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Abstract 

Using microsimulations, we nowcast the impact of learning losses caused by COVID-19 on 

secondary school completion rates, intergenerational mobility of education, and long-run earnings 

inequality in eight countries Sub-Saharan Africa. On average, secondary school completion rates 

decrease by 12 percentage points overall and by 16 points for children with low-educated parents. 

Interestingly, in most countries the gender gap diminishes because for men the projected decrease 

in secondary school completion is higher. However, a small additional impact on girls’ education 

due to the Covid-19 induced rise in teenage pregnancy is observed in some countries. 

Intergenerational mobility of education decreases from 1 to close to 50 percent, depending on the 

country. As a result of the heterogeneous reduction in average years of schooling for advantaged 

vs. disadvantaged children, earnings inequality could increase between one and four Gini points, 

depending on the assumptions. 
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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 slightly recovered in 2021 and is expected to expand again in 2022 and 2023 (IMF, 2021; 

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.  

As almost everywhere in the world, in SSA schools closed their doors to mitigate the spread of the 

virus. In most countries, they remained closed over long periods in both 2020 and 2021, adding up 

to a loss of more than 50% of instruction time in a number of cases (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 Hammerstein et al., 2021; Werner and Woessmann, 2021; Zierer, 2021). The scant 

existing evidence for SSA countries confirms this negative effect on education, as revealed by the 

simulation of associated learning losses (Angrist 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). 

In this paper, we use the framework proposed by Neidhöfer et al. (2021) to project the impact of 

Covid-19 related education disruptions in eight Sub-Saharan African countries: Ethiopia, Ghana, 

Kenya, Liberia, Malawi, Nigeria, South Africa, and Tanzania. We use pre-pandemic nationally 

representative household surveys that include information on educational attainment of individuals 

and their parents’ educational background. Furthermore, 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 projecting the impact of instructional losses due to school closures 

on education, intergenerational mobility and secondary school completion rates for the country as 

a whole, by parental educational background and by gender. We then simulate the capacity of 

policies to mitigate the impact of school closures on education through the provision of remote 

learning. When estimating the differences of the impact by gender we also consider the potential 

increase in teenage pregnancy rates caused by the pandemic. Finally, we estimate the potential effect 

of the predicted changes in education on future earnings inequality.  
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Our main results highlight two important aspects: First, that the pandemic is likely to have a 

significant and persistent negative effect on educational inequality and its intergenerational 

persistence in Sub-Saharan Africa. Second, that the education channel will also be a significant 

determinant of future changes in economic inequality. These findings stress the importance of 

remedial actions that should be taken to prevent the prospected unprecedented decrease in human 

capital that could potentially offset years of favorable development in creating opportunities.   

The remainder of the paper is structured as follows: Section 2 presents the methodology adopted 

to estimate the impact of the pandemic on education. Section 3 briefly describes the data. Section 

4 reports our results on the impact of Covid-19 on education in Sub-Saharan Africa, while 

highlighting heterogeneities by parental background, gender and presenting estimates on the 

additional effect of increasing teenage pregnancy due to the pandemic on education. Section 5 

evaluates the mitigation effect of policies. Section 6 reports our projections for long-run inequality. 

Section 7 concludes. 

2 Simulation of the impact of Covid-19 on educational achievements and 

intergenerational persistence 

We follow the simulation methodology proposed by Neidhöfer et al. (2021) to nowcast the impact 

of instructional losses on educational achievements and the intergenerational mobility of education 

through a counterfactual exercise.1 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 in the capabilities of families to cushion 

instructional disruptions. As done elsewhere in the literature, we assume that there is a human 

capital production function where the production factors are schooling, through in-person classes 

and remotely, and the family. 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 schooling depending on the highest educational degree 

attained by parents. 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.  

The core of the simulation exercise is the construction of a counterfactual human capital equivalent 

for each individual.2 This counterfactual quantifies, for people belonging to cohorts that went to 

                                                 
1 Strictly speaking, we are estimating the intergenerational persistence of human capital.  
2 Monroy-Gomez-Franco et al. (2021) extend the methodology proposed by Neidhöfer et al. (2021) to, first, include 
parental income as further component of the model and, second, consider the additional impact of instructional losses 
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school before the pandemic, the individual’s level of education if he or she would have experienced 

the pandemic while still in school in his or her country of residence. The counterfactual education 

𝑒̂ is defined as: 

𝑒𝑖𝑗𝑐̂ = 𝑒𝑖𝑗𝑐 − 𝜅𝑖𝑗𝑐. (1) 

Here, 𝑒  are the actual reported years of education of individual 𝑖 , with parental educational 

background 𝑗 , living in country 𝑐 . 3  𝜅  is the human capital loss, measured as the share of 

instructional time lost during the pandemic: 

𝜅𝑖𝑗𝑐 =
(𝑡𝑐 − 𝑀𝑖𝑗𝑐 + 𝜏𝑖𝑐) ⋅ (1 − 𝑝𝑗)

𝑇𝑐
. (2) 

This human capital loss is defined by several components and is divided by the total days of school 

in a regular school year of schooling in the country (𝑇𝑐).4 

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

 𝑡𝑐 is the instructional loss due solely to school closures; namely 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 of 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 3 and Appendix A in the Supplemental Material). 

𝑀𝑖𝑗𝑐 are the days of instructional loss compensated by government policies geared to support not-

in-person schooling: 

𝑀𝑖𝑗𝑐 = 𝛿1𝑡𝑐𝑓𝑐 + 𝛿2𝑡𝑐𝑛𝑐 ⋅ 𝑃(𝐴𝑖𝑗𝑐 = 1). (3) 

This term specifies that the days in which schools were closed (𝑡𝑐) can be compensated either by 

remote learning through offline resources (such as TV, radio, cellphone or printed copies) and 

                                                 
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 these 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, 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 Section 6, we provide simple estimates of cumulative educational losses deriving 
from our estimates. 
3 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.  
4 Since we consider the years 2020 and 2021, T is the sum of regular days of schooling in two years. 
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online resources. 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 Education Responses to Covid-

19 School Closures (see Section 3 and Appendix A in the Supplemental Material). 𝛿1 and 𝛿2 are 

weights that define the relative efficiency of these tools, which in our baseline specification have 

both the value of 0.5: i.e., the combination of offline and online resources is potentially able to fully 

substitute a day of in-person classes. 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 internet in his 

or her childhood. We approximate this likelihood by the probability that a household with 

education of the household head j in country c has access to internet (𝐴𝑖𝑗𝑐 = 1), which we estimate 

using household survey data for each country in the sample (see Section 3 and Appendix A in the 

Supplemental Material).  

𝜏 measures the additional instructional loss associated with health shocks suffered by households: 

𝜏𝑖𝑐 = 𝜏𝑞 ⋅ 𝑃(𝑞𝑖𝑐 = 1) + 𝜏𝑑 ⋅ 𝑃(𝑑𝑖𝑐 = 1). (4) 

𝜏 considers the human capital loss due to infection (𝑞) of one of the household members with 

Covid-19 and death (𝑑) due to the latter. To estimate the likelihood of this to happen, the number 

of infections and deaths per inhabitant in the country is multiplied by the average country-level 

household size. 𝜏𝑞 and 𝜏𝑑 are the numbers 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 case 

of death of a family member.5 Following Neidhöfer et al. (2021), we set 𝜏𝑞 to the average days of 

symptom duration, to around one week (i.e. five days of school), and 𝜏𝑑 to a three week loss of 

instructional time (i.e. 15 days).  

This three components that contribute 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 − 𝑝𝑗 

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

𝑝𝑗 =
𝑒𝑗

𝑝

max (𝑒𝑗
𝑝)

, (5) 

                                                 
5 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 𝑒𝑗
𝑝
 are the completed years of schooling of parents with education level j and max(𝑒𝑗

𝑝
) the 

maximum level that can be attained (in this analysis, more than a completed secondary degree, 

equivalent to 15 years of schooling). Consequently, 1 − 𝑝𝑗 is zero for children with high-educated 

parents that may fully substitute the instructional losses (i.e. 𝜅 = 0 ∀𝑡, 𝑀, 𝜏), and one for children 

of illiterate parents who completely depend on the provision of remote learning by the education 

system. For other levels of parental education, the value of 1 − 𝑝𝑗  lies within this interval. 

Generally, 1 − 𝑝𝑗  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). 

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 − 𝑝𝑗 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 in which parents with educational level 𝑗 are 

able to substitute schooling; in this case, for the simulation the shock is distributed to the degree 

(𝑡𝑐 − 𝑀𝑖𝑗𝑐 + 𝜏𝑖𝑐) ⋅ (1 − 𝑝𝑗)  evenly to all individuals with the respective parental educational 

background. In the second scenario 1 − 𝑝𝑗 is the likelihood of parents with educational level 𝑗 to 

perfectly substitute schooling; in this scenario, a shock of the amount of (𝑡𝑐 − 𝑀𝑖𝑗𝑐 + 𝜏𝑖𝑐) is 

attributed to a randomly selected share 1 − 𝑝𝑗 of the population within the group of individuals 

with parental education 𝑗. We report the results of the simulations for the second scenario in the 

main body of the text and for the first scenario in Appendix B of the Supplemental Material.  

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. Neidhöfer et al., 2018). The first indicator is 

obtained by regressing the education of children on the education of parents. 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 
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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).6 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 the two resulting measures 

for each indicator.  

3 Data 

3.1 Household surveys  

Our primary source of individual data for each country are nationally representative household 

surveys. To avoid co-habitation bias in our intergenerational mobility estimates, we only use surveys 

that include retrospective questions on parental education (see Emran et al., 2015), as well as 

information on the level of education of respondents. To ensure that individuals completed at least 

secondary education, we restrict the sample to respondent aged 19 or older. Furthermore, in order 

to analyze 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 people born between 1987 and 1994. Our final sample comprises 26,884 individuals, ranging 

from 1,530 individual observations for Kenya to 5,209 for Ghana. We harmonize education levels 

across countries using the ISCED scale conversions provided by UNESCO. Appendix A in the 

Supplemental Material describes the household survey data and the exact classification of education 

used in each country. 

3.2 Country-level data on school closures and other characteristics 

To compute the single measures for 𝑡 , 𝑀  and 𝜏  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 

                                                 
6 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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on educational mitigation strategies are retrieved from the UNESCO-Survey of National 

Education Responses to Covid-19 School Closures. Data on Covid-19 cases and deaths from the 

website Our 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 level of education of the household head – our 

measure for 𝐴 in equation (3) – using household survey data for each country in the sample. 

Appendix A in the Supplemental Material describes the country-level data and its sources more in 

detail. 

4 The impact of COVID-19 on education 

4.1 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 shows that disadvantaged children (children whose parents did not complete primary 

education) 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 is South Africa, where we 

observe a difference of 85 days of instruction between the two groups.  

These instructional time losses have also detrimental repercussions on the predicted changes in the 

likelihood of children to complete secondary schooling. Figure 1 shows the predicted change in 

secondary completion due to the instructional loss. As is evident, the share of individuals with 

complete secondary education decreases substantially due to the pandemic’s impact on school 

closures. On average across the eight Sub-Saharan countries in our sample, secondary school 

completion rates decrease by 12 percentage points.  

Figure 2 shows the heterogeneous impact of the pandemic on the likelihood to complete secondary 

education of children of low and high-educated parents. Children with high-educated parents are 

affected, but the shock hits strongly the already rather 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 
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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. This effect is driven by children at the margin, namely those 

that in the pre-Covid scenario completed secondary education but did not continue with tertiary 

education afterwards. Since this condition mostly applies for children with low-educated parents, 

the impact of the pandemic is particularly strong at the lower bottom of the distribution and 

contributes to higher inequality in educational achievements.   

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 3 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 size of the effects is generally smaller. However, relative to the size of the slope 

coefficient, the effect ranges between a one percent increase in persistence, and an increase by 

almost 50 percent.     

4.2 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 

results for children of low and high-educated parents separately are available in Appendix B in the 

Supplemental Material.  

Figure 4 shows that in all countries but the cases of Kenya and South Africa, the likelihood of male 

children belonging to the 1987-1994 cohort to complete secondary education is substantially higher 

than the likelihood of 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 show that secondary completion rates of male children may decrease by more in absolute 

terms than completion rates of female children.  

Figure 5 shows the resulting impact on the gender gap in the likelihood to complete secondary 

schooling. While in most countries the gender gap diminishes because of the stronger 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 
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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 that in the pre-COVID scenario completed secondary education but did not continue 

with tertiary education afterwards. In most countries, although boys are more likely to complete 

secondary education, among those that complete secondary education, the likelihood to continue 

with tertiary education after completing secondary education is higher for female. This explains 

why the effect of the pandemic on the fundamental threshold of secondary school completion is 

less strong for female than male students.  

4.3 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 girls and 

their educational achievements: the rise in teenage pregnancy. Teenage pregnancy reduces the 

probability of receiving a high school diploma and enroll 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 is believed to 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 anticipate 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 a further component into the model that allows 

to simulate the impact of an increase in the likelihood of young girls to become pregnant on 

secondary school completion rates in each country.  

Formally, the counterfactual post-pandemic education becomes: 

𝑒𝑖𝑗𝑐̃ = 𝑒𝑖𝑗𝑐̂ − 𝑃(𝜁𝑖𝑗𝑐 = 1) ⋅ 𝑍. (6) 
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𝑒𝑖𝑗𝑐̂ are the counterfactual years of schooling defined in equation (1). 𝑃(𝜁𝑖𝑗𝑐 = 1) is the likelihood 

of a girl with parental background j in country c to drop out from school due to pregnancy during 

the Covid-19 pandemic. To account for socio-economic differences in the probability of this event 

to occur and its consequences for the educational career of girls, 𝑃(𝜁𝑖𝑗𝑐 = 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). 7 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 and no clear conclusions can be drawn of how COVID-

19 affected births, in general, and teenage pregnancy rates (UNFPA, 2021). Hence, we rely on 

estimates on 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 indicates an increase in teenage pregnancy due to the pandemic of about 75%.8 

Based on this figure for the potential increase, and on data on adolescent birth rates before the 

pandemic, for each country we project the percentage point increase in adolescent birth rates. Then, 

we simulate the impact of this additional factor, besides of school closures, on the education of 

girls. Finally, we estimate, likewise to the estimations performed before, the resulting impact on 

secondary school completion rates. 

Figure 6 shows the results. The first bar shows, for each country, the likelihood of secondary school 

completion of girls born between 1987 and 1994, while the second bar shows the post-pandemic 

counterfactual; both already shown in Figure 4. The third bar, shows the post-pandemic 

counterfactual also considering the estimated increase in teenage pregnancy rates. It turns out that 

the potential increase in teenage pregnancy contributes marginally to further increase 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. 

                                                 
7 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.  
8 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. 
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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 help to counteract the problem of 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 girls of low socioeconomic background. In that case, the findings by Ferguson and Woodward 

(2000) would apply. Furthermore, lockdowns exacerbated the circumstances within the household 

that can lead to teenage pregnancy given that members were forced to stay at home for lengthy 

periods.  

5 Decomposition of effects and simulation of policy alternatives 

The impacts shown in the previous section 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. 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 7 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 taken place 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 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 8 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 
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of the partial correlation between parents’ and children’s education (i.e. the slope coefficient). The 

second bar shows the estimates obtained with improved online learning – i.e. setting the index for 

online learning tools, i.e. n 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 to have 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.9  

6 Long-run inequality 

Here we estimate the potential long-run repercussions of the effect of the pandemic on education 

on long-run earnings inequality. This exercise follows three steps. First, we simulate the 

counterfactual post-pandemic years of education for each individual in the affected group following 

the methodology explained in Section 2. Second, we estimate the earnings of each individual 

applying the returns to education to the actual years of education and the counterfactual ones. Thus, 

we obtain two earnings distributions: one in the absence of COVID-19 and one with our estimated 

post-pandemic effect. Third, we estimate the degree of inequality in these two distributions and 

compare them. The impact of the pandemic on long-run inequality is then identified as the 

difference between the inequality in the actual earnings distribution and its post-pandemic 

counterfactual. 

Importantly, for this exercise we include a further identifying restriction to the learning losses. 

While in the main analysis, years of education are understood as a human capital equivalent measure 

                                                 
9 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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attached to the instructional time, which is shocked by the pandemic, for the analysis of earnings 

estimates it is more meaningful to focus on completed full years of education. Hence, we translate 

our measure of instructional losses into full years of education. Hereby, we assume that an 

individual that suffers a moderate instructional loss, which following Kubitschek et al. (2005) we 

define to be less than 25% of a school year, may complete the school year. Instead, individuals who 

lost between 25% and 50% of instructional time in the two school years are assumed to lose an 

entire year of schooling. Individuals who lost more than 50% of instructional time lose the 

complete two years of irregular schooling time.10  

Figure 9 shows the average years of education of the 1987-1994 cohort in each country and the 

post-COVID counterfactual scenario estimated with our methodology and the further restrictions 

explained above. We call this a scenario of “cumulative instructional losses”, which should display 

the upper bound of the effect, in contrast to the “baseline scenario”, which displays the lower-

bound. In all countries the decrease in years of schooling is substantial, both in absolute and in 

relative terms. Furthermore, the average decrease is particularly high among the children of low 

educated parents (graphs showing the heterogeneities by parental background for each country are 

displayed in Appendix B of the Supplemental Material). 

To measure how these changes in average years of schooling translate into changes in earnings 

inequality, we estimate the permanent earnings of each individual.11 Earnings y are defined as: 

𝑦̂𝑖𝑠𝑐 = 𝑤̅𝑠𝑐 ⋅ 𝑟𝑠𝑐 ⋅ 𝑒𝑖𝑠𝑐 (7) 

Where e are the years of education of individual i. 𝑤̅𝑠𝑐 are the average monthly earnings of male 

workers (𝑠 = 𝑚) or female workers (𝑠 = 𝑓) in country 𝑐, which we retrieve from ILO data on 

labor statistics for each country. r are the wage returns to a year of full education for men or women 

in country c, which we retrieve from the literature review by Psacharopoulos and Patrinos (2018).12 

We estimate y using both, the actual years of education and the post-pandemic counterfactual 

                                                 
10 Estimates of changes in intergenerational mobility due to the pandemic using this alternative specifications are 
included in Appendix B of the Supplemental Material. 
11 An alternative to obtain predicted earnings would be to run a Mincer regression including years of education on 
labor earnings and then predict earnings using the counterfactual education of each individual. However, since most 
surveys either do not report labor earnings or have many missing values, we opt for this alternative estimation 
procedure to obtain a predicted measure for permanent earnings which varies by gender and education. 
12 For this exercise, we have the necessary information for all countries but Liberia, which hence is excluded from this 
part of the analysis. More information on the data that we use for these two measures is included in Appendix A of 
the Supplemental Material. 
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obtained applying the method explained in Section 2. Finally, we estimate the Gini coefficient of 

both earnings distributions.13  

Table 2 shows the results of the exercise. The values in the first column show the Gini coefficients 

derived from the earnings distribution estimated using the actual years of education of each 

individual. In the second column, the Gini coefficient is estimated on the counterfactual 

distribution of earnings, i.e. those estimated using the counterfactual post-pandemic years of 

education. The third column shows the difference between the two Gini coefficients and the fourth 

column the standard error of this difference. The upper panel of the Table shows the scenario of 

cumulative instructional losses explained above, the lower panel shows the baseline scenario. We 

observe that in the former, which can be considered an upper bound, the impact on earnings 

inequality is between one and four points of the Gini. In the latter, which can be considered a lower 

bound, the impact is on average halved, but still around one Gini point in most countries.  

Of course, the presented analysis has several caveats. It is based on several simplifying assumptions, 

some of them based on parameters that are also expected to change as a consequence of the 

pandemic. In addition, the estimate for earnings inequality that our analysis provides, measures the 

intra-cohort level of earnings inequality, which is not comparable with usual measures of wage 

inequality based on a wider population. Furthermore, since the statistics on monthly wages and 

returns to education belong to different years, the estimates are also not comparable across 

countries, but only within countries. Hence, the findings should be understand as merely indicative 

for the potential economic significance and persistence of the effect of the education channel in 

the long-run. Nevertheless, the results of this simple exercise are conspicuous. They suggestively 

show that the education channel is a factor that will play an important and determinant role for the 

impact of the pandemic on long-run inequality.  

7 Conclusions 

Using microsimulation and the framework proposed by Neidhöfer et al. (2021), we estimated the 

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 socio-economic backgrounds. 

We analyzed the potential mitigating impact of policies and proposed a straightforward first-order 

                                                 
13 Of course, this analysis gives only a static representation of the potential long-run consequences, abstracting from 
dynamic and endogenous effects on (i) earnings and (ii) returns to education, which are both likely to change as well 
as a consequence of the pandemic. However, estimating the effect of the pandemic on these two parameters would go 
beyond the scope of this work.  
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estimate of the potential effect on future earnings inequality caused by the pandemic’s predicted 

impact on education.  

Our findings show that the pandemic is likely to have a significant negative effect on average years 

of 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 to drop out from the 

education system without completing a secondary school degree.  

On average, 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 

to complete secondary education could decrease, on average, by 16 percentage points. Our 

simulation shows that, for several SSA countries, the likelihood of children from disadvantaged 

families to complete 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 Neidhöfer et al. (2021) for Latin America, which found some 

confirmation in current analyses of education drop-outs using administrative data for Brazil 

(Lichand et al., 2021). 

Furthermore, our projections of the impact on long-run inequality suggest that the education 

channel could become an important determinant of earnings inequality in the future. Although 

these findings have surely their limitations, they highlight 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 – Average days of instructional time lost considering mitigation strategies 

 Days of instructional time lost  
in 2020 and 2021 

… in percentage of the regular school years 

 
disadvantaged 

children 
advantaged 

children 
disadvantaged 

children 
advantaged 

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.  

 
 

 

 
Table 2 – Long-run effect of human capital loss on intra-cohort wage inequality 

 Intra-cohort wage inequality (Gini coefficient)   

 pre-COVID post-COVID Δ s.e. 

Scenario of cumulative instructional losses 

Ethiopia 0.655 0.675 0.019 0.001 

Ghana 0.539 0.552 0.013 0.001 

Kenya 0.254 0.293 0.039 0.002 

Malawi 0.683 0.708 0.025 0.001 

Nigeria 0.466 0.497 0.031 0.002 

South Africa 0.161 0.204 0.043 0.002 

Tanzania 0.439 0.464 0.025 0.001 

Baseline scenario 

Ethiopia 0.655 0.664 0.008 0.000 

Ghana 0.539 0.545 0.006 0.000 

     

Kenya 0.254 0.267 0.013 0.001 

Malawi 0.683 0.689 0.006 0.000 

Nigeria 0.466 0.478 0.011 0.001 

South Africa 0.161 0.184 0.024 0.001 

Tanzania 0.439 0.446 0.008 0.000 

Notes: Columns show predicted intra-cohort earnings inequality, measured by the Gini coefficient, in the 
pre-pandemic and post-pandemic counterfactual, their difference, and the standard error of the difference. 
Upper part of the table shows scenario considering cumulative instructional losses, while lower part shows 
the baseline scenario. Source: National household surveys, own estimates. 
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Figure 1 – Predicted impact of the pandemic on secondary school completion 

 
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 2 – Predicted impact of the pandemic on secondary school completion by parental 
background 

 
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 3 – Change in the intergenerational persistence of education due to the COVID-19 
pandemic 

 
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 4 – Heterogeneous impact of the pandemic on secondary school completion by gender 

 
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 5 – Predicted change in the gender gap in secondary school completion due to the pandemic 

 
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 6 – Predicted impact of increasing teenage pregnancy on secondary school completion 
rates 

 

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 7 – Evaluation of the impact of educational policies on reducing the effect of the pandemic 
on intergenerational mobility 

 
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 8 – Policy simulation exercise to evaluate the combination of measures that would allow to 
cushion the effects of the pandemic on education 

 
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 surveys, 
own estimates. 
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Figure 9 – Change in average years of education due to the pandemic considering cumulative 
learning losses 

 
Notes: Bars show the pre-pandemic and counterfactual post-pandemic average years of schooling 
considering cumulative learning losses. Source: National household surveys, own estimates. 
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