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1. Introduction

In Sub-Saharan Africa (SSA), the COVID-19 pandemic resulted in a significant contraction of
economic activity. After an unprecedented decline of GDP per capita of, on average, 4.5% in 2020,
the region recovered in 2021 and is expected to expand again in 2022 and 2023 (IMF, 2022; World
Bank, 2022). However, these figures do not consider the persistence of the impact of the pandemic
on some dimensions of human development and their potential long-run consequences. One of

these dimensions is the effect of the pandemic on education.

Like almost everywhere in the world, SSA schools closed their doors to mitigate the spread of the
COVID-19 virus. In most countries, schools remained closed over long periods in 2020 and 2021,
adding up to a loss of more than 50% of instruction time (UNESCO, 2022). Available evidence
for other parts of the world suggests large negative effects of school closures on schooling
achievements, particularly among children from disadvantaged background (see e.g. the reviews by
Betthduser et al., 2023; Hammerstein et al., 2021; Werner and Woessmann, 2021; Zierer, 2021).
However, as highlighted by Betthauser et al. (2023), among others, the lack of research on this is

particularly significant in low-income countries.

The scant existing evidence for SSA countries confirms the negative effect on education, as
revealed by the simulation of associated learning losses (Angtist et al., 2021; Azevedo et al., 2021),
comparing data on reading pre- and post-school closures (Ardington et al., 2021), or reports on
learning activity (or lack thereof) of children during school closures collected through household-
level data from telephone-surveys (Dang et al, 2021). The evidence suggests that the effect on
education has been different for children depending on their socioeconomic background. The
long-term effects of the pandemic on education inequality could be strong enough to reduce

intergenerational mobility and produce higher labor income inequality in the future.

To the best of our knowledge, this is the first study analyzing the long-run impact of the pandemic
on educational achievements and intergenerational mobility for SSA. Adopting the
microsimulation framework proposed by Neidhofer et al. (2021), we nowcast the potential effect
of instructional losses on educational achievements and project their future implications for

secondary school completion rates and intergenerational educational mobility.' Our analysis

! Nowcasting is a term that combines the words “now” and “forecasting”. Essentially, it is the prediction of current
outcomes using information that is published early and often at a higher frequency than the target variable of interest.
This term is primarily used in macroeconomics, where the information on current macroeconomic outcomes is
available with a certain delay. Economists attempt to estimate the current state of these outcomes using data that is
available earlier. The main goal is to provide an eatly estimate of the current status of the outcomes. In our paper, we
aim to assess the long-term effects of the recent COVID-19 pandemic on education. Through a model of educational
learning losses, using individual level data, we simulate the educational losses of cohorts affected by the COVID-19
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focuses on eight Sub-Saharan African countries: Ethiopia, Ghana, Kenya, Liberia, Malawi, Nigeria,
South Africa, and Tanzania. We perform the simulations for the country as a whole, by parental
educational background, by gender, and for rural and urban areas. We explain our approach in
detail in the nontechnical summary and the presentation of the formal model in the main body of

the article.

To estimate the education supply shock, we collect data on the duration of school closures and
mitigation policies implemented by governments to support learning from home during periods of
school closures. In addition, we estimate the distribution of access to the internet in each country.
We begin by nowcasting the potential consequences of instructional losses due to school closures
on educational attainments by using pre-pandemic nationally representative household surveys that
include information on educational attainment of individuals and their parents’ educational
background. Then, we project the effect on secondary school completion rates and
intergenerational mobility. When estimating the impact by gender, we also consider the potential
increase in teenage pregnancy rates caused by the pandemic and its effect on school attendance.
Finally, we simulate the capacity of policies to mitigate the impact of school closures on education

through the provision of offline and online remote learning.

Our main results suggest that the pandemic will have a significant and persistent negative effect on
educational inequality and its intergenerational persistence in SSA. On average, among the eight
countries in our sample, secondary school completion rates decrease by 12 percentage points
overall and by 16 points for children with low-educated parents. Interestingly, in most countties,
the gender gap diminishes because the projected decrease in secondary school completion is higher
for men. However, a small additional effect on girls’ education due to the COVID-19 induced rise
in teenage pregnancy is estimated in some countries. Intergenerational mobility of education in the
eight Sub-Saharan countries in our sample is expected to decrease, on average, by 10%. These
findings indicate the importance of remedial actions that should be taken to prevent the likely and
unprecedented decrease in human capital that could potentially offset years of favorable
development in creating opportunities. Our microsimulations must inevitably rely on a number of
assumptions which are described in detail in Section 2.1.2. To assess their validity, we either test
how changing them would affect the results in a series of robustness checks or explain how altering
them is likely to impact the effects. Although order of magnitudes vary in some cases, the results

are consistent, even if assumptions are relaxed or changed.

shock. We started this project in early 2021, so our estimates are based on the most recent (pre-pandemic) data available
at that time. That is why we refer to our estimates as a “nowcast” of the learning losses occurred during the pandemic.
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The remainder of the paper is structured as follows: Section 2 presents the methodology adopted
to estimate the impact of the pandemic on intergenerational mobility and describes the data.
Section 3 reports our results on the impact of COVID-19 on education in SSA while highlighting
heterogeneities by parental background and gender, presenting estimates on the additional effect
of increasing teenage pregnancy due to the pandemic on education. Furthermore, the mitigation

effect of policies is evaluated. Section 7 concludes.

2. Methodology and Data

2.1 Simulation of the impact of COVID-19 on educational achievements

2.1.1 Non-technical summary

As indicated, we follow the simulation methodology proposed by Neidhofer et al. (2021) to
nowcast the impact of instructional losses on educational achievements and estimate the resulting
impact on secondary school completion rates and intergenerational mobility of education through
a counterfactual exercise.” As done elsewhere in the literature, we assume that there is 2 human
capital production function where the production factors are schooling, through in-person classes
and remotely, and the family (e.g. Hanushek and Woessmann, 2012).” The approach builds on
measuring the amount of instructional time lost due to the closure of educational facilities (see e.g.
Abadzi, 2009; Adda, 2016) and considers asymmetries in the response of countries and the families’
capabilities to cushion instructional disruptions. The main component driving the shock to human
capital is the loss in instructional time suffered by children due to school lockdowns during the
pandemic. Families may hereby partly or perfectly substitute formal schooling depending on the
highest educational degree attained by parents. For example, parents with tertiary education are
assumed to be able to perfectly substitute in-person schooling. An additional channel causing
instructional losses is the likelihood of infection and death within the family, approximated by the

relative number of COVID-19 cases and deaths per inhabitant.

Figure 1 shows a schematic representation of the functioning of our model. In a regular school
year, parental inputs and school inputs contribute to children’s education. The pandemic shock
brings in a number of additional factors. Due to the closure of educational facilities, in-person

school inputs are only available when schools are open. However, during school closures education

2 Strictly speaking, we are estimating the intergenerational persistence of human capital.

3 A further production factor are innate abilities. While, we would not have the necessary data to incorporate them in
the analysis, we expect innate abilities not to be affected by the pandemic. Hence, we focus on the role played by the
two other factors.
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systems provide remote online and offline learning tools. While we assume offline resources are
available for all children, access to online resources depends on the existing internet infrastructure
and its distribution. If governments (or other education providers) can replace in-person with
remote learning in full, there would not be any instructional losses. However, if nothing else,
internet access is not universal so it is quite unlikely that such a scenario could materialize. Another
source of compensation is parental involvement in remote learning. We assume that the extent of
compensation through this channel depends on the parents’ socioeconomic status, measured by
their level of education. This is how children’s background affects instructional losses differentially.
Finally, other shocks due to COVID-19 (health, pregnancy, income losses) can affect education

negatively because of its impact on demand for schooling.

Given the limited time that has elapsed since the pandemic, we cannot use actual data to
econometrically identify the impact of the pandemic on intergenerational mobility. As an alternative,
to estimate the potential future impact we construct a counterfactual scenario. This involves
simulating the shock using groups of individuals who had completed their education shortly before
the pandemic (see the explanation of the data in Section 2.3.1). The underlying assumption is that
these individuals are similar enough to those affected by the pandemic for the simulation to predict

effects fairly accurately (see more details under item (3) right below).

2.1.2 Assumptions

The procedure we use is necessarily based on a series of assumptions. We will either explain how
altering these assumptions would impact the estimates or test them in a robustness check. To
ensure that we do not overestimate the instructional loss when choosing between different
assumptions, we always choose the one that is more likely to result in downward bias rather than
upward bias in our estimates. Here, we will list our procedure’s assumptions and potential
limitations, discuss each of these, and explain why the results are consistent when assumptions are
relaxed. In later sections, we will discuss them in more detail with reference to the performed

robustness checks.

(1) The human capital production function adopted in our model includes schooling and parental
inputs. Parental inputs are closely linked to parental resources (e.g. Becker and Tomes, 1979,
1986), which in our analysis are proxied by parental education (see also Black and Devereux,
2011). In line with theories of intergenerational mobility (e.g. Becker et al., 2018), we assume
that any factors that enhance human capital investments, such as the quantity and quality of
monetary and non-monetary investments made in children's education (including school
quality, tutoring, extra-curricular activities etc.), are positively correlated with parental resources.
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One limitation of using parental education as a measure of a child's learning during school
closures is that it does not consider other factors that may influence a parent’s ability to teach
their child effectively. These factors can include the parent's teaching skills and personality, as
well as their profession. For example, parents who are teachers themselves or who have patient
personalities may be more effective at substituting for school closures. Our analysis does not
consider these potential differences within parental education groups. Considering them should
not change the results obtained for the impact of the pandemic across socioeconomic groups
because, if anything, the ability to minimize instructional losses for children with higher
socioeconomic status would be even greater since parents with better teaching abilities are likely
to have more formal education.

The main measure of school inputs used in the model is days of instruction (i.e., days in which
schools are open), with a measure of remote learning calculated to estimate the reduction in
instructional losses during school closures. In our main specification, the combination of
remote learning through offline and online tools can potentially substitute a day of in-person
classes fully. Giving lower weights to remote learning days with respect to in-class instruction
would increase the instructional losses and yield estimates that show an even stronger impact
on educational attainments and mobility. So, our results are closer to a lower bound.

In order to simulate a counterfactual, the simulations of instructional loss and the resulting
changes in intergenerational mobility are conducted on a sample of individuals who are older
than 18 and have completed their education. Hereby, we restrict the sample to those born
between 1987 and 1994, who are the youngest possible respondents fulfilling the chosen age
restriction. Because they are rather close in time to those in school during the COVID-19
pandemic, we expect that the composition of our sampled individuals, in terms of factors such
as gender and parental education, does not differ substantially and that potential differences do
not affect the estimates. In other words, we treat our sampled individuals as a laboratory by
assuming that they are the best available proxy to simulate the impact of the pandemic shock
on individuals that are currently in school. In the Appendix, we relax this assumption by
reweighting the observations in our sample such that the composition by parental background
resembles the composition of the cohorts in school during 2020. The results of this additional
exercise are consistent with our main estimates.

The instructional loss is not cumulative, meaning that students do not forget what they have
learned before the school closures and that their education is only affected during the pandemic
years and not thereafter. As shown in one of the robustness checks included in the Appendix,
considering cumulative learning losses increases the negative impact of COVID-19 on

education.
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A day of instructional loss always counts the same regardless of the age and grade. This is in
line with the findings of the meta-analysis by Betthauser et al. (2023), which found that the
effects of school closures due to COVID-19 do not vary significantly across different ages and
grades.

The days schools remained closed and the extensiveness of mitigation measures vary across
countries but not within countries (no differences across regions). While we do not have
information on school closures disaggregated by subnational regions, we can at least observe
the number of weeks that schools were fully closed in the whole country as opposed to being
partially closed, i.e. closed in only in some parts of the country or with shorter days of
instruction. In a robustness check, we only consider days of countrywide school closures as
days of lost instruction while we treat the days of partial school closures as if regular schooling
would have taken place. The estimates—albeit lower—does not significantly differ from the
main results.

We consider the quantity of (in-class and remote) education but not its quality. If one assumes
that the quantity and quality of human capital investments are positively correlated across
households (see e.g. Gruijters and Behrman, 2020), estimates considering the differences in the
quality of remote instruction would yield an even stronger inequality in instructional losses
across advantaged and disadvantaged children.’

We incorporate the effect of health shocks on instructional losses based on existing research
on COVID-19 and the impact of health-related events on education. However, in our model
the contribution of health shocks to the overall impact on instructional losses is relatively low
compared to other factors, such as school closures and remote learning. Therefore, modifying
the numbers associated with health shocks would have minimal impact on the overall estimates.
The threshold for completing secondary education is set at 12 full years of education, which is
the typical length of study in the countries analyzed and is associated with a completed
secondary degree. Individuals whose counterfactual education falls below this threshold after
the simulation are classified as individuals with incomplete secondary education. In this case,
one could argue that our estimates are more an upper than a lower bound given that we treat a
loss of 1 day identically to the loss of a full school year. In robustness checks, we relax this

assumption by allowing children to be unaffected by small instructional losses: e.g., if less than

#'The quality of education can also vary considerably across countries. As shown by Filmer et al. (2020) Learning-
adjusted years of schooling, which consider the quality of education, rather than just its quantity, are substantially lower
than aggregate measures of years of schooling. This is particularly true in developing countries. While this is surely a
very interesting aspect, since in our analysis the measure of interest is the within-country difference between the
education in a regular year and in a counterfactual year characterized by the pandemic, considering a factor that varies
at the cross country level and would affect similarly both sides of the equation (such as a factor converting years of
education into LAYS) would not change our measures of interest.
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25% and 50% percent of one regular school year, we assume that the instructional loss was
zero. However, because in most cases instruction days lost over the years 2020 and 2021 were
above these thresholds, the impact on high-school completion rates in all but one country is
substantially the same.

(10)  The baseline exercise does not consider additional effects of the pandemic on the
externalities associated with schooling, such as nutrition, mental health, and non-cognitive skills.
If these effects were taken into account, the impact of the pandemic on intergenerational
mobility and inequality in educational achievements would likely be stronger.

(11)  Due to the lack of data to directly measure the impact of the pandemic on intergenerational
mobility in the African countries in our sample it is not possible to directly validate the
predictions of our model. Despite these limitations, we attempt to validate our results by, firstly,
contextualizing our estimates within the current literature on the impact of the pandemic on
education and, secondly, using alternative data sources. Appendix C in the Supplemental
Material shows a comparative analysis of the parameters used in our model with these
additional sources of information. Comparisons with indicators such as the percentage of
households involved in learning recovery activities, duration of school closures, and types of
recovery actions suggest qualitative consistency of real-time data with our model and the

estimates.

2.1.3 Model formalization

The core of the simulation exercise by Neidhofer et al. (2021) is to estimate the instructional loss
of cohorts who are currently in school by constructing a counterfactual human capital equivalent
for each individual in the sample, which encompasses individuals belonging to cohorts that
completed their schooling ptior to the onset of the pandemic.” This counterfactual assessment aims
to determine the level of education an individual would have attained if they had experienced the

pandemic while still enrolled in their country of residence. The counterfactual education € is

defined as:

5 Monroy-Gomez-Franco et al. (2021) extend the methodology proposed by Neidhéfer et al. (2021) to, first, include
parental income as further component of the model and, second, consider the additional impact of instructional losses
in the short-run on cumulative learning losses. For the first extension, information on parental income is required,
while for the second extension data on test scores (or a comparable measure of learning) is needed. Since we do not
have this information available, we consider the original version of the methodology. Due to the usually high
correlation between parental education and earnings, we do not expect that applying the first extension would change
our results significantly. Applying the second extension could indeed lead to estimates of even higher learning losses.
Hence, also for this reason our results should be considered as lower bound estimates of the persistent learning losses
caused by the COVID-19 pandemic in Sub-Saharan Africa. In the Supplemental Material, we provide simple estimates
of cumulative educational losses deriving from our estimates.
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€yc = Cijc — Kijc- (D
Here, e is the actual reported years of education of individual i, with parental educational

background j, living in country ¢.® k is the human capital loss, measured as the share of

instructional time lost duting the pandemic:

to— M + 1) (1 —p;
K‘UC — ( c ljc TlC) ( p]). (2)
c

This human capital loss is defined by several components: i) the instructional loss due solely to
school closures (t.); ii) the days of instructional loss compensated by government policies geared
to support not-in-person schooling (M;;.); iii) the additional instructional loss associated with
health shocks suffered by households (7;c); iv) the parental factor of substitution (p;); v) the total
days of school in a regular school year in the country (T ). Since we consider the years 2020 and

2021, T, is the sum of regular days of schooling in two years.

The single components of equation (2) are defined in the following way:

The instructional loss due solely to school closures (t;) captures the number of days that schools
were closed, or partly closed, due to the pandemic. Hereby, days in which schools were partly
closed count as half a day of instructional loss and days of full closures as entire days of instructional
loss.” We obtain the data on the total duration of school closures from UNESCO (see Section 2.4.2

and Appendix A in the Supplemental Material).

The days of instructional loss compensated by government policies supporting not-in-person

schooling (M;j) can be calculated using the following formula:

Ml’jc = 81t fe + 8ztcn. - P(Aijc =1). 3)

This term specifies that the days schools were closed (t;) can be compensated by remote learning
through offline resources (such as TV, radio, cellphone, or printed copies)—in the first term—and
online resources—in the second term. f. and n. are indices that range from zero to one,
constructed to measure the alternative supply of education with offline and online resources in

each country, respectively. We derive these two measures from the UNESCO-Survey of National

¢ To avoid measurement error and harmonize the measure of education across countries, following most of the
literature we do not use the actually reported years of schooling, but impute the regular years of education necessary
to obtain the attained educational level. Hence, incomplete primary education is equivalent to three years of schooling,
complete primary to five, incomplete secondary to eight, complete secondary to 12, and more than secondary education
to 15. We assign years of parental education following the same procedure.

7We relax this assumption and estimate a lower bound by considering only days of nationwide school closures (i.e.
full days of school closures). This robustness check provides estimates which are not significantly different from the
main estimates (see Appendix B7 in the Supplemental Material).
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Education Responses to COVID-19 School Closures (see Section 2.4.2 and Appendix A in the
Supplemental Matetial). §; and 8§, are weights that define the relative efficiency of these tools. In
our baseline specification, in order to obtain a lower-bound estimate, both weights have the value
of 0.5 (i.e., the combination of offline and online resources can potentially substitute a day of in-
person classes fully). Relaxing this assumption would yield even stronger estimates of the

instructional loss.?

Online learning is, however, only available if the household is connected to the internet. Hence,
we interact the term capturing the mitigation through online learning with the likelihood that the
individual lived in a household with access to the internet in his or her childhood. We approximate
this likelihood by the probability that a household with the education of the household head j in
country ¢ has access to the internet (4;jc = 1), which we estimate using household survey data

for each country in the sample (see Section 2.4.2 and Appendix A in the Supplemental Material).

The additional instructional loss associated with health shocks suffered by households (7;.) is

obtained by computing:

Tie =17 P(qic = 1)+Td'P(dic =1). )
This calculation considers the human capital loss due to infection (P(q;. = 1)) of one of the

household members with COVID-19 and death (P(d;. = 1)) due to the latter. To estimate the

likelihood of this happening, the number of infections and deaths per inhabitant in the country is
multiplied by the average country-level household size. T? and T% are the number of days of
schooling lost due to the time the child cannot dedicate to learning in case he/she or someone in
the household is infected, sick, or in the case of the death of a family member.” Following
Neidhofer et al. (2021), we set T7 to the average days of symptom duraion—around one week (i.e.

five days of school)—and T% to a three-week loss of instructional time (i.e. 15 days).

These three components contributing to the loss and recovery of instructional time during the
pandemic can be compensated to a certain degree by parental inputs, captured by the term 1 — p;

in equation (2). Here, pj is the parental factor of substitution. It is defined as:

P max(e?) &

8 Appendix B8 in the Supplemental Material shows the main estimates and all alternative estimates obtained from the
robustness checks.

9 This assumption follows the literature on the impact of household health shocks on education (e.g. Gertler et al.,
2004).
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where e]?’ are the completed years of schooling of parents with education level j and max(ejp) the

maximum level that can be attained. Consequently, 1 — p; is zero for children with high-educated
parents that may fully substitute the instructional losses (i.e. Kk = 0 Vt, M, T), and one for children
of illiterate parents who depend entirely on the provision of remote learning by the education
system. For other levels of parental education, the value of 1 —p; lies within this interval.
Generally, 1 — p; represents various factors that can influence a child's education—such as the
ability of the parents to help with learning material, the value placed on education, and the resources
available to support education, like parental ime and technology—and is aimed to capture the
higher capabilities of parents with higher levels of education to support their children’s education
when schools are closed, as evidenced in several empirical studies (e.g. Engzell et al., 2021; Jaume

and Willen, 2019; Maldonando and De Witte, 2020). These capabilities are typically more prevalent
in parents with higher levels of education and socio-economic status. Hence, K;j. determines the

impact of lost instructional time due to school closures on a child's education, taking into account
the different risks to households of different socio-economic statuses during the COVID-19

pandemic.

For the simulation of changes in intergenerational mobility, the instructional losses resulting from
the equations above are attributed randomly to the share of the sample with parental education j
that mirrors the likelihood that the household in which the individual grew up has the
characteristics displayed above (likelihood to have access to the internet, likelihood of death and
infection). The parameter 1 — p; instead can be understood as a proportional instructional loss
experienced by all children of parents with a j level of education or as a certain share of children
of parents with a j level of education who suffer the entire instructional loss, while the rest are
unaffected. In the first scenario, 1 — pj is the degree to which parents with educational level j can
substitute schooling; in this case, for the simulation, the shock is distributed to the degree
(tc - M.+t ic)' (1 —pj) evenly to all individuals with the respective parental educational
background. In the second scenario, 1 — p; is the likelihood of parents with educational level j to
substitute schooling perfectly; in this scenario, a shock of the amount of (t; — Mjc + ;) is
attributed to a randomly selected share 1 — p; of the population within the group of individuals
with parental education j. We report the results of the simulations for the second scenatio in the

main body of the text and the first scenario in Appendix B of the Supplemental Material.
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2.2 Intergenerational mobility estimates

Once obtained the counterfactual post-pandemic education of individuals following the procedure
explained above, we estimate two standard measures for the intergenerational mobility of education:
the intergenerational slope coefficient (a measure of relative intergenerational persistence) and the
probability of (absolute) upward mobility (see e.g. Neidhofer et al., 2018). The first indicator is
obtained by regressing children’s education on patents’ education. '’ The second indicator is
obtained by estimating the likelihood of individuals with low-educated parents to complete

secondary schooling.

In the post-pandemic counterfactual, secondary school completion changes for individuals with a
completed secondary degree (and not more) whose counterfactual post-pandemic education lies
under the threshold of 12 years of education.'' We also estimate the same likelihood for children
of high-educated parents to provide a benchmark for comparison. Following the literature on
educational mobility in African countries, we define low-educated parents as those who did not
complete primary schooling and those that completed at least primary schooling as “high-educated”
parents (Alesina et al., 2021)."* In order to simulate and quantify the potential impact of the
pandemic on intergenerational mobility, we estimate the two indicators using the actual years of
education of individuals. Then, we re-estimate them with the counterfactual education. Finally, we

measure the difference between each indicator’s resulting measures.

10 Other measures used to estimate intergenerational mobility, besides of the slope coefficient, are the intergenerational
correlation and the slope of a rank-rank regression (see e.g. Asher at al., fortheoming). Ahsan et al. (2022) discuss the
various measures used to estimate intergenerational educational mobility and how they can lead to conflicting
conclusions. It suggests that the intergenerational rank-rank slope (IRRS) estimates can provide dramatically different
results than the intergenerational regression coefficient IGRC) and intergenerational correlation (IGC) estimates. The
study presents evidence that the idiosyncratic component of children's schooling variance untelated to family
background plays an important role in IGC, and that IGC estimates are less responsive to changes in economic forces
compared to IGRC estimates. The study concludes by suggesting that policy advice should focus on the effects of
policies on the influence of inherited circumstances on children's education, as captured by IGRC, even if policies fail
to affect IRRS significantly. Although it goes beyond the aim of our study to establish causal effects, we believe that
these findings are relevant for our analysis and focus therefore our main results on the IGRC (slope coefficient).
Simulation results of the predicted impact of the pandemic on the IGC and IRRS are included in Appendix B10 in the
Supplemental Material.

1 Tn robustness checks, we relax this assumption by allowing children to be unaffected by small instructional losses
(e.g., if less than 25% and 50% percent of one regular school year). However, due to the strong instructional losses,
the impact on high-school completion rates in all but one country is substantially the same. Results are included in
Appendix B12 of the Supplemental Material.

12 Results using a different threshold to define low-educated and high-educated parents (completed secondary
schooling) are included in Appendix B of the Supplemental Material.
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2.3 Data

2.3.1 Household surveys

To simulate the impact of the pandemic on education, our primary source of individual data for
each country is nationally representative household surveys that include information on
respondents’ education level. To avoid co-habitation bias in our intergenerational mobility
estimates, which arises from incomplete information about children who have left their household
of origin, we exclusively utilize surveys that include retrospective questions on parental education
(see Emran et al., 2015). We use each country’s most updated household survey that includes these
characteristics. In order to prevent bias due to truncation, we limit the sample to individuals aged
19 years or older. This is because we want to make sure that all individuals in the sample have
completed at least secondary education, which typically takes 12 years of schooling. By restricting
the sample to respondents aged 19 or older, we can ensure that all individuals in the sample have
had sufficient time to complete their secondary education. Furthermore, in order to simulate the
impact for a cohort of individuals whose average level of education and educational mobility is as
close as possible to those who are in the education system in 2020 and 2021, we restrict the sample
to the youngest available cohort of adult respondents (i.e. people born between 1987 and 1994)."
Our final sample comprises 26,147 individuals, ranging from 1,565 individual observations for
Kenya to 5,209 for Ghana. Table 1 shows descriptive statistics for the samples used for each

country .

To make our results comparable across countries, we adjust the variables we use to account for
differences in the number of years corresponding to conventional levels of education (primary,
secondary, etc.). Each country has a unique system with different lengths of primary and secondary
education and distinct definitions of vocational training and post-secondary education. To account
for this diversity, we use the ISCED scale provided by UNESCO to standardize education levels
across countries and estimate the number of years of schooling for each level. This allows us to
consistently define the following education categories for all countries: incomplete primary or no
schooling, complete primary, incomplete secondary, complete secondary, at least some tertiary
education. The imputed number of years of schooling for each category are 0, 5, 8, 12, and 15,
respectively. We use the same categorization for children and parents. Our measure for parental
education is always the education of the parent with the highest degree in the household. If one of

the two parents has missing information, we use the information that is available. For more

13 As mentioned, the results are consistent when reweighting the observations to resemble the composition by parental
background of cohorts in school during 2020. See Appendix B13.
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information on the household survey data and the education classification used in each country,

see Appendix A in the Supplemental Material.

2.3.2 Country-level data on school closures and other characteristics

To compute the single measures for t, M, and T described in Section 2, we complement the
household survey data with country-level data on school closures in 2020 and 2021, information
on educational mitigation strategies, and epidemiological parameters on the number of COVID-
19 cases and deaths per inhabitant. Data on school closures is retrieved from UNESCO.
Information on educational mitigation strategies is retrieved from the UNESCO-Survey of
National Education Responses to COVID-19 School Closures. Data on COVID-19 cases and
deaths is retrieved from the website Owr World in Data. As mentioned, we multiply this last two
indicators by the average number of people living in the same household in each country, retrieved
from data by the United Nations, Department of Economic and Social Affairs, Population Division.
Furthermore, we estimate the distribution of internet access by the level of education of the
household head — our measure for A4 in equation (3) — using household survey data for each country
in the sample. Table 2 displays all variables used in the simulations. Appendix A in the

Supplemental Material describes the country-level data and its sources in more detail.

3. Results

3.1 The impact of COVID-19 on education

3.1.1 Instructional losses, educational inequality and intergenerational persistence

Applying the methodology explained in Section 2, we obtain estimates for the impact of the
pandemic on educational achievements and intergenerational mobility. Table 1 provides a first
estimate of the inequality in instructional time losses during the pandemic. Considering the days of
school closures in 2020 and 2021 and the educational mitigation measures, the application of our
methodology suggests that disadvantaged children (children whose parents did not complete
primary education) could have lost between 31 and 118 days of instruction, while their peers with
a more favorable parental educational background (children whose parents completed at least
primary education) only between 10 and 33. The country with the strongest inequality in
instructional loss is South Africa, where we observe a difference of 85 days of instruction between

the two groups.
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The estimated instructional time losses imply detrimental repercussions on the predicted change in
the likelihood of children to complete secondary schooling. Figure 2 shows the predicted change
in secondary completion. As can be seen, the share of individuals with complete secondary
education decreases substantially due to the pandemic. On average, across the eight Sub-Saharan

countries in our sample, secondary school completion rates decrease by 12 percentage points.

Figure 3 shows the potential heterogeneous impact of the pandemic on the likelihood of
completing secondary education of children with low and high-educated parents. Children with
high-educated parents are affected, but the shock hits strongly the already relatively low likelihood
to complete secondary education of children with low-educated parents in Sub-Saharan countries.
In all countries, this likelihood decreases substantially. On average, across all countries, the decline
equals 16 percentage points. In most countries, the chances of secondary school completion of
disadvantaged children reach a level even lower than ten percent, i.e. less than one of ten children
with low-educated parents leaves education with at least a secondary school degree. In Malawi, the
likelihood even decreases to less than one percent. As mentioned before, this effect is driven by
children at the margin, namely those who completed secondary education in the pre-COVID but
did not continue with tertiary education afterwards. Since this condition mainly applies to children
with low-educated parents, our estimates for impact of the pandemic are particularly strong at the
lower bottom of the distribution and suggest that inequality in educational achievements should

increase.

Based on our projections, the intergenerational mobility of education is expected to fall in all
countries under analysis. Conventionally, intergenerational mobility is measured by the “persistence”
coefficient, which measures the partial correlation between the years of schooling of parents and
children. The larger (smaller) the coefficient, the lower (higher) is mobility. Figure 4 shows the
slope coefficient of intergenerational persistence measured pre-COVID and the post-pandemic
counterfactual. Since this measure considers the entire distribution of years of education, and not
just a marginal threshold as captured by the likelihood of secondary school completion discussed
above, the magnitude of the effect is small. However, relative to the size of the slope coefficient,

the effect ranges between a one percentincrease in persistence and an increase by almost 50 percent.

3.1.2 Impact by gender

We estimate the effect separately for men and women and evaluate the impact of the pandemic on

gender inequality in educational attainments. We here mainly focus on the overall results. The
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results for children of low and high-educated parents separately are available in Appendix B in the

Supplemental Material.*

Figure 5 shows that in all countries except Kenya and South Africa, the likelihood of male children
belonging to the 1987-1994 cohort completing secondary education is substantially higher than
their female peers. In Kenya, completion rates are similar among males and females, while in South
Africa, females have a slightly higher completion rate than males. Our estimates suggest that

secondary completion rates of male children may decrease more in absolute terms than those of

female children.

Figure 6 shows the resulting impact of the gender gap on the likelihood of completing secondary
schooling. While in most countries, the gender gap diminishes because of the higher decrease in
secondary school completion rates among men, in Kenya, the gender gap stays at a constant level
but changes the pattern: before the pandemic, completion rates in Kenya were higher for male than
for female, while after the pandemic this trend is reversed. In Ghana, the gender gap stays virtually

the same as before.

The explanation for these differential effects by gender depends on the different quantity of boys
and girls who completed secondary education in the pre-COVID scenario but did not continue
with tertiary education afterwards. In most countries, our estimates suggest that boys are more
likely to complete secondary education. However, among those who complete it, the likelihood of
continuing to tertiary education after completing secondary is higher for females. This explains why
our estimation of the potential impact of the pandemic on the fundamental threshold of secondary

school completion is lower for female than for male students."’

3.2 Additional effect of increases in teenage pregnancy on girls’ education

In this part of the analysis, we estimate the additional impact on secondary school completion of a
further potential consequence of the pandemic, which affects the well-being of young gitls and
their educational achievements: the rise in teenage pregnancy. Teenage pregnancy reduces the
probability of receiving a high school diploma and enrolling in tertiary education while increasing
the likelihood of leaving school without a qualification (e.g. Fergusson and Woodward, 2000;

Fletcher and Wolfe, 2009). Confinement and deprivation during lockdowns are believed to

14 We also include separate results for rural and urban areas in Appendix B of the Supplemental Material. Generally,
the projection of the decrease in completion rates and upward mobility is similar across areas.

15 While this analysis highlights the potential impact of the pandemic on children's education, it is important to note
that parental financial and non-financial investments may differ by gender, leading to potential gender bias against girls
in developing countries (e.g. Pasqua, 2005). The discussion of different results by children's gender emphasizes the
need to consider these differences in future research. If parents invest less in gitls, the impact of school closures on
gitls' education may be even stronger.
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dramatically worsen the situation regarding child abuse and teenage pregnancy, especially among
vulnerable families. Indeed, media reports, statements by local NGOs, and reports of international
organizations in several African countries provide anecdotal evidence that anticipates an increase
in adolescent birth rates during the COVID-19 pandemic (UNICEF, 2020). Recent reports
confirm this picture. In Malawi, for instance, an 11% increase in teenage pregnancies was recorded
from January to August 2020 compared to the same period in 2019 (UNFPA, 2021). Scientific
studies document a dramatic rise in the risk of young girls becoming pregnant, for instance, in
Kenya (Zulaika et al., 2022), Nigeria (Musa et al., 2021) and other African countries (see the review
by Willie, 2021).

To take into account the effect of teenage pregnancy on education, we extend the exercise
described in Section 2 to account for this additional shock affecting the human capital formation
of girls during the pandemic. We do so by including an additional component in the model that
simulates the impact of an increase in the likelihood of young gitls becoming pregnant on secondary

school completion rates in each country.

Formally, the counterfactual post-pandemic education becomes:

€ e =e’U\C—P((l-jC =1)-Z. (6)
€,,¢ are the counterfactual years of schooling defined in equation (1). P({;jc = 1) is the likelihood
of a girl with parental background ;in country ¢ to drop out from school due to pregnancy during
the COVID-19 pandemic. To account for socioeconomic differences in the probability of this
event to occur and its consequences for the educational career of gitls, P({;jc = 1) is obtained by
multiplying the percentage point increase in teenage pregnancy in the country due to the pandemic,

with one minus the parental factor of substitution, defined in equation (5)."

Z quantifies the
consequences of pregnancy on education, which we set to a loss equal to the entire amount of two

years of education.

To estimate the parameters of the model, we collect data on the increase in adolescent birth rates
for each country. However, due to underreporting during the pandemic, birth registry data from
low-income countries remains incomplete. Therefore, no clear conclusions can be drawn about

how COVID-19 affected births, in general, and teenage pregnancy rates (UNFPA, 2021). Hence,

16 Hence, in this simulation the increase in the risk of getting pregnant is set to be equal for girls of all parental
backgrounds, namely equal to the average increase in the adolescent birth rate in the country of residence. What varies
by parental background is the risk that this pregnancy leads to drop out from education, which is obtained by
multiplying with one minus the parental factor of substitution. This means that the likelihood to drop out from school
in case of pregnancy of girls whose parents are highly educated is lower than the likelihood of girls whose parents have
low education.
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we rely on estimates of the increase in teenage pregnancy from different reports (see a more detailed
description in Appendix A in the Supplemental Material). Among these, we choose the worst-case
scenarios, which indicate an increase in teenage pregnancy due to the pandemic of about 75%."
Based on this figure for the potential increase and on data on adolescent birth rates before the
pandemic, we project the percentage point increase in adolescent birth rates for each country. Then,
we simulate the impact of this additional factor, besides school closures, on the education of gitls.
Finally, we estimate the resulting impact on secondary school completion rates, similar to the

estimations performed before.

Figure 7 shows the results. The first bar shows, for each country, the estimated likelihood of
secondary school completion of girls born between 1987 and 1994, while the second bar shows
the post-pandemic counterfactual; both are already shown in Figure 5. The third bar shows the
post-pandemic counterfactual, considering the estimated increase in teenage pregnancy rates. It
turns out that the potential increase in teenage pregnancy contributes marginally to a further
increase in educational drop-out. In three countries, the impact on the decline in secondary school
completion rates is around one percentage point, while in the other countries, it is lower than one
percentage point. The main effect of the pandemic on education is, hence, confirmed to be driven
by school closures. Although this may come as a surprise to some, our result is in line with studies
that found that for the majority of young women, pregnancy occurred after dropping out from

school rather than the opposite (Fergusson and Woodward, 2000).

In conclusion, concentrating resources on keeping girls in school could also counteract teenage
pregnancy as part of the post-COVID remedial actions. A caveat is in order, however. The
pandemic created unique circumstances. First, school closures could be seen as equivalent to
“forced dropouts,” especially for gitls of low socioeconomic backgrounds. In that case, the findings
by Ferguson and Woodward (2000) would apply. Furthermore, lockdowns exacerbated the
circumstances within the household, which can lead to teenage pregnancy, given that members

were forced to stay at home for lengthy periods."®

17 Estimates based on this worst case scenario can be considered an upper bound. Indeed, in this part of the analysis
we are interested in understanding the maximum contribution of teenage pregnancy on the top of the effect of school
closures. Estimates based on the other scenarios show an even lower impact of teenage pregnancy and are available
upon request.

18 A further factor affecting children’s education during the pandemic are family income losses and child labor. In
Appendix B9 we provide estimates for two countries, Ethiopia and Ghana, for which we could find estimates from
other studies on the share of population expected to suffer income losses (Geda, 2021; Issahaku and Abu, 2020). The
results suggest that, while the main detrimental impact on education is driven by school closures, income losses can
have an additional negative effect on intergenerational mobility. If child labour is a direct consequence of household
income losses, these results are indicative of the detrimental effect of child labour on education.
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3.3 Decomposition of effects and simulation of policy alternatives

The projections shown in the previous sections refer to the bundled effect of school closures
(adding the potential impact of COVID-related health issues) and the mitigating impact of remote
learning policies. The results suggest significant differences in how the pandemic affected
intergenerational mobility across countries. These differences can be partially explained by the
length of school closures, the quality of remote learning, and the distribution of access to the
internet across countries (see Table 2). However, the patterns in the association with these factors
across countries and the projected impact on mobility are not completely clear. For instance, while
South Africa has the strongest increase in intergenerational persistence, the number of days of
school closures is not among the highest, remote learning efforts were around average, and it is
among the countries with the highest average access to the internet. South Africais also the country
where the 1987-1994 cohort has the highest pre-COVID level of intergenerational mobility. This
shows that the distribution of education in the children’s and parents’ generation in each country
also plays an important role in the projected effect of the pandemic on intergenerational mobility.
With this in mind, we now evaluate the potential of educational mitigation policies to reduce
instructional losses and temper the decrease in intergenerational mobility. First, we decompose the
impact of the enacted policies vis-a-vis the effect that school closures would have had without any
mitigation measure. Then, we simulate different scenarios, either improving the policies or the

infrastructures that interact with the effectiveness of these policies.

Figure 8 ranks the countries in our sample by the estimated decrease in intergenerational mobility,
measured by the slope coefficient, taking into account the closure of schools and the enacted offline
and online educational mitigation strategies. The figure also shows the projected decrease in
mobility due to school closures that would have occurred without mitigation measures. As can be
seen clearly in the graph, although the effect of mitigation measures is sizable in most countries, it

is not sufficient to close the gap caused by the closure of schools.

As a next step, we simulate which combination of measures and infrastructural improvements
would allow to cushion the negative effects of the pandemic on intergenerational mobility. We
successively change the parameters for online learning and internet coverage, keeping the offline
level at the current level, and measure the impact it would have on the difference between the pre-
pandemic level of intergenerational mobility and the post-pandemic counterfactual. Figure 9 shows
the results of this policy exercise. The first bar in the graph shows the baseline situation, namely
the decrease in intergenerational mobility, given the current distribution of internet coverage and
online learning tools provided by the education systems. The change is always displayed in points

of the partial correlation between parents’ and children’s education (i.e. the slope coefficient). The
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second bar shows the estimates obtained with improved online learning — i.e. setting the index for
online learning tools, i.e. # in equation (3), to one — while keeping constant the distribution of
internet access in the population. In the third and fourth bar, instead, results are obtained by
improving internet coverage while keeping the current value of online learning constant: first,
internet coverage is improved in such a way that each individual in the population has twice the
likelihood of having access to the internet; then, universal internet coverage is granted, i.e. the
likelihood of internet access is set to 100% for all individuals in the sample. The last bar shows the

results of granting both full internet access and improved online learning.

The analysis shows that in all countries, given the current distribution of internet access, an
improvement of the provided online learning resources would have no sizeable effect on reducing
the negative effect of the pandemic on intergenerational mobility. At the same time, improving
internet access alone, even granting universal internet access, would not be enough to close the gap.
An unrealistically strong and costly effort by states would have been necessary, both improving
online learning tools and the current infrastructure, to fully mitigate the impact of the closure of

schools on educational disruptions by offering online remote learning."

4. Conclusions

Using microsimulation and the framework proposed by Neidhofer et al. (2021), we estimated the
potential impact of the pandemic-related instructional losses on educational achievements and
intergenerational mobility in eight Sub-Saharan African countries. We focused on the asymmetric
effects of school closures on the education of children with different socioeconomic backgrounds
and analyzed the potential mitigating impact of policies. Our findings show that the pandemic is
likely to significantly negatively affect schooling and secondary school completion rates.
Intergenerational mobility of education is bound to be lower as well. Educational inequality is
expected to rise because the effect of school closures is stronger for disadvantaged children, who
are at a higher risk of dropping out of the education system without completing a secondary school
degree. On average, our simulations show that intergenerational mobility of education in the eight
Sub-Saharan countries in our sample is expected to decrease by 10%, while the likelihood of
children from low-educated families completing secondary education could decrease, on average,

even by 16 percentage points. For several SSA countries, the likelihood of children from

19 The negative sign of some coefficients, i.e. a higher level of intergenerational mobility in the counterfactual with
respect to the pre-pandemic scenario, derives from the fact that with universal internet coverage children from low-
educated families benefit most from the mitigation measures, while the likelihood of infection and death in the family
may affect individuals over the entire distribution. However, the size of the difference shows that this equalizing effect
would be negligible.
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disadvantaged families completing secondary education may even become lower than ten percent.
This means that in these countries, less than one of every ten children with low-educated parents

affected by the COVID-19 crisis may leave education with a secondary schooling degree.

This alarming picture mirrors the projections of Neidhofer et al. (2021) for Latin America, which
found some confirmation in current analyses of education drop-outs using household survey data
(Bracco et al., 2022) and administrative data (Lichand et al., 2021). Studies on the effects of the
COVID-19 related school closures on student achievements in other parts of the world also
validate our findings. As shown by the reviews by Hammerstein et al. (2021) and Blanden et al.
(2022), the vast majority of studies—carried out, for example, in Australia, Belgium, China,
Germany, Netherlands, Switzetland, and the US—found negative effects in mathematics, reading
and other subjects of students in both elementary and secondary school. The average negative
effect size found in these studies ranges between 0.09 and 0.29 standard deviations associated with
7-8 weeks of school closures, which is comparable in size with the effects found in past studies on
the detrimental impact of summer vacations on learning (e.g. Alexander et al., 2007; Kuhfeld et al.,
2020; Kuhfeld et al., 2022). A recent meta-analysis by Betthduser et al. (2023) reports an overall
effect size equivalent to a loss of approximately 35% of a full school year of learning. The estimates
of the learning loss deriving from our simulations are somewhat lower—our estimations show that
in the country with the highest impact, an instructional loss due to school closures of around 40
weeks is equivalent to around 20% of a school year of learning—but generally consistent with these
patterns, and in line with our intention to provide lower bounds rather than overestimating the
potential effect. Furthermore, the studies described above mostly analyzed learning losses duting
spring 2020, at the beginning of the pandemic, when institutions and families were unprepared for
remote learning, while our simulations pertain to the entire years 2020 and 2021. The reported
studies also confirm that learning losses differed strongly among children depending on the
socioeconomic status of their family: while the impact on students from disadvantaged families

was significant, students from families with high socioeconomic status were hardly affected.

The few existing studies measuring, rather than simulating, the short-term impact of the COVID-
19 pandemic on learning in Africa with current data are also in line with our estimates. Dessy et al.
(2021) found that in Nigeria, 7% of students did not return to school when they reopened. As
shown by Kidman et al. (2022) in Malawi this share is even 14%. Ardington et al. (2021) found that
in three South African provinces, due to the COVID-19 related disruptions in 2020, students in
grade 2 had reading losses between 57% and 70% of a year of learning, and students in grade 4 had
losses between 62% and 81%. Dang et al. (2022) shows by analysing household survey data for
Burkina Faso, Ethiopia, Malawi, Mali, Nigeria, Tanzania, and Uganda that the pandemic reduced
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children’s learning activities in all countries and that the amount of learning activities is positively
associated with parents’ level of education and household income. Our analysis adds a longer-term
perspective to this picture of the effects of the COVID-19 pandemic on education in South
Saharan Africa by showing the potential future impact on intergenerational mobility. Altogether,
these findings highlight the severity of the resulting educational crisis and the importance of
remedial actions that should be taken as quickly as possible to temper the impact on learning and

educational losses, especially for the more disadvantaged children.
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Tables and Figures

Table 1 — Data and Samples

Country Survey Year Sample
Average  Average years  Average parental N
age of education  years of education

Ethiopia Living standard measurement study 2018 27.29 4.22 1.31 3868
Ghana Living Standards Survey 2017 26.59 9.15 6.22 5209
Kenya ZIES}YSkﬂls Measurement Household 2013 2259 0.58 705 1565
Liberia ;{u(;tzhold Income and Expenditure 2016 25.66 5.08 5.40 2841
Malawi integrated household panel survey 2019 28.11 3.70 213 4721
Nigeria General Household Sutvey 2018 27.69 6.97 4.29 1984
South Africa  National Income Dynamics Study 2018 27.62 11.14 6.67 2117
Tanzania Household Budgetary Survey 2017 26.57 5.64 4.00 3842

Table 2 — Country level data
t T f 1 A=1 A=2 Ai=3 Aj=4 Ai=5 P@=1) P4=1) HHuze

Ethiopia 208 405 1.00 025 009 017 027 039 070 00001 0.0038 4.60
Ghana 123 380 033 067 008 010 035 084 1.00 0.0000 0.0047 3.50
Kenya 163 440 1.00 100 007 012 019 027 049 0.0001 0.0056 3.90
Liberia 130 445 100 100 009 017 021 043 080 0.0001 0.0013 5.00
Malawi 110 410 100 067 006 012 015 030 057 0.0001 0.0040 4.50
Nigeria 105 400 033 025 009 015 023 041 069 0.0000 0.0012 4.60

South Africa 195 430 0.67 075 0.18 021 056 100 100 0.0016 0.0591 320
Tanzania 65 410 100 050 008 016 019 039 073 0.0000 0.0005 490

Variable Definition

t Days of school closures in 2020/21

T Days of school in two typical years

I Remote learning index: Offline

" Remote learning index: Online

Ay Share of households with access to internet

(education level of household head j)

P=1) COVID-19 deaths per inhabitants 31/12/2021

Pg=1) COVID-19 cases pet inhabitants 31/12/2021

HH-size Average country-level household size
Notes: Education of the household head j=1 incomplete primary or no schooling, j=2 complete primary, j=3
incomplete secondary, j=4 complete secondary, j=5 at least some tertiary education. For more information on single

data sources, see Appendix A in the Supplemental Material.
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Table 3 — Average days of instructional time lost considering mitigation strategies

Days of instructional time lost ... in percentage of the regular school years
in 2020 and 2021
disadvantaged advantaged disadvantaged advantaged
children children children children
Ethiopia 101 33 25% 8%
Ghana 99 30 26% 8%
Kenya 76 23 17% 5%
Liberia 59 17 13% 4%
Malawi 53 16 13% 4%
Nigeria 86 28 22% 7%
South Africa 118 33 27% 8%
Tanzania 31 10 8% 2%

Notes: Disadvantaged children are children whose parents did not complete primary education. Advantaged children
are those with at least one parent who completed primary education.
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Figure 1 — Schematic representation of the model's functioning
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Figure 2 — Predicted impact of the pandemic on secondary school completion
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Notes: Completed secondary education is equivalent to 12 full years of schooling. First scenario shows
actual share of individuals in sample with completed secondary schooling. Second scenario shows estimates
of the same share after simulation of the COVID-19 shock. Source: National household surveys, own

estimates.
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Figure 3 — Predicted impact of the pandemic on secondary school completion by parental
background

Likelihood to complete secondary education
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Notes: Bars show the likelihood to complete at least 12 years of schooling before and after simulation of
the COVID-19 shock on education. High educated parents have at least completed primary education, low
educated parents less than primary secondary education. Source: National household surveys, own estimates.
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Figure 4 — Change in the intergenerational persistence of education due to the COVID-19

pandemic
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- how strongly is parental education associated with their children's education -

1| I PrecoVID
[ Post-cOVID

Kenya
Malawi

o o o o o

— —

o ] o) s &

Q < 2 N =

- © z & i
l_

SouthAfrica

Notes: Bars show the pre-pandemic and counterfactual post-pandemic level of intergenerational persistence
of education, measured by the slope coefficient. Source: National household surveys, own estimates.
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Figure 5 — Heterogeneous impact of the pandemic on secondary school completion by gender
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Notes: Bars show the pre-pandemic and counterfactual post-pandemic secondary school completion rate
of men and women. Source: National household surveys, own estimates.
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Figure 6 — Predicted change in the gender gap in secondary school completion due to the pandemic

Gender gap in likelihood to complete secondary education
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Notes: Bars show the pre-pandemic and counterfactual post-pandemic difference between secondary school
completion rates of men and women. Source: National household surveys, own estimates.
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Figure 7 — Predicted impact of increasing teenage pregnancy on secondary school completion
rates

Likelihood to complete secondary education of women
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Notes: Bars show the likelihood to complete at least 12 years of schooling before and after simulation of
the COVID-19 shock on education. The last bar shows the additional decrease in secondary school
completion rates due to the predicted increase in teenage pregnancy. High educated parents have at least
completed primary education, low educated parents less than primary secondary education. Source: National

household surveys, own estimates.
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Figure 8 — Evaluation of the impact of educational policies on reducing the effect of the pandemic
on intergenerational mobility

Predicted change in slope coefficient due to COVID-19
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Notes: Bars show the difference (multiplied by 100) between the pre-pandemic and counterfactual post-
pandemic level of intergenerational persistence, measured by the slope coefficient, in two scenarios: i) only
the effect of school closures on the instructional loss is taken into account; 2) including the mitigating effect
of educational policies to provide offline and online remote learning. Source: National household surveys,

own estimates.
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Figure 9 — Policy simulation exercise to evaluate the combination of measures that would allow to
cushion the effects of the pandemic on education
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Notes: Bars show the difference (multiplied by 100) between the pre-pandemic and counterfactual post-
pandemic level of intergenerational persistence, measured by the slope coefficient, in different scenarios of
improved online remote learning and/or internet coverage. The first bar shows the difference between the
pre-pandemic level and the baseline estimate for the post-pandemic counterfactual (i.e. given the current
online remote learning efforts and distribution of internet access). Source: National household sutveys,
own estimates.
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APPENDIX A: Data sources

Our analysis of instructional losses requires the following data: (i) a cross-sectional sample
including information on educational attainment of adult respondents and their parents, as
well as basic demographic characteristics of respondents (birth year, gender, and age) for
each country; (ii) the share of households with internet access by educational level of the
household head; (iif) the number of days of school closures due to COVID-19 pandemic;
(iv) the mitigation policies implemented by governments to support learning from home
during periods of school closures; (v) the number of COVID-19 cases and deaths. The
evaluation of changes in long-run inequality requires, in addition, (vi) country data on average
monthly earnings, and country data on wage returns to education. Furthermore, we retrieve
(vii) data on teenage pregnancy before and during the pandemic.

A1 - Survey samples

We use the most updated household survey for each country that includes retrospective
information on parental education.

e Ethiopia: Living standard measurement study. Socioeconomic Survey 2018-2019.
Central Statistic Agency of Ethiopia. Link:
https://microdata.worldbank.org/index.php/catalog/3823.

¢ Ghana: Ghana Living Standards Survey 2016-2017. Link:
https://statsghana.gov.gh/gssdatadownloadspage.php.

e Kenya: STEP Skills Measurement Household Survey 2013 (Wave 2). Link:
https://microdata.worldbank.org/index.php/catalog/2226.

e Liberia: Household Income and Expenditure Survey 2016-2017. Link:
https://microdata.worldbank.org/index.php/catalog/2986.

e Malawi: Fifth integrated household survey 2019/2020 and the integrated
household panel survey 2019-2020. Link:
https://microdata.worldbank.org/index.php/catalog/3818.

e Nigeria: General Household Survey, Panel 2018-2019, Wave 4. Link:
https://microdata.worldbank.org/index.php/catalog/3557.

e Tanzania: Household Budgetary Survey 2017-2018. Link:
https://www.worldbank.org/en/programs/Isms/initiatives/Isms-ISA#acc40.

e South Africa: National Income Dynamics Study 2017, Wave 5. Link:
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/712.

The surveys are collected from national statistical offices in different years and with different
methodologies. To make the results comparable across countries, we harmonize the
categories of all variables used. Specifically, the educational attainment variable varies
between countries because each education system has specific features. Each country has a
different quantity of years dedicated to primary and secondary education, as well as different
definitions of vocational training, and post-secondary education. Considering this
heterogeneity, we define the following educational categories: Illiterate, incomplete primary,
complete primary, incomplete secondary, complete secondary, incomplete tertiary, and
complete tertiary.'

1 Since it is not possible in all countries to obtain such detailed information on the education of respondents
and their parents to form this seven categories, for the final analysis they are reduced into five categories to


https://microdata.worldbank.org/index.php/catalog/3823
https://statsghana.gov.gh/gssdatadownloadspage.php
https://microdata.worldbank.org/index.php/catalog/2226
https://microdata.worldbank.org/index.php/catalog/2986
https://microdata.worldbank.org/index.php/catalog/3818
https://microdata.worldbank.org/index.php/catalog/3557
https://www.worldbank.org/en/programs/lsms/initiatives/lsms-ISA#acc40
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/712

We convert the specific categories in each country into the ones listed above by using the
harmonized educational categories provided in the 2011 standardized tables from ISCED.
These tables are part of a collaborative process between the UNESCO Institute for Statistics
(UIS) and the Member States to map national education systems according to the
International Standard Classification of Education (ISCED). This classification combines
expert information with surveys launched by the UIS to gather detailed information on
national education systems in each country. The survey includes questions for each education
program on entry requirements, entry age, duration and diplomas obtained, and their
corresponding ISCED level for pre-primary to tertiary education. In addition, when it is
necessary, countries are consulted individually to resolve potential classification problems
which might compromise the comparability of their education data. Based on this
information, the UIS produces individual ISCED mappings for each country in consultation
with local authorities.” The ISCED tables contain the following categories: (i) Early
childhood education; (ii) Primary education; (iii) Lower secondary education; (iv) Upper
secondary education; (v) Post-secondary non-tertiary education; (vi) short-cycle tertiary
education; (vii) Bachelot’s or equivalent degree; (viii) Doctoral or equivalent level.” To match
ISCED categories with the standard categories mentioned above, we consider as incomplete
primary those observations in (i) and (if) without completing the corresponding years of
education for that level (whenever possible). Lower secondary education is considered as
incomplete secondary education in our classification and upper secondary education to
complete secondary education. Components (v) and (vi) correspond to incomplete tertiary,
and we consider (vii) and (viii) as complete tertiary education.

This grouping differs slightly for Tanzania. In this case, we decided to define Form IV, which
ISCED defines as lower secondary education, as complete secondary education. The reason
is that most students stop learning after the fourth year of secondary education. This feature
comes from the fact that all students must take an examination after Form IV to finish the
remaining two years. In the past, this test had pass rates of around 50%. Approximately half
of the students failed at that stage and had to decide whether going to a vocational training
school or dropping out of the education system. However, even if students successfully
approve the exam after Form IV, the remaining two years (Form V and VI) are taught in
English. So, those students without good training in English during the previous cycle mostly
fail in the last part of secondary school. Therefore, even though Form VI is the legal
requirement to enter university, the turning point in secondary education in Tanzania’s
education system seems to be rather Form IV.

The exact classification of education that we use in our analysis, based on ISCED data and
the sources mentioned above, is indicated in the following tables.

preserve the homogeneity of the information across countries. The classification used to obtain the estimates
is: incomplete primary or no schooling, complete primary, incomplete secondary, complete secondary, at least

some tertiary education.
2 . . . .
Further details about this classification can be found here:
http://uis.unesco.org/sites/default/files/documents/international-standard-classification-of-education-isced-

2011-en.pdf

3 All tables are available here http://uis.unesco.org/en/isced-mappings
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Correspondence with ISCED Education tables

Ethiopia

Name of the education programme (National
language)

ISCED 2011

Education level our category

Kindergarten
Primary (grades 1 to 6)
Primary (grades 7 to 8)
Secondary First Cycle (grades 9-10)

Secondaty Second Cycle Preparatory Programme
(grades 11-12)

Pre-school Teaching certificate programme

Technical / Vocational education training (TVET
level 1)

Technical / Vocational education training (TVET
level 2)

First cycle of primary teaching certificate (Grades
1-4) programme

Second cycle of primary teaching certificate
(Grades 5-8) programme

Technical / Vocational education training (TVET
level 3)

Technical / Vocational education training (TVET
level 4)

Technical / Vocational education training (TVET
level 5)

Undergraduate degree (Short)
Secondary Education teacher (long)

Undergraduate degree (Iaw, pharmacy)

Undergraduate degree (medicine and veterinary
science)

Master's degree

Doctorate degree

Early childhood education
Primaty education
Lower secondary education

Lower secondary education
Upper secondary education
Upper secondary education

Upper secondary education

Upper secondary education

Upper secondary education

Upper secondary education

Upper secondary education

Post-secondary non-tertiary
education

Post-secondary non-tertiary
education

Bachelot's or equivalent level
Bachelot's or equivalent level

Bachelot's or equivalent level
Bachelot's or equivalent level

Mastet's or equivalent level

Doctoral or equivalent level

Incomplete primary
Complete primary
Incomplete secondary

Incomplete secondary
Complete secondary
Complete secondary

Complete secondary

Complete secondary

Complete secondary

Complete secondary

Complete secondary

Incomplete tertiary

Incomplete tertiary

Complete tertiary
Complete tertiary

Complete tertiary

Complete tertiary

Complete tertiary
Complete tertiary

Kenya

Name of the education programme (National

language)

ISCED 2011

Education level our
category

First stage of primary education (Standards 1 to 3)

Second stage of primary education (Standards 4 to 6)

Second stage of primary education (Standards 7 and 8)

Youth polytechnics
Secondary education

Youth polytechnics

Technical Vocational Education and Training (TVET)

Primary education

Primary education

Lower secondary education

Lower secondary education
Upper secondary education

Upper secondary education

Post-secondary non-tertiary
education

Incomplete primary
Complete primary
Incomplete secondary
Incomplete secondary
Complete secondary

Complete secondary

Incomplete tertiary



Pre-Primary Teacher training

Primary teacher training college

Teacher training college diploma

National polytechnics (certificate and diploma)

National polytechnics (Higher diploma)

Bachelor's degree (Science, Education, Education
Science, Arts, Law, Commetce...)

Bachelor's degree (Engineering, Medicine....)
Bachelot's degree (Architecture)
Master's degree

Doctorate

Short-cycle tertiary education
Short-cycle tertiary education
Short-cycle tertiary education
Short-cycle tertiary education

Bachelot’s or equivalent level
Bachelot’s or equivalent level

Bachelor’s or equivalent level
Mastet’s or equivalent level

Master’s or equivalent level

Doctoral or equivalent level

Incomplete tertiary
Incomplete tertiary
Incomplete tertiary
Incomplete tertiary

Complete tertiary
Complete tertiary

Complete tertiary
Complete tertiary
Complete tertiary

Complete tertiary

Ghana

Name of the education programme (National
language)

ISCED 2011

Education level our
category

ECD programme
Kindergarten
Primary school
Junior high school
Senior high school

Technical and vocational education
Polytechnics non-tertiary programmes

Polytechnics Tertiary programmes
Teacher training diploma
Professional bodies programmes
Polytechnics Tertiary programmes
University education - first degree
University education - second degree

PhD programme

Eatrly childhood education
Early childhood education
Primary education
Lower secondary education
Upper secondary education

Upper secondary education

Post-secondary non-tertiary
education

Short-cycle tertiary education
Short-cycle tertiary education
Short-cycle tertiary education
Bachelot's or equivalent level
Bachelot's or equivalent level
Master's or equivalent level

Doctoral ot equivalent level

Incomeplete primary
Incomeplete primary
Complete primary
Incomeplete secondary
Complete secondary

Complete secondary
Incomplete tertiary

Incomplete tertiary
Incomplete tertiary
Incomplete tertiary
Complete tertiary
Complete tertiary
Complete tertiary

Complete tertiary

Liberia

Name of the education programme
(National language)

ISCED 2011

Education level our
category

Early childhood education
Lower basic education
Upper basic education

Senior secondary education

Multilateral High School

Technical and Vocational Education

Teacher Training

Polytechnics/ Community Colleges
Programmes

Bachelot's
Bachelot's (Engineering and Medicine)

Mastet's

Early childhood education
Primary education
Lower secondary education
Upper secondary education
Upper secondary education

Upper secondary education

Post-secondary non-tertiary
education

Short-cycle tertiary education
Bachelot's or equivalent level
Bachelot's or equivalent level

Master's or equivalent level

Incomplete primary
Complete primary
Incomplete secondary
Complete secondary
Complete secondary

Complete secondary

Incomplete tertiary

Incomplete tertiary
Complete tertiary
Complete tertiary

Complete tertiary




Malawi

Name of the education programme
(National language)

ISCED 2011

Education level our
category

Pre-primary education
Primary (Grades 1 to 6)
Primary (Grades 7 and 8)

Junior secondary (Forms 1 and 2)

Senior secondaty (forms 3 and 4)

Eatrly childhood education
Primary education
Lower secondary education
Lower secondary education

Upper secondary education

Incomplete primary
Complete primary
Incomplete secondary
Incomplete secondary

Complete secondary

Nursing and school of health science certificate
programmes

Teacher training college programmes
Technical vocational diploma programmes

Diploma in nursing and in health science
programmes (3 years)

Diploma in nursing and in health science
programmes (2 years)
Diplomas and degree programme in teaching
Bachelor's degree

Bachelor's of Science in Medicine

Post-secondary non-tertiary
education

Post-secondary non-tertiary
education

Short-cycle tertiary education

Short-cycle tertiary education

Short-cycle tertiary education

Short-cycle tertiary education
Bachelot's or equivalent level

Bachelot's or equivalent level

Incomplete tertiary

Incomplete tertiaty

Incomplete tertiary

Incomplete tertiary

Incomplete tertiary

Incomplete tertiary
Complete tertiary

Complete tertiary

Master's degree

Mastet's of Science in Medicine

Master's or equivalent level

Mastet's or equivalent level

Complete tertiary

Complete tertiary

Ph.D Doctoral or equivalent level Complete tertiary
Nigeria
Name of the education programme (National ISCED 2011 Education level our
language) category

Early childhood care development and education (ECCDE)
Pre-primary education
Primary education
Junior secondary
Vocational enterprise institutions programmes
Innovative enterprise institute
Senior secondary
Interim joint matriculation board (IJMB) A - level course
Secondaty technical schools programmes
Nigerian certificate in education (NCE)
National diploma (ND) programme
Higher national diploma (HND) programme
School of Nursing
Bachelot's in Nursing
Bachelor's programme
Post Graduate Diploma Programme
Master's programmes
Mastet's of philosophy
Ph.D

Early childhood education
Early childhood education
Primary education
Lower secondary education
Lower secondary education
Lower secondary education
Upper secondary education
Upper secondary education
Upper secondary education
Short-cycle tertiary education
Short-cycle tertiary education
Short-cycle tertiary education
Short-cycle tertiary education
Bachelot's or equivalent level
Bachelot's or equivalent level
Bachelot's or equivalent level
Master's or equivalent level
Mastet's or equivalent level

Doctoral or equivalent level

Incomplete primary
Incomplete primary
Complete primary
Incomplete secondary
Incomplete secondary
Incomplete secondary
Complete secondary
Complete secondary
Complete secondary
Incomplete tertiary
Incomplete tertiary
Incomplete tertiary
Incomplete tertiary
Complete tertiary
Complete tertiary
Complete tertiary
Complete tertiary
Complete tertiary

Complete tertiary




South Africa

Name of the education programme (National
language)

ISCED 2011

Education level our
category

Grade R
Primary education (Grades 1 to 7)

Lower secondary education (Grades 8 to 9)

Upper secondary education (Further education
training band: Grades 10 to 12)

National Certificate (Vocational) - NC(V) Levels 2
to 4

NATED courses Level 1 to 3

NATED courses Level 4 to 5 (Business)

NATED courses Level 4 to 5
(Engineering)

National Higher certificate
Advanced certificate (AC)
NATED coutses Level 6 (Business)

NATED courses Level 6 (Engineering)

National Diploma
Bachelot's
Advanced diploma (AD)
Honours degree
Post graduate diploma (PGD)

Master's

Doctorate degree / Laureatus in Technology
(Technikon)

Early childhood education
Primary education

Lower secondary education

Upper secondary education

Upper secondary education

Upper secondary education

Upper secondary education

Upper secondary education

Post-secondary non-tertiary
education
Post-secondary non-tertiary
education
Post-secondary non-tertiary
education
Post-secondary non-tertiary
education

Short-cycle tertiary education
Bachelot's or equivalent level
Bachelot's or equivalent level
Bachelot's or equivalent level
Bachelot's or equivalent level

Master's or equivalent level

Doctoral or equivalent level

Incomplete primary
Complete primary

Incomplete secondary

Complete secondary

Complete secondary

Complete secondary

Complete secondary

Complete secondary
Incomplete tertiary
Incomplete tertiary
Incomplete tertiary

Incomplete tertiary

Incomplete tertiaty
Complete tertiary
Complete tertiary
Complete tertiary
Complete tertiary

Complete tertiary

Complete tertiary

Tanzania

Name of the education programme (National
language)

ISCED 2011

Education level our
category

Pre primary education
Primary education
Ordinary level secondaty education
National Vocational and Training Level 1 (NVTA 1)
National Vocational and Training Level 2 (NVTA 2)
National Vocational and Training Level 3 (NVTA 3)
University Cettificate
University Certificate
Advanced level secondary education
National Technical Award Level 4 (NTA 4)
National Technical Award Level 4 (NTA 4)
Teacher Training (Certificate)

National Technical Award Level 5 (NTA 5)

University Diploma

University Diploma

Early childhood education
Primary education
Lower secondary education
Lower secondary education
Lower secondary education
Lower secondary education
Upper secondary education
Upper secondary education
Upper secondary education
Upper secondary education
Upper secondary education
Upper secondary education

Upper secondary education

Post-secondaty non-tertiary
education
Post-secondary non-tertiary
education

Incomplete primary
Complete primary
Incomplete secondary
Incomplete secondary
Incomplete secondary
Incomplete secondary
Complete secondary
Complete secondary
Complete secondary
Complete secondary
Complete secondary
Complete secondary

Complete secondary

Incomplete tertiary

Incomplete tertiary



Post-secondaty non-tertiary

Teacher Training (Diploma) Incomplete tertiary

education

National Technical Award Level 6 (NTA 6) Post—secoer;ii?;ir;(r)ln—tertiary Incomplete tertiary
National Technical Award Level 7 (NTA 7) Short-cycle tertiary education Incomplete tertiary
Advanced Diploma Short-cycle tertiary education Incomplete tertiary
Post Graduate Certificate (PGC) Short-cycle tertiary education Incomplete tertiary
Undergraduate Bachelot's or equivalent level Complete tertiary

University Bachelor Degree Bachelot's or equivalent level Complete tertiary
National Technical Award Level 8 (NTA 8) Bachelot's or equivalent level Complete tertiary
University Bachelor Degree (Medicine, Nursing, Pharmacy)  Bachelor's or equivalent level Complete tertiary
Post Graduate Certificate (PGC) Bachelot's or equivalent level Complete tertiary

Post Graduate Diploma (PGD) Bachelot's or equivalent level Complete tertiary
Masters Mastet's or equivalent level Complete tertiary

National Technical Award Level 9 (NTA 9) Master's or equivalent level Complete tertiary
PhD courses Doctoral or equivalent level Complete tertiary

National Technical Award Level 10 (NTA 10) Doctoral or equivalent level Complete tertiary

A2 — Internet access

The second required information is the availability of an internet connection by educational
level of the household head. For some countries, we can estimate this based on the surveys
mentioned above. However, not all of these surveys include questions on internet access.
Hence, we retrieve other surveys that include this information.

e Ghana: Ghana Living Standards Survey 2016-2017. Link:
https://statsghana.gov.gh /gssdatadownloadspage.php.

e Kenya: Kenya Integrated Household Budget Survey 2015-2016. Link:
https://statistics.knbs.or.ke/nada/index.php/catalog/13.

e Malawi: Fifth integrated household survey 2019/2020 and the integrated
household panel survey 2019-2020. Link:
https://microdata.worldbank.org/index.php/catalog/3818.

e Nigeria: General Household Survey, Panel 2018-2019, Wave 4. Link:
https://microdata.worldbank.org/index.php/catalog/3557.

e South Africa: General Household Survey, 2018. Link:
http://www.statssa.gov.za/?p=12180.

For Kenya, Nigeria, and South Africa, we estimate the distribution of internet connection
using the questions asking if the household has internet access. It is a binary variable, and all
household members respond to this question. We restrict the answers to the household head.
The educational categories are equal to those presented before. For Malawi and Ghana, we
cannot directly identify the internet connection in each household because there is no such
question. In Ghana, we approximate it using questions about the use of internet in the last
three months. We define a household as connected to the internet if the household head
used the internet in the last three months. In Malawi, we infer internet connection access
through information on household expenditures on internet. We define households
connected to the internet as those households with positive spending on internet. For


https://statsghana.gov.gh/gssdatadownloadspage.php
https://statistics.knbs.or.ke/nada/index.php/catalog/13
https://microdata.worldbank.org/index.php/catalog/3818
https://microdata.worldbank.org/index.php/catalog/3557
http://www.statssa.gov.za/?p=12180

Ethiopia, Tanzania, and Liberia we could not find nationally representative household survey
data enabling us to estimate access to the internet by education level.* As a result, we decide
to impute the data using the information available for other countries and some pre-defined
selection criteria. The imputation that we apply works as follows: From the pool of countries
with information to estimate internet access, we select two countries with the most similar
average internet connection to the country we have to impute using the most updated data
point available in the data on overall access to the internet provided by the World Bank.’

Table Al - Average connection differences between countries to be imputed and
donors

Difference in average

Donors connection

Ethiopia ~ Tanzania  Liberia
Kenya -0.024 0.026 0.006
Nigeria 0.086 0.136 0.116
South Africa 0.432 0.482 0.462
Ghana 0.180 0.230 0.210
Malawi -0.095 -0.045 -0.065

Source: Own elaboration based on World Bank Data.

Table A1 shows the difference between the average internet connection in the donor country
and each country in which the values need to be imputed. For each country, we highlight the
cells with the smallest differences. We eventually selected Kenya and Malawi as donors for
Tanzania and Kenya and Nigeria for Ethiopia. To decide which of the selected countries is
more appropriate, we compare the differences in GDP per capita (at U§ 2017 PPP). The
results of these comparisons are shown in Table A2. Again, for each country in the columns,
highlighted cells correspond to the most similar country. Kenya is, finally, the donor of the
imputed values for Ethiopia. Tanzania and Liberia will be imputed using Malawi’s data on
internet access.

Table A2 - GDP per capita differences between countries to be imputed and donors

Distance in GDP per
Donors capita
Ethiopia  Tanzania  1iberia
Kenya 2231 1792 2983
Nigeria 2914 n.a n.a
Malawi n.a -1123 67

Source: Own elaboration based on World Bank Data.

As mentioned before, using estimates over multiple dimensions simultaneously might be
problematic with household surveys, given that, in general, they are not designed for this

4 Besides of national household sutveys, we considered the phone surveys catried out by the Wotld Bank during
2020 for monitoring the COVID-19 impact. However, we cannot match the educational categories in our
samples with those collected in the phone survey. Furthermore, the sample size of the phone surveys is rather
small and provides inaccurate estimates by education level for each country. Another alternative that we
explored is the RIA ICT Access Survey 2017-2018 carried out by the University of Cape Town. However, the
problem in using this survey is the small sample size, which is particularly relevant in the case of the internet
connection question.

5 'The data is available here: https://data.worldbank.org/indicator/IT.NET.USER.ZS



https://data.worldbank.org/indicator/IT.NET.USER.ZS

purpose. So, the data may exhibit representativity problems. This problem is not easy to
tackle because it is not easy to determine the potential bias. Using the levels of internet access
produced by the International Telecommunication Union (ITU) published by the World
Bank, we correct our estimates to match the aggregate levels of internet connection
access.” Founded in 1865, ITU facilitates international connectivity in communications
networks. I'TU collects information regarding information technologies, internet usage, and
internet access for households and individuals since 2004. The household indicators about
internet access come from an annual questionnaire sent to the Member States.” We take this
information at the aggregate level. Using this information, we rescale our estimated share of
households connected to the internet connection for each educational level by the ratio
between the internet connection estimated by I'TU and the average connection estimated in

ICVE
IC;; = IC} <_]—HS>
IC;

the household survey. Formally:

Where IC; is the adjusted internet access for the educational level i in the country j. IC/S is
the internet access estimated in the household survey for the educational level i in the country
j. ICHS is the average internet access estimated in the household survey in country j, and

IC"B is the average internet access estimated by the World Bank in the country j.

As can be noted, depending on the initial values for the average connections, this process
may produce an average internet connection higher than one. When it occurs, we set the
categories with a share higher than one to one (i.e. 100% of households with this educational
level are connected to the internet). Then, we adjust the remaining internet access to match
the I'TU estimates. If this second adjustment produces internet accesses higher than one, we
repeat the process.

A3 — School closures

We retrieve data on the total duration of school closures in 2020 and 2021 from UNESCO
and UNICEF. The data is filed by the United Nations Office for the Coordination of
Humanitatian Affairs (OCHA) within the Humanitatian Data Exchange (HDX) platform.®
The data includes for each country the total number of weeks that schools were fully or
partially closed during the pandemic and the total number of weeks of academic break. We
estimate the total number of weeks of school in a regular year as 52 (the number of weeks in
a year) minus the number of weeks of academic break. To convert the values in days, we
multiply each item with 5. The data covers the period from mid-February, 2020 to January
31, 2022.

¢ 'The data is available here: https://data.worldbank.org/indicator/IT NET.USER.ZS.

7'To see in detail the definitions and methodology entailed in the question about internet access please see the
2020 manual of ITU see https://www.itu.int/en/I'TU-
D /Statistics/Documents/publications/manual /ITUManualHouseholds2020 E.pdf

8 The information is available here: https://data.humdata.org/dataset/global-school-closures-covid19.



https://data.worldbank.org/indicator/IT.NET.USER.ZS
https://www.itu.int/en/ITU-D/Statistics/Documents/publications/manual/ITUManualHouseholds2020_E.pdf
https://www.itu.int/en/ITU-D/Statistics/Documents/publications/manual/ITUManualHouseholds2020_E.pdf
https://data.humdata.org/dataset/global-school-closures-covid19

Table A3 — Duration of school closures (in weeks) in 2020 and 2021

Duration of FULL Duration of PARTLAL Duration in two

closures closures normal years

Ethiopia 21 41 81
Kenya 28 9 88
Nigeria 18 6 80
South Africa 15 48 86
Ghana 10 29 76
Liberia 15 22 89
Tanzania 11 4 82
Malawi 18 8 82

Source: Humanitarian Data Exchange Platform, own elaboration.

A4 — Educational mitigation policies

To estimate the extent to which governments intervened to respond to the school closures
offering offline and online remote learning tools, we use the Survey on National Education
Responses to COVID-19 School Closures.” This survey was initiated by the United Nations
Educational, Scientific and Cultural Organization (UNESCO), the United Nations Children's
Fund (UNICEF), the World Bank and the Organization for Economic Co-operation and
Development (OECD) to collect information on national education responses to school
closures related to the COVID-19 pandemic. The respondents of this survey are, in general,
officials of the Ministry of Education at the central or decentralized level in charge of school
education.

This survey had three waves of collection. The first wave of data collection started in May
and lasted until June 2020. The second wave of data collection lasted from July to October
2020. The third wave of data collection lasted from February to April 2021. We combine the
data from the three waves of the survey, and select questions that are stables across waves
so that we can maximize the information about mitigation policies in all countries. Using this
information, we create two indexes summarizing the extent to which governments supplied
online and offline learning resources to teachers and students during the COVID-19
pandemic.

To compute the index for offline learning we use the three following survey items:"

e Were TV programs used to teach during COVID-19 pandemic?
e Were radio programs used to teach during COVID-19 pandemic?
e Were paper-based strategies used to teach during COVID-19 pandemic?
Using these questions, we create three versions of the index. The first takes the average of

all answers responded by the country’s officials. The second takes the average of the most
updated answer to each question. The third takes the average of the oldest answer to each

9 The dataset is available here: https://tcg.uis.unesco.org/survey-education-covid-school-closures

10 Each question is not exactly the same across waves, but it was similar enough to use it as the same question.
To see the specific details about the questions used in each wave please see Table 2. Offline learning index: Questions
used and methodological decisions.



https://tcg.uis.unesco.org/survey-education-covid-school-closures/

question. For our analysis, we use the third version. Results obtained with the other three
versions do not differ substantially and are available upon request.

To compute the online learning index, we use questions that show whether online resources
were used to provide remote learning, whether teachers were required to work online during
the pandemic and whether they were trained to do so. In addition, it includes a question
about the monitoring of the use of the resources provided by the government. Specifically,
we use the following questions:"'

e Were online platforms used to provide remote learning during the pandemic?

e Were teachers required to continue teaching online while schools were closed?

e Have teachers been trained and/or supported to use remote learning platforms?

e Was the actual use of distance learning monitored?
Again, we compute three versions of the index, as mentioned above, and choose the third
version (oldest answers to this question) for our analysis.

Table A4 and A5 show a description of each question used to compute the indexes and the
specific number of each question in the original survey.

11 Again, the questions here are not exactly the same across waves, but they are similar enough to use it as the
same question. To see the specific details about the questions used in each wave please see Table 1. Online learning
indexc: Questions used and methodological decisions.



Table A4 - Online learning index: Questions used and methodological decisions

Online learning index learning index

Block of
Wave  questions

Question
number

Question

Comments

Which of the following education delivery systems has been
deployed as part of the national (or subnational) distance education

! ! 6 strategy for different levels of education? (Delivery systems
included: Online platform. Options: Yes, No).
How effective have online platforms been in maintaining or Ifroji d%g?tlaﬁcys:;izzﬁli
advancing the levels of learning? (Options: Very Effective, Fairly p o v
2 1 13 . . level, it is considered as 1
Effective, Not Effective, Do not know, We do not have such . .
(which means that this
platform). .
resource was implemented)
Which distance learning solutions were or are being offered in your
3 1 Section 4 countty during the pandemic in 2020 and/or 2021? (Select all that
Q1 apply. Options included: Television, radio, Take-home packages,
None)
1 2 12 Atre teachers required to continue teaching while schools are closed?
In the first two waves, the
answers are Yes or No. In
the third wave, we
Are teachers or were teachers required to teach during school considered it as Yes if the
2 2 18 closures? percentage  of  teachers
required to teach is higher
} than 0.
. What percentage of teachers (primary to upper-secondaty levels
Section 5 . . .
3 2 Q1 combined),  approximately,  were  required to  teach
(remotely/online) during all school closutes in 2020?
1 3 14 Have teachers been trained to use remote learning platforms?
. o If any help was provided
How have teachers been supported in the transition to remote y help p ’
2 3 20 learning? 2 we coded it as |l which
. How and at what scale were teachers (in pre-primary to upper [1€30S that teachers receive
Section 5 . . o
3 3 Q4 secondary levels combined) supported in the transition to remote SUEEOIEl
learning in 20207
1 4 7 Is the actual use of distance learning monitored? In the first two waves, the
answers are Yes or No. In
the third wave, we
2 4 - Not available considered it as Yes if the
percentage following
Section 4 What percentage of students (at each level of education), distance learning is higher
3 4 Q2 approximately, followed distance education during school closutes han 0.

in 20207

Source: Own elaboration based on Survey on National Education Responses to COVID-19 School Closures.



Table A5 - Offline learning index: Questions and methodological decisions

Offline learning index

Block of .
uestion .
Wave questions ?mmber Question Comments
Which of the following education delivery systems has been
deployed as part of the national (or subnational) distance education If the system was
1 1 6 strategy for different levels of education? (Delivery systems included: applied, it is coded
Radio, Television, Paper-based take-home materials. Options: Yes, equally to 1
No).
How effective has television been in maintaining or advancing the
2 2 13 levels of learning? (Options: Very Effective, Fairly Effective, Not
Effective, Do not know, We do not have such platform). If the system s
considered Not
How effective has radio been in maintaining or advancing the levels effcctlye, . Faily
. . . . . Effective, Effective, or
2 2 13 of learning? (Options: Very Effective, Fairly Effective, Not . N
. ; Very Effective, it is
Effective, Do not know, We do not have such platform).
coded equaly to 1,
. . o which means it was
How e-ffectlve have take—hotpe packages been in maintaining or ,lied in the country
5 5 13 advancing the levels of learning? (Options: Very Effective, Fairly
Effective, Not Effective, Do not know, We do not have such
platform).
Which distance learning solutions were or are being offered in your
3 3 Section4  countty during the pandemic in 2020 and/or 2021? (Select all that
Q1 apply. Options included: Television, radio, Take-home packages, )

None)

Source: Own elaboration based on Survey on National Education Responses to COVID-19 School Closures.



A5 - COVID-19 cases

We retrieve information on COVID-19 cases and deaths in each country from the Website Our
World in Data. We use the number on December 31, 2021. Data on the average number of people
living in the same household are used to estimate the probability of infection and death within the
household. This data is retrieved from United Nations Department of Economic and Social
Affairs, Population Division (2017): Household Size and Composition Around the World 2017.

A6 — Country level earnings and returns to education

We retrieve country level monthly wages for each country from the Statistics of the International
Labor Organization (ILOSTAT). Wages are displayed across all occupations and in international
dollars PPP. Wage returns to education are collected from the literature review by Psacharopoulos
and Patrinos (2018), which includes indicators for returns to education for almost all countries
worldwide. These are mostly estimates obtained by Mincer regressions of earnings on years of
schooling. Table A6 shows the values that we use in our analysis.

Table A6 — Monthly wages (ILOSTAT) and returns to education (Psacharopoulos and

Patrinos, 2018)

Men (=1) or Monthly wages in international Year of Returns to Year of

Women (=0) dollars PPP reference Education reference
Ethiopia 0 143.43 2013 10.7 2011
Ethiopia 1 210.1 2013 13 2011
Ghana 0 160.4 2017 5.3 2007
Ghana 1 490.12 2017 7 2007
Kenya 0 288.04 2019 13.2 1995
Kenya 1 333.4 2019 13.2 1995
Malawi 0 139.88 2013 13.2 2010
Malawi 1 213.89 2013 11.8 2010
Nigeria 0 500.89 2013 6.5 2011
Nigeria 1 716.96 2013 5.1 2011
South Africa 0 507.25 2019 21.2 2008
South Africa 1 585.4 2019 18.1 2008
Tanzania 0 369.67 2014 14.6 2007
Tanzania 1 460.18 2014 9.2 2007

A7 - Teenage pregnancy

We calculate the proportion of adolescent births over the total adolescent population using data
from the World Bank about the adolescent fertility rate (births per 1,000 women aged 15-19), the
female population aged 15-19 (% of the female population), and the total female population. To
calculate the increase in adolescent birth rates, we proceed in the following way: We derive the total
female population ages 15-19 by multiplying the population ages 15-19 female (% of female
population) by the total female population. Then, we derive the number of adolescent births using
the following formula:

15-19

Female pop * Adolscent births per 1000 women ages 15 — 19

Adolescent births = 1000




Table A7 shows the results of these calculations. Interestingly, the statistics from fertility suggest
that both, the total quantity of adolescent births and the proportion of adolescent births as % of
the adolescent population, declined in 2020 with respect to 2019. This result is consistent with the
statistics presented in some reports of the country aggregates of live, but inconsistent with estimates
and anecdotal evidence about increasing teenage pregnancy during the pandemic. This discrepancy
could be explained by underreporting of new births or delays in reporting during the pandemic.
Hence, we decided to estimate the increase of adolescent births during the pandemic by using the
numbers suggested in academic studies, technical reports and media statements included in Table

AS8.

Table A7 — Fertility, female population and adolescent birth rates

Fertility rate, total

Country Name (bisths per woman) (1) Female population (2) Total births (3)=(1)*(2)
2019 2020 2019 2020 2019 2020
Ethiopia 4.1 4.0 56,009,719 57,446,748 232,216,295 232,601,883
Ghana 3.8 3.8 15,001,772 15,322,946 57,246,762 57,690,892
Kenya 3.4 3.4 26,451,585 27,052,773 90,543,775 91,032,581
Liberia 4.2 4.2 2,456,258 2,515,138 10,431,728 10,520,822
Malawi 4.1 4.1 9,443,471 9,695,918 38,973,205 39,316,947
Nigeria 53 5.2 99,131,729 101,669,950 527,083,403 533,563,898
Tanzania 4.8 4.8 29,024,840 29,883,105 140,248,027 142,632,060
South Africa 2.4 2.4 29,698,965 30,092,678 70,713,236 70,958,535
ey e agen 1549, | Adolescent
otal population births/

(births per female (% Adolescent births

15-1 A
pot L R e LS TR s
1519 (5 © ®)=()/(6)
2019 2020 2019 2020 2019 2020 2019 2020 2019 2020
Ethiopia 634 618 11.3 112 6,343,543 6,432,598 402,324 397,344 6.3%  6.2%
Ghana 65.0 641 10.1 10.0 1,508,797 1,533,921 98,008 98,371 6.5%  6.4%
Kenya 73.0  72.0 11.0 11.0  2917,853 2,988,795 213,032 215,122 73%  7.2%
Liberia 1352 1348 10.8 10.8 264,243 271,580 35,718 36,602 13.5% 13.5%
Malawi 131.5 1309 112 11.2 1,053,390 1,088,192 138,540 142,490  13.2% 13.1%
Nigeria 103.6 101.7 10.5 10.6 10,420,692 10,758,964 1,079,209 1,093,982 10.4% 10.2%

Tanzania 1155 1140 106 107  3,075455 3,192,431 355,114 363,963  11.5% 11.4%
South Africa  67.8  67.7 8.1 8.1 2,413,807 2,440,831 163,631 165,318  6.8%  6.8%

Source: Own elaboration based on World Bank Data. Female population:
https://data.worldbank.org/indicator/SP.POP. TOTL.FE.IN. Female population between 15-19 as % of the female
population: https://data.worldbank.org/indicator/SP.POP.1519.FE.5Y. Adolescent fertility rate (births per 1,000
women ages 15-19): https://data.worldbank.org/indicator/SP.ADO.TFRT. Fertility rate, total (births per woman):
https://data.worldbank.org/indicator/SP.DYN.TFRT
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Table A8 — Predicted increase in teenage pregnancy during 2020

Change in teenage
pregnancy during 2020

Country
Ethiopia 74.7%
Kenya 40%
Malawi 35%
South Africa @ 58%

Source: Own elaboration based on NGO’s and press reports.
Ethiopia: https://www.dovepress.com/getfile.phprfileID=69564.
Kenya: https://www.globalcitizen.org/en/content/rise-in-teenage-pregnancies-during-kenyvalockdown

https:/ /www.africanews.com/2020/06/17/close-to-4000-school-girls-impregnated-in-kenyva-during-covid-
19-lockdown/
https://www.devex.com/news/dramatic-rise-in-kenya-early-pregnancies-amid-school-closures-irc-data-
suggests-97921

Malawi: https://www.unicef.org/esa/media/7626/file/ COVID-19-A%20Catastrophe-for-Children-in-

SSA.pdf

https:/ /www.researcheate.net/publication/354469739 International Journal of Women's Health Care Te

enage Pregnancy During a Pandemic

South  Africa:  https://reliefweb.int/report/south-africa/teen-pregnancies-south-africa-jump-60-during-
covid-19-pandemic
https://news-decoder.com/teenage-pregnancies-soar-in-africa-as-schools-shut-for-covid

Table A9 shows adolescent birth rates in 2019 and predicted adolescent birth rates in 2020
in each country. Given that not all countries had information about the increase in teenage
pregnancy during 2020, we impute it for the remaining countries using three different
criterias:

(i) The increase in each country is imputed using the country with the most similar ratio
between adolescent birth and the total adolescent population. Column 2020 (2).

(if) The increase in each country is imputed using the country with the most similar GDP
per capita PPP in 2020. Column 2020 (3).

(iii) The increase in each country (even those where we found information about the
increase in teenage pregnancy) is imputed using the increase reported in Ethiopia
(75%). Column 2020 (4).

We use scenario (iii) to obtain our main results. The results, which are available upon request,
slightly change when the other scenarios are used, but all applications are consistent with the
main analysis.


https://www.dovepress.com/getfile.php?fileID=69564
https://www.globalcitizen.org/en/content/rise-in-teenage-pregnancies-during-kenyalockdown/
https://www.africanews.com/2020/06/17/close-to-4000-school-girls-impregnated-in-kenya-during-covid-19-lockdown/
https://www.africanews.com/2020/06/17/close-to-4000-school-girls-impregnated-in-kenya-during-covid-19-lockdown/
https://www.devex.com/news/dramatic-rise-in-kenya-early-pregnancies-amid-school-closures-irc-data-suggests-97921
https://www.devex.com/news/dramatic-rise-in-kenya-early-pregnancies-amid-school-closures-irc-data-suggests-97921
https://www.unicef.org/esa/media/7626/file/COVID-19-A%20Catastrophe-for-Children-in-SSA.pdf
https://www.unicef.org/esa/media/7626/file/COVID-19-A%20Catastrophe-for-Children-in-SSA.pdf
https://www.researchgate.net/publication/354469739_International_Journal_of_Women's_Health_Care_Teenage_Pregnancy_During_a_Pandemic
https://www.researchgate.net/publication/354469739_International_Journal_of_Women's_Health_Care_Teenage_Pregnancy_During_a_Pandemic
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Table A9 — Adolescent birth rates increase

Adolescent

births/Adolescent

Increase Increase Increase
Country population in pp in pp in  pp
Name 2019 2020 2020 2020 G)=@- ©=03)- O=-
(1) 2) 3) @) @) © M
Ethiopia 63% 10.9%  109% 10.9% 4.6 46 46
Ghana 65% 112%  89%  112% 47 2.4 4.7
Kenya 73%  10.0%  10.0% 124% 2.7 2.7 5.1
Liberia 13.5% 17.8%  17.8%  23.0% 4.2 42 9.5
Malawi 132% 172%  172%  222% 4.0 4.0 9.1
Nigeria 104% 135%  140% 17.5% 32 3.7 7.2
Tanzania 11.5% 150%  194% 194% 3.5 7.9 7.9
South Afiica 6.8%  10.6%  10.6% 11.7% 3.8 3.8 4.9

Source: Own elaboration based on World Bank Data.



APPENDIX B: Additional analyses and robustness checks

B1 — Higher bound estimates (attributing instructional loss to share equivalent to the

parental factor of substitution)

Share of individuals in sample
with complete secondary education
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B2 — Gender differences

Likelihood to complete secondary education
children of high-educated parents
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B3 - Different threshold for high-educated parents (completed secondary schooling)

Likelihood to complete secondary education
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B4 — Change in average years of education following baseline scenario
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B5 — Intergenerational mobility estimates following the cumulative losses scenario
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B6 — Impact on average education by parental background (considering cumulative

instructional losses)
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B7 — Estimates considering only days of full (i.e. nationwide) school closures
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B8 — Point estimates for baseline and alternative estimations
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B9 — Additional impact of income losses on intergenerational persistence

In line with Neidhofer et al. (2021), we extend our analysis to include additional shocks that might
impact investments in human capital among families. Previous research has shown that household
income losses may lead to educational drop-out (e.g. Duryea et al., 2007; Cerutti et al., 2019;
Thomas et al., 2004). However, the effect of income shocks on educational attainment is not
straightforward as an economic crisis can decrease the opportunity cost of leaving school to enter
the labor force, resulting in higher educational enrollment (Ferreira and Schady, 2009; Torche,
2010). Therefore, the overall effect of income shocks on educational attainment is ambiguous and
may vary depending on family background characteristics. To account for the likelihood of
educational drop-out being influenced by parental socioeconomic background, we set the
probability of educational drop-out to one minus the parental factor of substitution. In case of
income shocks, we assume that the individual drops out of education and, hence, loses two full
years of schooling. This provides a counterfactual measure of years of schooling that takes into
account the additional impact of household income shocks on educational attainment. To estimate
the probability to suffer an income loss, we rely on estimates of the population share affected by
income loss from other studies. For Ethiopia, we rely on Geda (2020), who estimates an income
loss of 8% among employees, 22.2% among self-employed and 15.6% among members of small
and micro-firms. We use the average among these values (15.3%). For Ghana, the estimate of
Issahaku and Abu (2020) suggests that 26% of the national population is affected. The estimates
for the slope coefficient and the probability of upward mobility are shown in the graph below.
These examples suggest that, while the predicted change in intergenerational persistence is mostly
driven by the instructional loss caused by school closures, income losses may also contribute to a
significant additional rise in intergenerational persistence.
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B10 — Simulation results for slope coefficient, intergenerational correlation and rank-rank slope

Slope coefficient Intergenerational correlation Rank-rank slope
Baseline COVID Baseline COVID Baseline COVID
Ethiopia 0.548 0.560 0.369 0.405 0.416 0.444
Ghana 0.433 0.468 0.444 0.490 0.447 0.542
Kenya 0.247 0.286 0.347 0.400 0.396 0.520
Liberia 0.393 0.407 0.399 0.420 0.353 0.389
Malawi 0.560 0.564 0.480 0.499 0.445 0.481
Nigeria 0.526 0.549 0.515 0.552 0.510 0.592
SouthAfrica 0.187 0.260 0.311 0.414 0.308 0.469

Tanzania 0.532 0.539 0.432 0.443 0.400 0.458




B11 — Results for Rural and Urban Areas
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B12 — Estimates considering recovery in case of small instructional losses (upper graph:
max. 25% of one school year; lower graph: max. 50% of one school year)
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B13 — Reweighting of Sample to Match Composition by Parental Education

To project the impact of the COVID-19 pandemic on instructional loss and intergenerational
mobility, we conducted simulations on a sample of individuals aged 18 and above who have
completed their education. To ensure the relevance of our analysis to the pandemic’s effects on
current students, we focused on individuals born between 1987 and 1994. This birth year range
represents the youngest respondents who fulfill our chosen age restriction. Given their proximity
to the cohort that was in school when the pandemic disrupted education, we assume that the
composition of our sampled individuals, in terms of factors such as gender and parental education,
does not significantly differ. Furthermore, we assume that any potential differences in these factors
do not influence the estimates. Essentially, we treat our sampled individuals as a laboratory,
assuming they are the best available proxy for simulating the impact on current students.

Here, we relax this assumption and address the potential disparity in the composition of our sample
compared to the cohorts in school during 2020. Specifically, we focus on the composition by
parental education. The Sub-Saharan African region has experienced substantial increases in
educational achievements, making it unlikely that the composition by parental background in our
sample aligns with the composition of individuals currently in school. To address this concern, we
performed a robustness check by reweighting the observations in our sample. This reweighting
aimed to align the composition of the 1987-1994 cohort by parental education with the presumed
composition of the 2002-2014 cohorts.

To initiate the reweighting process, we first defined the potential parents of individuals born
between 2002 and 2014 and estimated their distribution of education. We assumed that the typical
age range for giving birth falls between 15 and 45 years, covering the reproductive years for most
individuals, accounting for cultural, socioeconomic, and individual factors.

Based on this assumption, we calculated the birth year range for the parents as follows:

e For individuals born in 2002:
o Assuming a minimum age of 15 for the parents, their birth year would be 1987.
o Assuming a maximum age of 45 for the parents, their birth year would be 1957.
e For individuals born in 2014:
o Assuming a minimum age of 15 for the parents, their birth year would be 1999.
o Assuming a maximum age of 45 for the parents, their birth year would be 1969.

Consequently, the birth year range of the parents of individuals born between 2002 and 2014 in
Sub-Saharan Africa is approximately between 1957 and 1999.

We then examined the data to verify the increase in education. The parents of the 1987-1994
cohort, on average, have lower education levels compared to those born between 1957 and 1999.
The table below displays both distributions, confirming the disparity. With these distributions, we
calculated reweighting factors as the ratio between the two shares for each parental education

category.

Share in Share in Reweighting
Parental Education Cohort 2002-2014 Cohort 1987-1994 factor
No Schooling 34.89 50.64 0.689
Completed Primary 28.69 26.67 1.076
Incomplete Secondary 11.84 5.72 2.070
Completed Secondary 14.85 10.68 1.390

At least some Tertiary 9.72 6.3 1.543




We reweighted the observations by multiplying the survey design weights with the respective
reweighting factor and applied the new weighting scheme to estimate the impact on the variables
of interest. The figures below demonstrate that the estimates obtained through the reweighted
sample are not substantially different from the main estimates. The overall effects indicate a slight
weakening: intergenerational mobility decreased by 9% as a consequence of the pandemic, while
secondary school completion rates fell by approximately 10%. These results remain consistent with

the main analysis.
These reweighting efforts provide an additional assessment of the composition by parental
education, ensuring that our analysis captures the potential impact of the pandemic on individuals
currently in school. The consistent findings further strengthen the robustness of our main
estimates, supporting the validity and reliability of our results.
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APPENDIX C: Validation with alternative data

Beyond the fact that, to this day, some sources of information could help test the validity of our
predictions, in the cases we consulted, this is not straightforward because the data for African
countries is minimal. To the best of our knowledge, no new household surveys are available at the
moment in the analysed countries. Furthermore, the information available in phone surveys is
limited, and, in general, questions were not stable throughout the different waves. Therefore, we
tried to assess the validity of our calibration and model using indirect observable variables available
in different data sources, analysing whether the results are qualitatively consistent with our model
and estimations. We observe that our simulation of learning losses correlates positively with days
of instructional losses and additional health losses, and the opposite occurs with the mitigation
policies and the parental factor of substitution, which captures parents’ teaching, private tutoring,

and any other factor that can affect the likelihood of receiving education during the pandemic
(Figure C1-C4).

Given the lack of data on test scores (e.g. PISA) for the pandemic and post-pandemic period, we
decided on a different approach relying on the World Bank phone surveys. This surveys provide
information on the number of households whose children were involved in activities to recover
lost face-to-face classes and allows us to distinguish what types of activities were carried out by
households to recover missed school days. Thus, using this information, we can evaluate different
features and assumptions of our model and calibration. To the best of our knowledge, the World
Bank phone surveys are the only survey data available to date for the countries we analysed.
However, this survey data has multiple limitations: The sample size is small, and some questions
are not stable through the different waves and between countries. Also, most of the education-
related questions were included in the survey only during the first half of 2020. With these potential
limitations in mind, the results of our comparisons should be taken with caution.

As a first test, we assess if the percentage of households with children involved in learning recovery
actions is correlated with our measure of learning losses. Assuming the former is a proxy of learning
losses or positively correlated with it, we should observe a negative slope between these two
variables if our model is correctly specified. Figure C1 shows that our estimate of learning losses
and the share of households with children involved in learning recovery activities recorded in the
phone surveys are (negatively) correlated across countries.

Similarly, if our modelling strategy is accurate, we should observe that the percentage of households
not involved in recovery actions correlates with the online and offline learning indices we
constructed and the duration of school closures. In Figure C2, the blue dots represent the
proportion of households whose children were not involved in any action to recover lost classes.
The orange bar indicates the duration of school closures as a percentage of regular school years,
while the orange and yellow bars represent the values of the offline and online learning activity
indices used in our analysis, respectively.

The indicators shown in the graph indicate that we can distinguish three groups of countries
according to the duration of the school closure. In the first group, we find Ethiopia and Kenya
with the two highest lost days compared to a regular year. However, these countries differ in the
compensatory actions taken to mitigate school closures. While both countries focused on
developing offline resources, only Kenya provided online resources to recover classes. This
difference is correlated with two different results regarding how many children were not involved
in learning recovery activities: While Kenya accomplished the lowest (22%) share of children not
involved in learning recovery activities, Ethiopia obtained the highest number (81%). Nigeria is in
the second group. It is an intermediate case where fewer actions were taken to mitigate the loss of



classes, and the number of lost days was relatively less than in Ethiopia and Kenya. This
combination resulted in a proportion of children who did not recover classes greater than Kenya’s
and less than Ethiopia’s. Here, we can see that even though a country is not developing actions to
mitigate learning losses, the length of the school closure may also play a role in defining the learning
losses. Finally, in the case of Tanzania, more actions were taken to recover class days than in
Ethiopia and Nigeria, and the number of lost days was the lowest of the four countries under
analysis. This combination resulted in a proportion of people who did not recover classes lower
than that of Ethiopia and Nigeria but higher than that achieved by Kenya. In summary, assuming
that the proportion of people who are not involved in actions to recover lost classes suffers a
learning loss, the results presented suggest that in countries where more school days were lost, the
proportion of households not involved in actions to recover classes is higher, as long as the
government takes no compensatory action to mitigate it.

Additionally, in the cases of Kenya, Nigeria, and Tanzania, it is possible to distinguish the relative
importance of each learning recovery activity. Consistent with the above, in the case of Kenya,
almost 90% of households were involved in activities to recover classes through online learning
methods. In the case of Nigeria, given the lack of mitigation actions conducted by the government,
most households recovered lost class days through parent teaching schemes. This result emphasizes
the relative importance of the parental factor substitution in our model. As Figure C3 shows,
Nigeria got a relatively lower percentage of children with learning losses than Ethiopia, even though
the mitigating actions were fewer than in this country. Finally, in Tanzania, actions related to offline
learning activities were the most important among the households that conducted actions to
recover lost classes.

These results suggest two aspects:

1. Our estimation of the online and offline learning indexes are positively correlated with the
share of the households that took a given recovery action to mitigate learning losses, which
suggests that our indicators are consistent.

2. They also confirm the importance of considering the parental factor of substitutions in our
model. In those cases where compensatory actions were not widespread throughout the
country, the household solutions to recover the learning losses were more relevant.

To stress the importance of parental background substitution, we present statistics from Kenya,
the only country where we can identify parental education background in the phone surveys. Figure
C4 shows the distribution of households by parental education background in each learning
recovery activity. It suggests a balanced distribution in terms of access by parental education
background (Online and offline learning recovery activities) for those actions where the
government can be a supplier. In contrast, in the cases of parents teaching their children, or private
tutoring, the results indicate that most households with access to these resources have highly
educated parents. Our model captures this feature through the interaction of recovery measures
with the parental education background substitution factor.



Figure C1 — Correlation of our estimate for Kk and % of households involved in learning
recovery activities from World Bank Phone Surveys
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Notes: X Axis: % of households involved in learning recovery actitivies (WB Phone Surveys). Y Axis: Our estimate
for K (average instructional loss in % of two school years). Source: World Bank phone surveys for Ethiopia, Kenya,
Nigeria, and Tanzania.

Figure C2 - Correlation of indicators used in our study and households involved in recovery
activities from World Bank Phone Surveys
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Figure C3 - Distribution of recovery actions by type of action and country
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Note: each number represents the share of the households that took a given recovery action over the pool of
households whose children were involved in learning recovery action. Source: World Bank phone surveys Kenya,
Nigeria and Tanzania.

Figure C4 - Composition of children undertaking learning recovery activities by type of
activity and parental educational background
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