerning. The authors propose further research related

to different determinants and their interplay, as well as future research expanded to differentiate

between levels of education. A newly developed addition to the SCM, the Augmented SCM (cf.

Ben-Michael, Feller, and Rothstein 2021), could moreover provide value to the empirical setting.

Since no previous studies have applied the SCM to empirically study the relationship between

ICT and educational attainment4, our findings add to the existing research through the use of a

new methodology. Furthermore, this paper contributes to the broader topic of ICT usage in the

educational setting, providing great value for policymakers in relation to ICT deployment and

developments of  the education system.

The remaining sections of this paper will be organised in the following way. Section 2 provides

an overview of The Gambia, the macro-region of SSA, historical ICT developments and

educational challenges. Section 3 provides a literature review, summarising previous research on

the topic of ICT in relation to educational outcomes. Section 4 stipulates the research question,

our hypotheses and the empirical methodology using the SCM. Section 5 outlays the datasets

used in the study. Section 6 presents the empirical results in three different parts: the

construction of counterfactual The Gambia, the effect on primary school completion rate, and

placebo- and robustness tests. Section 7 provides a discussion of the results presented as well as

future research suggestions, comparing and contrasting the findings with previous studies. Lastly,

Section 8 outlays our final remarks.

4 To the best of  the authors’ knowledge at the time of  writing this paper.
3 See section 3.2.
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2 Background

In order to get an accurate understanding of the relationship between ICT and education in SSA,

an understanding of the macro-region itself and the development of ICT and the educational

system is necessary. Firstly, an overview of SSA and The Gambia specifically will be outlaid.

Secondly, ICT development in SSA will be further examined, and lastly, educational reforms and

educational outcomes will be studied.

2.1 Sub-Saharan Africa and The Gambia

SSA is defined as one of the world’s macro-regions, delimited by factors of economic

development, geopolitics, history, culture and sociology. While most scholars agree that the

continent of Africa consists of two macro-regions, namely sub-Saharan Africa and the Middle

East5, the delimitation of countries included in SSA differs to some degree (Anděl, Bičík, and

Bláha 2018). In this study, the World Bank’s delimitation of countries included in SSA is used

since datasets are derived from the same source (World Bank n.d.c).

As of 2020, SSA is the poorest region globally (see Figure 2), with little possibility of eradicating

extreme poverty before 2030 (Bicaba, Brixiová, and Ncube 2017). The region has recently

experienced democratisation, a large spread of new technologies, discoveries of natural resources

and a decreased number of armed conflicts - all contributing to what could be considered a

turning point for the region (UNDP n.d.).

Figure 2: Gross Domestic Product, 2020

Source: Roser 2013

5 The Middle East; the Islamic Region; South-Western Asia and Northern Africa are all used interchangeably in the
literature.
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According to the World Bank, The Gambia is located in Western Africa and surrounded by

Senegal and the Atlantic Ocean. With a population of approximately 2.5 million, the country is

one of the most densely populated in the region. The agricultural labour market in The Gambia

contributes to economic growth, but the poverty rate was 8.5 per cent in 2021 despite economic

growth (World Bank n.d.d).

2.2 ICT developments in sub-Saharan Africa

Roser, Ritchie and Ortiz-Ospina (2015) express that the development of the World Wide Web in

1989 constituted a major milestone for global communication. By 2000, Norway and Canada had

already reached an Internet penetration of 50 per cent, while SSA only had an Internet

penetration of approximately one per cent. Globally, 640 000 people become first time Internet

users on any given day on average, although nearly half of the global population is still offline.

ICT diffusion6 entails both Internet penetration, broadband access, mobile subscriptions and

other measures of connectivity (Roser, Ritchie, and Ortiz-Ospina 2015). The digital divide exists

both between- and within countries and particularly affects people in rural areas, low-income

households and central-city areas, as well as people with lower educational attainment and people

with disabilities (Rainie and Wellman 2019).

Up until 2005, less than five per cent of the population in The Gambia used the Internet (World

Bank n.d.a). While the region of SSA still is very disconnected from online communication,

several successful countries, including The Gambia, have managed to dramatically increase their

Internet penetration recently (Roser, Ritchie, and Ortiz-Ospina 2015). In the National

Development Plan for 2018-2021, adopted by the Government of The Gambia, one of the key

performance indicators is to ensure that the share of the population using the Internet on a daily

basis reaches 90 per cent (Government of  The Gambia 2017).

2.3 Educational challenges in sub-Saharan Africa

Roser and Ortiz-Ospina (2013) state that primary education provides an essential foundation for

literacy and basic mathematical skills, vital for one’s ability to independently comprehend

information. In 2019, more than 58 million children were not attending primary school on a

global level, and more than half of them reside in SSA (Roser and Ortiz-Ospina 2013). While the

number of children in primary education has grown substantially over the last couple of decades,

6 According to the Oxford Dictionary, the act of spreading something widely in all directions; the fact of being
spread in all directions.
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many children are still out of attendance or not completing primary education in SSA (Lewin

2009). While many scholars argue for the connection between primary education and economic

development, factors such as religious affiliation also affect educational attainment in SSA (Daun

2000). The Millenial Development Goals and the Sustainable Development Goals, both

developed and adopted by the United Nations, have put emphasis on ensuring access to primary

education for all children globally (United Nations n.d., 4).

According to the governmental Education Sector Strategic Plan for 2016-2030, The Gambia

faces several challenges of low educational attainment, uneven access to schooling, low quality of

education and declining access to school textbooks. Primary education starts in The Gambia at

the age of seven, followed by six years of lower basic education and three years of subsequent

upper basic education. Children in rural areas, as well as the poorest children in both urban and

rural areas, are currently the groups where access to education is most lacking. Despite many

educational improvements in recent decades, the average level of educational attainment within

the population was 3.7 years in 2015. Due to declining textbook access, the responsible

ministries for primary, secondary and tertiary education plan to introduce digital teaching with

elements of ICT included in the curriculum during the ongoing policy period (‘The Gambia

Education Sector Strategic Plan 2016-2030’ 2017). Since both educational and digital inequalities

mostly affect low-income and rural population groups, the impact of ICT on education might be

all the more important to study further.

3 Literature review

ICT diffusion, in this study measured by Internet penetration, is a widely studied topic by many

scholars. Correlation studies associate ICT diffusion with ICT infrastructure, literacy, economic

development and access fees. The interplay of different correlating factors, however, is what

subsequently drives further ICT diffusion (A. Dutta and Roy 2005). ICT has spread

exponentially over the past decades, contributing to economic, social and political development.

The inequalities in regard to ICT availability, however, are one of the common explaining factors

for the inaccessibility to healthcare services, education and commerce (Ayanso, Cho, and

Lertwachara 2014).

Furthermore, A. Dutta and Roy (2005) outline the mechanics of ICT diffusion in their paper,

arguing that an increase in ICT supply will not automatically lead to increased usage. Ayanso,

Cho, and Lertwachara (2014) identify four different categories of access barriers with regard to
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the adoption of ICT. A mental access barrier can arise due to a lack of interest, a material access barrier

can arise due to a lack of hardware and connectivity, a skill access barrier can arise due to a lack of

skills education, and a usage access barrier can arise due to expensive usage fees among other

factors. To address access barriers, A. Dutta and Roy (2005) suggest that countries need to adopt

education- and training initiatives, demonstrate ICT capabilities through government services,

increase geographical access and reduce access fees.

3.1 ICT diffusion positively contributes toward economic growth

The relationship between ICT diffusion and economic development has been subject to many

studies other the last decades (cf. Stanley, Doucouliagos, and Steel 2018; Niebel 2014; David and

Grobler 2020; Albiman and Sulong 2016; Hjort and Tian 2021; Baliamoune-Lutz 2003), all

reaching a general consensus of an existing positive correlation between increased ICT diffusion

and economic growth.

Stanley, Doucouliagos, and Steel (2018) provide findings for the positive contribution of ICT

(specifically landline and cell technologies) to economic growth but emphasise that developed

countries reap more benefits from ICT connectivity than developing countries. Adding to the

debate, Baliamoune-Lutz (2003) provides empirical findings for a correlation between economic

growth and ICT dissemination, stating that ICT contributes positively to the development and

civil rights.

Baliamoune-Lutz (2003) argues that ICT could indeed impact economic growth positively, but

that since the successful diffusion of ICT is determined by factors of social development and

trade policies, developing countries might not succeed in the process of leapfrogging7 through

means of ICT. Niebel (2014) further questions the concept of leapfrogging through means of

ICT, arguing that there is no empirical support for a significant difference between developed

and developing countries.

Additionally, David and Grobler (2020) provide empirical findings for the positive impact of ICT

on economic growth as well as the impact of ICT on economic development. Albiman and

Sulong (2016) find that an Internet penetration rate of above five per cent triggers economic

growth and adds that human capital, domestic investments and the quality of institutions are the

main transmission channels for ICT usage.

7 Meaning that a developing country would take significant leaps in their economic development.
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3.2 ICT diffusion in relation to education

Previous literature examines the relationship between ICT diffusion and educational outcomes,

albeit with varying conclusions.

Bagchi (2005) argues that primary evidence of a positive correlation between the use of ICT and

educational attainment exists, controlling for income levels. Furthermore, the study points out a

correlation between educational attainment and computer investments, strengthening the

argument that higher levels of educational attainment increase ICT diffusion. In a study

conducted by Kho, Lakdawala, and Nakasone (2018), the impact of Internet access on the

performance of school children is examined within Peruvian schools. Kho, Lakdawala and

Nakasone conclude that Internet access in schools positively impacts standardised test results,

with an increasing impact over time. A recent study by Bianchi, Song, and Lu (2020) examined a

Chinese intervention where teachers were connected with more than 100 million rural children

through the use of ICT. Bianchi, Song and Lu concluded that the intervention positively

impacted educational performance, use of computers and labour with effects lasting for ten years

after the intervention. An empirical study, using panel data for countries within SSA, concludes

that enhanced Internet penetration benefits countries with below-median levels of education

quality while not being relevant for countries with better than median education quality (Asongu

and Odhiambo 2019).

In contrast to these studies, Baliamoune-Lutz (2003) concluded that no relationship between

ICT diffusion and education exists in developing countries when regressing ICT indicators on an

education index created by the UNDP. In support of this argument, Faber, Sanchis-Guarner, and

Weinhardt (2015) studied the relation between ICT availability within children’s homes and

school test scores and concluded that changes in available broadband connections have zero

effect on test scores. Similarly, Fairlie and Robinson (2013) conducted an experimental field study

where computers were randomly assigned to children’s homes, concluding zero impact on

educational performance. A similar study from Peru concluded that assigning children laptops

had largely significant impacts on digital skills development, however, no impact on academic

performance (Malamud et al. 2018). Bessone, Dahis, and Ho (2020) study the impact of mobile

Internet availability on educational outcomes and similarly conclude that the availability of

mobile Internet itself does not improve educational performance. Moreover, Porter et al. (2016)

discuss the positive and negative aspects of ICT usage in relation to the school environment,

arguing for responsible use of  ICT to reduce classroom disruptions.
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3.3 SCM studies on educational outcomes

The SCM is a relatively new methodology in comparative case studies, but the SCM has

nonetheless been used in three studies related to educational enrollment, graduation rates and

educational performance, all described below. No previous studies have applied the SCM to

empirically study the relationship between ICT and educational attainment8, but still provide

value in regards to the use of  the methodology with educational outcomes.

Anghel et al. (2015) studied the impact of standardised school tests on educational performance

and leveraged the fact that not all Spanish regions implemented standardised tests in the

educational setting. The study makes use of the SCM to strengthen the parallel trends

assumption required by the conventional Difference-in-Difference (DiD) methodology but faces

limitations due to few pre-intervention observations (Anghel et al. 2015). Cerqua and Di Pietro

(2017) studied the effect of a natural disaster on educational enrollment at the local university

using the SCM and found a difference in the student population composition due to

post-disaster measures. Lastly, Bifulco, Rubenstein, and Sohn (2017) studied the intervention of

tuition scholarships and the effect on educational enrollment- and graduation rates in the U.S.

using the SCM. The study found that enrollment rates increased, but the weak validity of the

results is emphasised due to noisy pre-treatment outcomes when using the SCM (Bifulco,

Rubenstein, and Sohn 2017). Despite the varying nature of interventions in SCM studies on

educational outcomes, methodology applications regarding similar main outcome variables

provide value to this study.

4 Research design and empirical methodology

As presented in section 3.2, several scholars have conducted research on the relationship

between ICT and education. Nonetheless, there are several gaps for research to fill. The impact

of Internet penetration on educational outcomes is one of those gaps never previously studied

using a synthetic control group in a comparative case study. The following section aims to

delimit the research gap more clearly, define the research question and present our hypotheses.

Furthermore, the chosen empirical methodology will be defined and motivated, and limitations

will be outlaid.

8 To the best of  the authors’ knowledge at the time of  writing this paper.
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4.1 Research contribution, research question and hypotheses

This study contributes to the literature through the application of a recently developed empirical

method to study the effect of ICT diffusion on children’s primary schooling in SSA. Since no

studies have utilised the SCM to study the relationship between Internet penetration and

educational attainment, our findings add to the existing research on technology diffusion and its

impact on children’s education. Furthermore, our study specifically advances knowledge on The

Gambia’s primary school completion rate in relation to the relatively high Internet penetration

within the country. In addition, this paper draws upon existing research on the critical threshold

of Internet penetration9 in combination with the SCM to practically apply the SCM in a case

where intervention occurs gradually, such as the case with technology adoption.

Moreover, this research contributes to the broader topic regarding the value of investments into

ICT development as well as studies on the use of ICT in the educational setting. These

contributions might provide value for policymakers in relation to ICT deployment and

developments of the education system. Many countries in SSA, as well as other developing

countries, face problems related to the digital divide as well as inequalities of educational

attainment and illiteracy. Potentially leveraging positive externalities of broad Internet penetration

could thus add value to both debates and be a potential way forward for developing countries in

general. The main research question that our study aims to answer is:

What are the effects of  broad Internet penetration on the national-level primary school completion rate in The

Gambia?

With previous literature in mind, our hypothesis is that widespread Internet penetration will

contribute positively toward educational attainment. Time lag effects of ICT diffusion need to be

considered, however, and results might thus differ depending on the time frame studied.

4.2 The Synthetic Control Method

To derive the causal effect of an intervention, the DiD methodology is applied widely in

comparative case studies. The DiD method’s ability to separate the causal effect of intervention

from other covariates, reasonably affecting the main outcome variable, makes it suitable for case

studies as long as the methodology assumptions are fulfilled. The main assumption for the DiD

9 The critical mass of Internet users needed to ensure exponential network growth as well as continued positive
network externalities, further explained in section 4.4.
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framework is the parallel trend assumption, meaning that in the absence of the intervention - the

treatment group and the control group should have a constant difference over time. The

Synthetic Control Method was developed as an extension to the DiD methodology, subsequently

relaxing the assumption of parallel trends since the control group is artificially constructed. By

creating a control group using synthetic weights of units from a donor pool of similar units to

the treatment unit, and a set of key predictors, the parallel trend between the treatment- and the

control group can be achieved (Abadie, Diamond, and Hainmueller 2010; Abadie and

Gardeazabal 2003).

Furthermore, the DiD methodology limits the user to exclude certain covariates that could

potentially be affected by the intervention itself, therefore being considered bad control variables.

The SCM instead includes covariates when predicting the pre-intervention control group and

uses a data-driven methodology of choosing which units out of the donor pool to include in the

control group which reduces user selection subjectivity (Abadie and Gardeazabal 2003; Abadie,

Diamond, and Hainmueller 2010).

In our paper, the causal effect of Internet penetration on primary school completion rate can be

studied by utilising the SCM. Since data availability restricts us to national-level panel data

provided by the World Bank, the SSA, with varying degrees of national Internet penetration,

provides a favourable sample for a comparative case study. One of the countries with

above-average Internet penetration in SSA is The Gambia, with higher levels of ICT diffusion

than many other countries within the macro-region.

4.2.1 Definition

Drawing on Leroutier (2022), the Synthetic Control Method (SCM) will be defined in the

following section. By using traditionally used notation for policy evaluation, the estimation of

when , is defined asβ
𝐺𝐴𝑡

𝑡 ≥  2014

(1)β
𝐺𝐴𝑡

 = 𝑌
𝐺𝐴𝑡
1  − 𝑌

𝐺𝐴𝑡
0  
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where designates The Gambia’s primary school completion rate with above-threshold𝑌
𝐺𝐴𝑡
1

Internet penetration10 at each period. designates The Gambia’s primary school completion𝑌
𝐺𝐴𝑡
0

rate without above-threshold Internet penetration at each period. measures the differenceβ
𝐺𝐴𝑡

between the two aforementioned. Estimating proves difficult since can be observedβ
𝐺𝐴𝑡

𝑌
𝐺𝐴𝑡
1

when but can not be observed.𝑡 ≥  2014 𝑌
𝐺𝐴𝑡
0

Following Abadie, Diamond, and Hainmueller (2010), let us assume that the outcome in the

absence of above-threshold Internet penetration , for each country and period , can be𝑌
𝐺𝐴𝑡
0 𝑐 𝑡

modelled using the following linear factor model:

(2)𝑌
𝑐𝑡
0 = δ

𝑡
 + 𝑍

𝑐
α

𝑡
 + 𝑓

𝑡
' λ

𝑐
+ ϵ

𝑐𝑡

where designates a time fixed effect, designates a vector of observed exogenous countryδ
𝑡

𝑍
𝑐

characteristics, is a vector of the unrecognised parameters, designates a vector ofα
𝑡

𝑓
𝑡

unrecognised common factors (and denotes its’ transpose), designates a vector of𝑓
𝑡
' λ

𝑐

unrecognised country-level effects or factor loadings, and designates the error term with aϵ
𝑐𝑡

mean of  zero (eg. capturing transitory shocks at the national-level).

Since the linear factor model above allows for time effects and individual effects to interact, it is

more flexible than the typical DiD framework. Abadie, Diamond, and Hainmueller (2010) prove

that it is possible to use as an estimator for the function of outcomes observed in theβ
𝐺𝐴𝑡

post-treatment in other countries, with these specifications:

(3)β
𝐺𝐴𝑡

=  𝑌
𝐺𝐴𝑡

−
𝑗=1

𝐽

∑ ω
𝑗
*𝑌

𝑗𝑡

10 Above-threshold Internet penetration is defined in section 4.4.
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where denotes the weighted combination of the outcome for J countries not exposed
𝑗=1

𝐽

∑ ω
𝑗
*𝑌

𝑗𝑡

to above-threshold Internet penetration, and where the vector should satisfy𝑊* = (ω
1
* ...... ω

𝐽
*)

'

the four following conditions:

ω
𝑗
* ≥  0∀𝑗 = 1.. 𝐽

𝑗=1

𝐽

∑ ω
𝑗
* = 1

(4)𝑌
𝐺𝐴

𝐾
=

𝑗=1

𝐽

∑ ω
𝑗
* 𝑌

𝑗

𝐾

𝑍
𝐺𝐴

=
𝑗=1

𝐽

∑ 𝑍
𝑗

where denotes a linear combination of pre-intervention primary school completion rate in𝑌
𝐺𝐴

𝐾

The Gambia, and a linear combination of pre-intervention primary school completion rate for𝑌
𝑗

𝐾

country j (e.g. the simple mean of pre-intervention outcomes ). Abadie,𝑌
𝑗

𝐾
= 1/𝑇

0
𝑡=1

𝑇
0

∑ 𝑌
𝑗

Diamond, and Hainmueller (2010) further emphasise the importance of a high number of

pre-treatment periods, since the estimator gets closer to the true parameter when theβ
𝐺𝐴𝑡

number of pre-treatment periods is high compared to the scale of transitory shocks affecting

countries.

Estimating the appropriate vector in practice is done in STATA by using the command𝑊

named synth2 developed by Abadie, Diamond and Hainmueller (2010). The algorithm

minimises the distance between a vector of the pre-intervention characteristics in the treated

unit, (with dimensions ) and a weighted matrix of pre-intervention characteristics in the𝑋
𝐺𝐴

𝐾 𝑥 1

non-treated units, (with dimensions ). Pre-intervention characteristics are of two𝑋
0
𝑊 𝐾 𝑥 𝐾

types; firstly, the linear combinations of pre-intervention outcomes ; and secondly, the country 𝑌
𝑗

𝐾

characteristics not affected by the intervention. To obtain the vector , the algorithm starts𝑍
𝑗

𝑊
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with a positive and semi-defined matrix that defines a dot-product. The distance between𝑉 𝑋
𝐺𝐴

and is then denoted:𝑋
0
𝑊

(5)𝑋
𝐺𝐴

− 𝑋
0
𝑊 =  (𝑋

𝐺𝐴
− 𝑋

0
𝑊)'𝑉(𝑋

𝐺𝐴
− 𝑋

0
𝑊)

where the goal is to estimate the that minimises the distance. Such minimisation results𝑊*(𝑉)

can be shown to be equivalent to a diagonal matrix assigning weights to the linear combination

of characteristics in and . Following Abadie and Gardeazabal (2003), we estimate by𝑋
𝐺𝐴

𝑋
0
𝑊 𝑉

minimising the root mean squared prediction error (RMSPE)11 of the outcome variable in the

pre-treatment periods. Formally, let be the vector of pre-2014 primary school𝑌
𝐺𝐴

(23 𝑥 1)

completion rate from 1990 to 2013 for The Gambia and be the matrix of pre-2014𝑌
𝑗

(23 𝑥 𝐽)

primary school completion rate for the other SSA countries in the donor pool. is chosen𝐽 𝑉*

such that:

(6)𝑉* =  𝑎𝑟𝑔𝑚𝑖𝑛(𝑌
𝐺𝐴

− 𝑌
𝑗
𝑊*(𝑉))'(𝑌

𝐺𝐴
− 𝑌

𝑗
𝑊*(𝑉))

where is the set of  all non-negative diagonal matrices.𝑉 (𝐾 𝑥 𝐾)

To estimate a satisfactory synthetic control, two criteria need to be fulfilled. Closeness of

pre-intervention characteristics, both for the treated and the synthetic unit, is needed. The

characteristics’ closeness depends on the ability of the characteristics to predict the outcome,

which can be assessed by comparing pre-intervention characteristics for the treated unit and the

synthetic unit. Secondly, closeness of pre-intervention outcomes, both for the treated and the

synthetic unit, is needed. The outcome closeness can be assessed graphically or by computing the

RMSPE.

4.2.2 Inference

Assessing the uncertainty in SCM estimates using asymptotic approximation proves difficult

since estimates draw on the comparison between a single treated unit and the synthetic

11 The RMSPE gives the average of the root squared difference between the treated unit’s- and the synthetic
control’s pre-intervention outcomes.
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counterpart (Bifulco, Rubenstein, and Sohn 2017). Instead of using asymptotic approximations,

Abadie, Diamond, and Hainmueller (2010) draw on permutation tests to statistically assess if the

outcome effect for the treated unit is sufficiently unlikely to happen at random. By constructing a

Leave-One-Out (LOO) robustness test, where a synthetic control is created for each unit of the

sample (with the remaining units as the donor pool), it is possible to assess the likelihood of an

outcome effect happening by chance. Since units in the LOO robustness test are untreated to the

intervention, the outcome effect can be presumed to be zero. Comparing the outcome effects in

the robustness test with the actual outcome for the treated unit, the likelihood of an outcome

effect happening by chance becomes apparent (Bifulco, Rubenstein, and Sohn 2017; Abadie,

Diamond, and Hainmueller 2010).

4.3 Selection of  predictors

In order to create the counterfactual unit, different weights are assigned to different units within

the donor pool using predictor variables. Selecting these predictors is an essential step of the

methodology in order for the synthetic unit to minimise the RMSPE. The selection of predictors

naturally includes the main outcome variable for the pre-intervention period, which helps control

for unobserved factors (Abadie, Diamond, and Hainmueller 2010). The inclusion of the main

outcome variable as a predictor does not guarantee, however, that the synthetic control will result

in a close match to the treatment country. Since the SCM is relatively new, existing literature does

not provide thorough guidance on the selection of appropriate predictors (Bifulco, Rubenstein,

and Sohn 2017). “Once it has been established that the unit representing the case of interest and

the synthetic control unit have similar behavior over extended periods of time prior to the

intervention, a discrepancy in the outcome variable following the intervention is interpreted as

produced by the intervention itself ” (Abadie, Diamond, and Hainmueller 2010).

Since previous literature lacks thorough guidance on the choice of predictor variables, our study

will follow other studies with similar main outcome variables, related to educational outcomes,

using the SCM (cf. Anghel et al. 2015; Cerqua and Di Pietro 2017; Bifulco, Rubenstein, and Sohn

2017).

4.4 The critical threshold of  Internet penetration

Since our study is based on the intervention of Internet usage itself, which of course is a gradual

process of adoption within user groups and countries globally, the delimitation of countries

available for a donor pool needs further definition. Since the SCM requires that donor pool units
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are untreated for the intervention being studied, a binary definition of considerable Internet

penetration is needed. As aforementioned, the digital divide is particularly present in SSA, with a

small fraction of the population using the Internet in many countries. The definition of what

could be considered a threshold for Internet penetration has been discussed by several scholars

previously. Since the Internet acts as the prime example of a network effect12, previous literature

tries to define the critical mass13 of Internet users. Reaching a critical mass of Internet users is

considered to be the tipping point of the gradual Internet penetration within a group of users,

which subsequently ensures both widespread Internet penetration within a period of time as well

as continued network effects. The diffusion of technology14 gives rise to positive network

externalities for the users, which in turn further increases the technology diffusion, and this

positive loop leads to exponential diffusion of the network. The exponential growth of the

network, however, can only be achieved if the society manages to reach the critical mass

threshold required for self-perpetuating network growth (Lechman 2015).

Combining the SCM with a theoretical framework for critical masses for positive network

externalities allows for an application of the SCM in a case study where the intervention itself

happens gradually. While several studies have been conducted to define the critical threshold of

Internet penetration (cf. Wamboye, Tochkov, and Sergi 2015; Albiman and Sulong 2016; S. Dutta

et al. 2009; Gillwald and Mothobi 2019; Asongu and Acha-Anyi 2020; Lechman 2015), there is a

lack of general consensus regarding the exact critical threshold level. The critical threshold is

within the range of 4,5 - 20 per cent of the population using the Internet, according to all studies.

The Global Information Technology Report (GITR)15 classifies several critical mass thresholds

accelerating network connectivity. The ‘familiarization’-phase of Internet penetration, according

to the GITR, is defined as countries with at least 15 per cent of the population using the

Internet, and this phase is considered to create Internet momentum (S. Dutta et al. 2009).

Asoungu and Acha-Anyi (2020) studied the impact of ICT diffusion on economic productivity in

SSA and concluded that the level of 15 per cent Internet penetration constitutes a critical mass

15 A report produced in cooperation by INSEAD, World Economic Forum, and the World Bank, the Global
Information Technology Report ranks 144 economies in terms of networked readiness (ICT) and its effects on,
economic growth and productivity.

14 “Technology diffusion, which is defined as a dynamic and time-attributed process involving the transfer of
information, knowledge and innovations, and standing for a continuous and gradual spread of new ideas throughout
large-scale and heterogeneous societies” (Lechman 2015).

13 According to the Oxford Dictionary, the minimum amount of resources, number of customers, etc. needed to
start or support a project or an activity, or the minimum size that a project or activity needs to be in order to be
successful.

12 According to the Oxford Dictionary, the effect that happens when a product or service gains value as more
people use it.
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threshold for increased economic productivity. Based on the comprehensive and well-reputed

nature of the GITR, our study will follow the 15 per cent ‘familiarization’-phase critical threshold

for Internet penetration outlined in GITR 2008-2009, also supported by the 15 per cent

threshold presented by Asongu and Acha-Anyi (2020) studying SSA in particular.

4.5 Assumptions and limitations

Using the SCM, there are limitations to consider, which are especially important when deciding

upon predictor variables and donor pool countries. The first essential limitation is to ensure that

no members of the donor pool have been exposed to the intervention. In the case of SGA, no

donor pool countries should thus be affected by Internet penetration above the critical mass

threshold since that could lead to skewness in the outcome variable. Furthermore, the SCM risks

interpolation bias if members of the donor pool differ in characteristics from the treatment unit

(Abadie 2021). Only countries with similar characteristics as The Gambia should thus be part of

the donor pool. The delimitation of donor pool countries to SSA, with similar factors of

economic development, geopolitics, history, culture and sociology (Anděl, Bičík, and Bláha

2018), thus becomes important to reduce the risk of  interpolation bias.

Idiosyncratic shocks to the major outcome variables affecting countries in the donor pool also

have to be considered to minimise the limitations of the SCM (Abadie 2021). The selection

process for donor pool countries thus includes qualitative research of educational policy changes

in SSA as well as other potential idiosyncratic shocks, and subsequently excludes countries

exhibiting such idiosyncratic shocks from the donor pool.

In addition, the SCM requires a long pre-treatment period since the validity of the method is

based on a pre-treatment path and pre-treatment level that is a close match between the

treatment unit and the synthetic control unit (Abadie, Diamond, and Hainmueller 2015). Since

the pre-treatment period for the creation of SGA stretches over a period of 23 years, the

requirement of a long pre-treatment period should be fulfilled. Furthermore, if an intervention

causes changes over time, a longer post-treatment period is required for the appropriate use of

the SCM (Abadie, Diamond, and Hainmueller 2015). The post-treatment period for SGA is

limited to a period of four years due to missing data after 2017 as well as several donor pool

countries reaching the critical threshold of Internet penetration, subsequently excluding them

from the donor pool. The post-treatment period of only four years should be kept in mind when
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analysing the results since a longer post-treatment period would be beneficial to draw

conclusions regarding the long-term effects of  the intervention.

Moreover, limitations of the 15 per cent critical mass threshold for Internet penetration have to

be considered in regard to the empirical methodology. Acknowledging that other scholars

conclude that other levels of Internet penetration constitute the critical threshold in SSA (cf.

Wamboye, Tochkov, and Sergi 2015; Albiman and Sulong 2016), the exact threshold level of 15

per cent is not widely accepted. Wamboye, Tochkov, and Sergi (2015) as well as Albiman and

Sulong (2016) find the critical threshold to be approximately five per cent of a population using

the Internet in SSA. These thresholds are in the lower end of the 4.5 - 20 per cent interval,

however, and Gillwald and Mothobi (2019) find the critical threshold to be 20 per cent. Since our

study uses the critical threshold of 15 per cent, potential limitations following extreme threshold

values at the different ends of the interval might be avoided. Furthermore, while different

threshold levels could potentially cause the SCM results to be more or less robust, The Gambia

has nonetheless been exposed to higher levels of Internet penetration than the donor pool.

Choosing another threshold level would not cause that relationship to change but would justify a

different selection of  intervention year, pre-intervention period and post-intervention period.

5 Data

In order to use the Synthetic Control Method to study the causal effect of above-threshold

Internet penetration on primary school completion rate, three different types of panel data are

collected for all countries where data is available in SSA. Firstly, data on Internet usage is

collected for all SSA countries to determine the donor pool. Secondly, data on educational

outcomes in countries within the donor pool is collected. Lastly, data on the selected predictor

variables are collected for the treatment country as well as the countries within the donor pool.

All variables used are in relation to the population size, either by default or adjusted accordingly.

The summarised data is available in Appendix A. Collected data is moreover divided into

pre-intervention data and post-intervention data. The selection of donor pool countries is

furthermore defined, and limitations are presented.

5.1 Selection of  intervention year

Based on the selected 15 per cent threshold level of Internet penetration, 2014 is the year when

The Gambia surpassed the critical threshold level, which will be considered the intervention year.
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The pre-intervention period thus stretches from 1990 until 2013, and the post-intervention

period stretches from 2014 up until 201716.

5.2 Donor pool countries

To make sure that SGA does not get affected by above-threshold Internet penetration in donor

pool countries, an exclusion of countries in SSA that are not suitable for the donor pool has been

made. Firstly, in accordance with section 2.1, the study only includes countries in SSA since

countries within the same macro-region are considered comparable. The Republic of South

Sudan (South Sudan) and the Republic of Sudan (Sudan) have been excluded due to the recent

independence of South Sudan on July 9 2011 (United States Institute of Peace n.d.). Due to the

difficulties of separating data for the countries respectively, these two countries are excluded

from the donor pool.

After these exclusions were made, all countries with an Internet penetration exceeding the 15 per

cent threshold are considered to be treated by the intervention. All countries at the end of the

post-intervention period, in the year 2017, exceeding an Internet penetration of 15 per cent are

thus excluded from the donor pool. All remaining countries, not exceeding the 15 per cent

threshold between 2014 and 2017 can thus be included in the donor pool for SGA. Due to a

general lack of data availability, some additional countries had to be excluded from the donor

pool. The following countries were excluded due to a lack of data; the Central African Republic,

the Republic of the Congo (Congo), the Union of Comoros (Comoros), the Republic of Malawi

(Malawi), the Republic of Sierra Leone (Sierra Leone), the Federal Republic of Somalia (Somalia),

the Republic of  Uganda (Uganda), and the Republic of  Zambia (Zambia).

In accordance with Section 4.5, the available remaining donor pool countries were researched in

regard to potential idiosyncratic shocks and major policy changes. Out of the remaining available

donor pool countries, the Republic of Burundi (Burundi) showed signs of an idiosyncratic shock

in 1993 whereafter the primary school completion rate dropped heavily (see Figure 3). In

October 1993, the first democratically elected president was assassinated in a coup attempt

which subsequently led to the start of the civil war in Burundi (Verwimp and Van Bavel 2014).

Verwimp and Van Bavel (2014) further highlight that the primary school completion rate

dropped by almost four percentage units, significant at the one per cent level, for children

16 Data availability is lacking for several countries after 2017 in combination with several donor pool countries
reaching the critical threshold of  15 per cent Internet penetration thereafter.
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exposed to the violent conflict in Burundi. Following Abadie (2021), donor pool units with

idiosyncratic shocks affecting the main outcome variable should be excluded to minimise the

limitations of  the SCM. Burundi is thus excluded from the donor pool in our study.

Figure 3: Primary school completion rate in Burundi

Source: Data for 1990-2017 provided by the World Bank

The remaining countries that are included in the final donor pool for Synthetic The Gambia are;

Burkina Faso, the Republic of Chad (Chad), the State of Eritrea (Eritrea), the Republic of

Madagascar (Madagascar), the Republic of Mozambique (Mozambique), the Republic of the

Niger (Niger), and the Togolese Republic (Togo).

5.3 Variables

The dataset used in the study is sourced from the World Bank through the STATA-connected

database called “wbopendata”17. The database is built on the main World Bank collections of

different development indicators. The World Bank, in turn, sources data from different official

international institutions. Firstly, all indicators within the topic of infrastructure were gathered to

gain access to our intervention variable for all countries in SSA. Subsequently, all indicators

within the topic of education were collected to gain access to our main outcome variable and

different predictor variables used in the study.

17 Available for download through
https://datahelpdesk.worldbank.org/knowledgebase/articles/889464-wbopendata-stata-module-to-access-world-ba
nk-data
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5.3.1 Main outcome variable

Primary school completion rate: The main outcome variable used to measure educational outcome is

the primary school completion rate as a percentage of the relevant age group. According to the

World Bank (n.d.b), the variable is frequently being used as a core indicator for the performance

of an education system. The variable is measured by the number of students enrolled minus

repeaters in the last year of primary school, divided by the population of students in the age

group which should attend the last year of  primary school.

5.3.2 Intervention variable

Individuals using the Internet: The intervention variable, which delimits which countries can be

included within the donor pool for SGA, measures the percentage of individuals using the

Internet in relation to the population size. The data is based on how many individuals used the

Internet by computer, mobile, digital assistant, game machines, television, et. cetera. during the

last three months.

5.3.3 Predictor variables

To construct SGA, six different predictor variables are selected using the methodology explained

in section 4.3.

Primary school completion rate: Firstly, the lagged main outcome variable, primary school completion

rate, will be used as an important predictor variable. According to McClelland and Gault (2017),

using the lagged main outcome variable avoids the potential omitted predictors’ effect since the

lagged main outcome variable takes potentially omitted predictor variables into account.

Including the lagged main outcome variable as a predictor for only some of the pre-treatment

years is conventional practice since including all pretreatment years would result in an elimination

of  the effect of  all other predictor variables (McClelland and Gault 2017).

Population aged 0-14: The percentage of individuals aged between 0 and 14 years old in relation to

the total population will be used to account for differences in the age group, mostly relevant to

the primary school completion rate. Cerqua and Di Pietro (2017) have similarly used the

proportion of  individuals aged below 20 in their SCM study on educational outcomes.
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Pupil-teacher ratio primary school: The pupil-teacher ratio for primary education is used as a predictor

since a higher ratio might lead to better education system performance, and the same predictor

variable is used in the SCM study on educational outcomes by Anghel et al. (2015).

Probability of children dying: The probability of children between the ages of 5-9 and 10-14 dying

will be used as predictors since it accounts for the health status of the relevant age group as well

as an indicator of the country's socioeconomic status. Pieters et al. (2014) conducted an SCM

study on child mortality where primary school completion rate was used as a predictor variable,

strengthening the argument for an important connection between the two variables.

GDP per capita, constant 2010 (US dollars): Lastly, GDP real per capita will be added as a predictor

of a country's overall economic development during the pre-intervention period, and GDP per

capita as a predictor variable has similarly been used in the SCM study by Cerqua and Di Pietro

(2017) on educational outcomes.

5.4 Data limitations

The main data limitation in this study has been missing observations for a number of variables,

countries and periods. To resolve the issue of missing observations, mean imputation has been

conducted to replace missing observations with mean values of the closest observations.

Countries considered to have too many missing data observations were excluded from the

selection in section 5.2. The percentage of variable samples where missing values have been

replaced using mean imputation is presented in Table 1.

Table 1: Mean imputation

Source: Data provided by the World Bank for the period of  1990-2017, with mean imputation

conducted by the authors

Furthermore, Eritrea missed observations for GDP per capita, constant 2010 (US dollars) for the

period of 2012-2017 as well as the period 1990-1991. These missing values have been replaced by
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GDP data provided by the International Monetary Fund (IMF) database18. Real GDP growth

(%) for Eritrea has been used to manually calculate missing values, using the latest available

observation from the World Bank dataset.

6 Results

The empirical results from the study are presented in the section below. Firstly, the result of the

data-driven construction of Synthetic The Gambia is presented with corresponding donor pool

country weights. Secondly, the comparison between The Gambia and Synthetic The Gambia in

regards to primary school completion rate is presented. Lastly, the results from several placebo

tests and one robustness test on the primary school completion rate are presented.

6.1 Constructing Synthetic The Gambia

Following the empirical methodology explained in section 4.2, the weights of each country in the

donor pool are calculated. The construction of SGA requires choosing a combination of

predictor variables resulting in the lowest possible RMSPE. Minimising the RMSPE will ensure

that both SCM closeness criteria are fulfilled, namely the closeness of characteristics

pre-intervention and the closeness of  outcomes pre-intervention.

6.1.1 Selecting predictor variables

According to section 4.3, the predictor variables are chosen through a literature-driven approach.

Subsequently, the primary school completion rate is lagged, and the main outcome variable is

included as a predictor variable. All possible combinations of the other predictor variables are

then tested using a data-driven approach with the goal of minimising the RMSPE. The

comparison of different predictor combinations is presented in Table 2, where the predictor

combination in row 20 results in the lowest RMSPE. The best combination includes seven

predictors; five predictors of the lagged primary school completion rate, the probability of

children (5-9 years old) dying and the probability of children (10-14 years old) dying. For this

combination of predictors, the RMSPE is 7.68753, which is the mean difference between GA

and SGA in the pre-intervention period.

18 Available at https://www.imf.org/en/Data.
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Table 2: Test of  predictor combinations

Source: Data for 1990-2017 provided by the World Bank and missing values for Eritrea are

replaced with data provided by the International Monetary Fund

6.1.2 Comparison of  outcomes for SGA and GA

If the primary school completion rate for SGA follows the curve for GA closely

pre-intervention, then the two closeness criteria of the SCM are considered fulfilled. The

difference between SGA and GA is, on average, 7.69 percentage points in the pre-intervention

period. As visible in Figure 4, there is a visible trend that SGA’s outcome follows that of GA.

The plotted lines tend to differ at times, and even though the difference is larger during some

pre-intervention years, we conclude that the plotted lines follow each other more closely during

the pre-intervention period than during the post-intervention period. The difference between the

primary school completion rates of SGA and GA is larger in the post-intervention period than at

any time during the pre-intervention period.
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Figure 4: Comparison of  GA and SGA

Source: Data for 1990-2017 provided by the World Bank

Additionally, in order to validify the chosen selection of predictor variables for SGA, the

predictor values for SGA are compared with the average control values, see results in Table 3.

The average control (AC) denotes the mean for the respective predictor variable, where all

countries within the donor pool are included with equal weights. The differences, in percentage

values, between the predictor values of SGA and GA are presented in column five (SCM Bias).

The differences in percentage values between the predictor values of GA and the AC values are

presented in column seven (AC Bias). The SCM Bias percentage value is the smallest for the

primary school completion rate (1997, 2007) and the probability of children (aged 10-14) dying,

meaning that those predictor variables produce the best estimates for the actual outcome of GA.

The SCM Bias percentage values for primary school completion rate (1992, 2002) and the

probability of children (aged 5-9) dying greatly outperform the AC Bias percentage values,

meaning that the constructed SGA has a greater fit than the average mean within the donor

pool. Using the SCM for our study thus produces a better estimation than an average control of

the donor pool.

The assigned predictor weights are furthermore presented in Table 3, with the predictor variables

in column one and their respective weights in column two. The SCM Bias percentage value for

primary school completion rate (2012 lag) is nearly as large, in absolute terms, as the AC Bias

percentage value resulting in a very low assigned predictor weight. In addition, 79.71 per cent of

total predictor weights are assigned to lagged primary school completion rate variables.
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According to McClelland and Gault (2017), the lagged main outcome variable is typically the best

predictor within an SCM study, and the level of 79.71 per cent of total predictor weights for the

lagged main outcome variable is in line with the level in the study by Abadie, Diamond, and

Hainmueller (2010).

Table 3: Predictor values pre-treatment

Source: Data for 1990-2017 provided by the World Bank

Furthermore, the assigned weights of the countries within the donor pool are presented in Table

4. The SCM assigns most of the weight to Togo (78.30%), which can be explained by the fact

that Togo displays similar characteristics to those of The Gambia. Togo has a higher primary

school completion rate than The Gambia during the period of 2000 to 2013, when most other

donor pool countries have lower primary school completion rates, see Figure 9 in Appendix B.

Madagascar displays similar trends as The Gambia from the year 2000 onwards with lower

outcome values prior to the year 2000. Burkina Faso displays lower outcome values than The

Gambia for the entire duration of the pre-intervention period. The combination of these three

donor pool countries thus provides a great combination for the predicted path of  SGA.

Table 4: Country weights for SGA

Source: Data for 1990-2017 provided by the World Bank
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To conclude, predictor variable weights and donor pool country weights construct the predicted

outcome for SGA. The predicted pre-intervention path for SGA is noisier than expected, not

closely resembling the actual outcome of GA. The results have fulfilled the criteria of the SCM,

however, and the estimation can thus be used to study the effect on primary school completion

rate.

6.2 Treatment effect on primary completion

The difference in primary school completion rate between GA and SGA shows the effect of

above-threshold Internet penetration on primary school completion rate. Figure 5 displays the

difference in outcome for GA and SGA pre-intervention and post-intervention. Prior to the

intervention year, the goal is for the treatment effect to be as close to zero as possible. The

treatment effect ranges from approximately -10 to +10 per cent during the entire

pre-intervention period, with the exception of some minor deviations in 1994 and 2006 and one

larger deviation in 1999.

Figure 5: Treatment effect

Source: Data for 1990-2017 provided by the World Bank

Post-intervention, the treatment effect is largely negative for the entire period. The results of the

intervention are presented in Table 5, and the average treatment effect post-intervention is

-15.38 percentage points with an average negative change of 20.71 per cent. The treatment effect

is increasingly negative for all years up until 2017, in which the treatment effect is decreasingly

negative. The difference in 2017 might point to differing short-term and long-term effects, but

since the post-intervention period only stretches over a period of four years, it is difficult to draw
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any conclusions based solely on this. The negative treatment effect post-intervention thus means

that above-threshold Internet penetration has a negative effect on primary school completion

rate, which stands in contrast to our prior hypothesis.

Table 5: Treatment effect on primary completion

Source: Data for 1990-2017 provided by the World Bank

6.3 Placebo tests and robustness tests

In accordance with section 4.2.2, the results need further validation through the creation of

several placebo tests and a robustness test. The tests are conducted to ensure that the treatment

effect actually depends on above-threshold Internet penetration, and all tests follow the

approach by Abadie, Diamond, and Hainmueller (2015). Firstly, an in-time placebo test is

conducted to see if a change of intervention year would affect the results. Secondly, an in-space

placebo test is conducted to see if a change of treatment country would affect the results. Lastly,

a LOO robustness test to see if the results are affected by one of the donor pool countries

included in the construction of  SGA.

6.3.1 In-time placebo test

The in-time placebo test is generated by artificially setting the intervention year to an earlier year

than the actual intervention year. A manipulated result is then created using the new artificial

intervention years. The in-time placebo test is conducted using three different intervention years;

2000, 2005 and 2010. The results are presented in Figure 6 and Table 6.
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2000 2005 2010

Figure 6: In-time placebo tests

Source: Data for 1990-2017 provided by the World Bank

For all the in-time placebo tests, average treatment effects are negative but not to the same extent

as when using the actual intervention year. The divergence of treatment effects might be due to

several factors. Firstly, the critical threshold for Internet penetration might need adjustment since

ICT diffusion might impact primary school completion rates earlier than expected. Secondly,

other factors than Internet penetration could potentially explain the decrease in primary school

completion rate in The Gambia, subsequently lowering the validity of  our results.

Table 6: In-time placebo tests

Source: Data for 1990-2017 provided by the World Bank

6.3.2 In-space placebo test

The in-space placebo test allocates the intervention to another country than the treatment

country and repeats the test for all countries within the donor pool. If other countries than the

treated country display similar treatment effects to that of GA, other factors affect the primary

school completion rate negatively since none of the donor pool countries has been exposed to

above-threshold Internet penetration.
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Figure 7: In-space placebo test

Source: Data for 1990-2017 provided by the World Bank

Figure 7 displays the results of the in-space placebo test. The test shows that The Gambia is not

the only country with a negative treatment effect on the primary school completion rate. The

in-space placebo test was repeated, excluding countries with two times the RMSPE19, a

conventional practice for SCM studies, but the results are similar to the ones presented in Figure

7.

6.3.3 Leave-One-Out robustness test

To further validify the results in section 6.2, a LOO robustness test is conducted. The test

evaluates if the main outcome variable is affected by one or a few other donor pool countries.

Figure 8 and Table 7 display the test results in the case that one of the positively weighted donor

pool countries (Togo, Madagascar, or Burkina Faso) was left out of the sample. If Togo is

excluded from the sample, the treatment effect on primary school completion rate would have

been positive. With Togo included in the sample, the results display the opposite effect. Togo

thus affects the SCM estimation negatively, weakening the validity of  our results.

19 See Figure 10 in Appendix B.
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Figure 8: Leave-One-Out robustness test

Source: Data for 1990-2017 provided by the World Bank

Table 7: Leave-One-Out robustness test

Source: Data for 1990-2017 provided by the World Bank

To conclude, the placebo tests together with the robustness test, display a weak validity of the

results presented in section 6.2. The in-time placebo test points to the fact the treatment effect is

somewhat affected by the time of the intervention, but the in-space placebo test together with

the robustness test point to the fact that other factors than the intervention itself, especially

those affecting Togo, have an impact on the primary school completion rate.

7 Discussion

As presented in section 6, the results presented display weak validity. In accordance with the

robustness test, if one of the donor pool countries had been excluded from the sample, the

treatment effect of the intervention would have been positive instead of negative. The weak

validity of the results subsequently means that the empirical research in this paper is considered

to yield a null result, rejecting our hypothesis of  a positive relation.
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Since the use of the SCM with the selected intervention and research design leads to a null result,

one might question if the effect of ICT diffusion on educational attainment is an effect of

research design or a signal of an actual zero effect. Previous research displays empirical evidence

in support of varying conclusions, both in line with a positive relationship between ICT and

education and in line with a zero effect. Empirical support for the positive impact of ICT on

educational performance is presented by Kho, Lakdawala, and Nakasone (2018) as well as by

Bianchi, Song, and Lu (2020). Bagchi (2005) finds support for a correlation between ICT and

educational attainment, controlling for income levels, and Asongu and Odhiambo (2019) find

empirical support for a positive impact only for countries with below-median educational quality.

In contrast to these studies, several scholars provide empirical evidence for a zero result on the

relationship between ICT and educational performance (cf. Faber, Sanchis-Guarner, and

Weinhardt 2015; Fairlie and Robinson 2013; Malamud et al. 2018; Bessone, Dahis, and Ho 2020)

as well as a zero result on the relationship between ICT and years of schooling (Baliamoune-Lutz

2003). In line with contrasting prior research, the null result yielded in this paper is thus not

considered unexpected.

Despite the null result in this particular context, the authors consider the SCM a good

identification strategy since the research question is broader than other related studies, where

specific mechanisms are isolated. Previous literature has studied particular mechanisms such as

assigning computers to children’s homes or providing children with laptops using randomised

control studies where the causal impact of those specific mechanisms can be isolated (cf. Fairlie

and Robinson 2013; Malamud et al. 2018). Since the research question asked in this paper tries to

address the national-level effects of broad Internet penetration on primary completion, the

chosen methodology provides the means to do so. Furthermore, the comparison between SCM

Bias values and AC Bias values in section 6.1.2 prove that the SCM creates a better estimation

than an average control of the donor pool, strengthening the argument for the choice of

identification strategy.

The treatment effect of above-threshold Internet penetration on primary school completion rate,

presented in section 6.2, might be affected by several factors. Firstly, the primary school

completion rate of Togo clearly demonstrates that other determinants affect the main outcome

variable. Secondly, the application of the SCM to the selected intervention give rise to several

methodological limitations that need to be considered in relation to the results.
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As presented in Figure 9 (Appendix B), Togo’s primary school completion rate has increased

substantially from very low rates to the highest completion rate out of donor pool countries and

The Gambia in recent years. The substantial improvement in primary school completion rate,

despite the fact that Togo is one of the countries with below-threshold Internet penetration,

clearly demonstrates that other determinants are important for primary school completion rate.

The LOO robustness test conducted in section 6.3.3 demonstrates predicted treatment effects in

the case that one of the positively weighted donor pool countries is left out of the sample. The

lowest predicted LOO-path shows that the treatment effect of above-threshold Internet

penetration would be positive in the case that Togo was excluded from the donor pool. Other

determinants thus seem to have a great impact on primary school completion, and this is in line

with previous research stating that factors of economic development and religious affiliation

impact our main outcome variable (Daun 2000).

The application of SCM in this particular research context furthermore leads to several

limitations. The lack of available data, SCM exclusion criteria and the fact that many countries in

SSA have reached the critical threshold level for Internet penetration led to a relatively small

donor pool with only seven included countries. A larger donor pool might have resulted in a

predicted fit more closely resembling the actual pre-intervention outcome. Several countries

within the donor pool furthermore lacked data observations leading to the use of mean

imputation, although the low percentage of observations replaced using mean imputation should

not significantly affect the results. The selection of a critical threshold level for Internet

penetration furthermore affects the results as well as the pre-treatment and post-treatment

period. The in-time placebo tests (Figure 6 presented in section 6.3.1) demonstrate that the

negative treatment effect, albeit with weak validity, exists long before the chosen intervention

year. Internet penetration might thus affect educational attainment long before it reaches the

threshold of 15 per cent, meaning that the critical threshold might be lower, as suggested by

some scholars and as previously mentioned. Lastly, qualitative research was conducted to identify

potential idiosyncratic shocks20, whereas a data-driven approach to identifying such shocks might

have improved donor pool validity.

The fact that using the SCM to study the effect of ICT diffusion on education yields a null result

in this context does not necessarily mean that ICT has no impact on education. Being able to

isolate the causal relationship in this context proved concerning, however, and more research

20 Since idiosyncratic shocks to the main outcome variable are one exclusion criteria for the SCM.
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should be conducted on the topic since scholars reach contrasting conclusions. As suggestions

for future research, the authors propose the use of the newly developed Augmented Synthetic

Control Method (Ben-Michael, Feller, and Rothstein 2021). The Augmented SCM allows for

negative weights, something which could have greatly improved the pre-treatment fit in our

paper21 since many of the donor pool countries have lower primary school completion rates than

The Gambia. Furthermore, the research on the relationship between ICT and education should

be expanded to differentiate between primary, secondary and tertiary education since ICT might

interact differently with education depending on the educational complexity. Lastly, the authors

propose broader empirical research defining all determinants of educational attainment in order

to understand in which way the interplay of  several determinants impacts education.

8 Conclusion

The region of sub-Saharan Africa is particularly affected by digital inequalities and an

overrepresentation of children out of school (Roser and Ortiz-Ospina 2013; Roser, Ritchie, and

Ortiz-Ospina 2015). While ICTs have been identified by the United Nations as important to

achieve SDG 4, related to primary and secondary education, research on the relationship

between ICT and education is lacking (Lim et al. 2020). This study addresses the research gap

through the application of the SCM and a critical threshold level of Internet penetration to study

the impact on primary school completion in SSA. While the evidence for the actual outcome of

The Gambia compared with the synthetic counterfactual displays a negative treatment effect on

primary school completion, placebo- and robustness tests show weak validity.

Limitations put forth by the SCM in the specific context yield a null result and leave room for

future research to address the relationship between ICT and educational outcomes. We

encourage further research using the newly developed Augmented SCM, as well as broader

research into the interplay of determinants of educational performance and educational

attainment. ICT might also interact differently with the school setting depending on the

educational level, which is why future studies should expand upon secondary and tertiary

education, not covered in this study.

21 The Augmented SCM developed by Ben-Michael, Feller and Rothstein in 2021 is not yet compatible with STATA
to the best of  the authors’ knowledge, which is why it was not used in this study.
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Appendix A: Data

Table 8: Data information
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Appendix B: Additional Results

Figure 9: Primary school completion rate

Source: Data for 1990-2017 provided by the World Bank

Figure 10: In-space placebo test excluding countries with above two times RMSPE

Source: Data for 1990-2017 provided by the World Bank
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