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Abstract

:

This paper uses a new measure of human capital, which distinguishes both quality and quantity components, to estimate the long-term effect of the COVID-19-related school closures on aggregate productivity through the human capital channel. Productivity losses build up over time and are estimated to range between 0.4% and 2.1% after 45 years, for 12 weeks and 2 years of school closure, respectively. These results appear to be broadly consistent with earlier findings in the literature. Two opposing effects might influence these estimates. Online teaching would lower economic costs while learning losses in tertiary education (not considered here) would inflate them. Policies aimed at improving the quality of education and adult training will be needed to offset or, at least, alleviate the impact of the pandemic on human capital.
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1. Introduction


The COVID-19 pandemic has entailed the partial or full closure of schools in almost all countries around the world. The loss in learning can hardly be made up and so may have a long-term economic impact on the students affected, with possible enduring macroeconomic consequences. This paper provides estimates of the long-term macroeconomic effect of the COVID-19 shock on multi-factor productivity and per capita income. First, the impact of school closure is estimated on both the quantity and quality of education, where the latter is represented by the likely effect on internationally standardised school tests (the OECD’s Programme for International Student Assessment, PISA). These quantity and quality effects are then combined into an overall effect on a new measure of human capital using estimated weights based on recent work described in Égert et al. (2022). Human capital is an important pillar of the United Nations’ Sustainable Development Goals (SDG): one SDG indeed focuses on education and argues that enhancing human capital to confront future challenges should preferably go through improving the quality of human capital rather than via an increase in the quantity of education. The OECD’s PISA assessments is an effective way to monitor progress in the education SDG (OECD 2017).1



The impact of these human capital losses on productivity are estimated to range between 0.4% and 2.1% after 45 years for 12 weeks and 2 years of school closure, respectively. These results are broadly in line with earlier findings for the US economy by Dorn et al. (2020) and Viana Costa et al. (2021). They are, admittedly, on the conservative side as they do not include the effects of the pandemic on tertiary education. On the other hand, online learning in primary and secondary schools implemented by countries have presumably alleviated those losses. Policies aiming at improving the quality of education and adult training will be needed to offset or, at least, alleviate the impact of the pandemic on human capital.



The remainder of the paper is organised as follows. Section 2 discusses school closures in OECD countries. Section 3 presents some mitigation measures. Section 4 summarises the findings of the existing literature with regard to the macroeconomic impact of the COVID-19 pandemic. Section 5 and Section 6 provide new estimates on the impact of the pandemic on human capital and productivity, respectively. Section 7 provides concluding remarks.




2. Stylised Facts about School Closures in OECD Countries


From March 2020, most countries took the decision to close schools as one of the first actions to fight the spread of the virus. On average across OECD countries, school buildings have been fully closed for 13 weeks and partially closed for a further 24 weeks, between March 2020 and October 2021, which combined is equivalent to around one full school year.2 These average numbers hide large disparities across countries. While schools in Switzerland and Iceland were closed less than 10 weeks, school closures in Korea, Chile and Colombia lasted nearly one and a half years (Figure 1). These decisions, which were taken with the aim of combating the spread of COVID-19, are likely to have substantial long-term impacts on well-being and the economy via the loss in learning that they entailed. Previous occurrences of school closures, albeit not on a global scale, suggest they shrink the scope of new knowledge and erode previously acquired skills, depending on the extent and quality of virtual learning.3




3. Mitigation Measures Have Been Implemented to Alleviate School Closures


In most OECD countries, teaching continued online or through email and photocopies. In some countries, such as Latvia or the United Kingdom, radio and TV educational programmes were provided.4 The impact of those measures varies with households’ IT endowment5 and internet access across regions and countries, teacher experience in remote teaching and the ability of parents to help children. Indeed, evidence suggests that students in disadvantaged households, students who do not speak the language of instruction at home, pre-primary students and students at the key point of learning (how to read–write) have been more affected by the pandemic (Azevedo et al. 2020 and Hanushek and Woessmann 2020). Teenagers suffered more in terms of engagement (for those who struggled with autonomous learning), socialisation and mental well-being (isolation, cyberbullying).



As regards internet access, in many OECD countries, less than half of rural households are located in areas where fixed broadband or mobile internet at sufficient speeds was available at the time of school closures. Even when there was no connection problem, some students did not receive a sufficient number of hours of schooling. For instance, at the beginning of the pandemic, in the United Kingdom, 71% of children in State schools received no or less than one daily online class (Green 2020). In Germany, only 6% of students had online lessons on a daily basis and more than half had them less than once a week (Woessmann et al. 2020). Those mitigation measures have probably partly offset the effect of school closures but almost no evaluation of their effectiveness is available yet.




4. The GDP Effect of Pandemic School Closures in the Existing Literature


Human capital plays a key role in growth theory with various empirical macroeconomic studies suggesting that human capital is an important determinant of growth (Lucas 1988; Romer 1990; and Aghion and Howitt 1998). While the pandemic is not fully over, some researchers have already provided estimates of the economic cost of school closures through the human capital channel. Most of them have looked at the loss in lifetime earnings for students affected by the pandemic. These studies suggest that there will be a significant impact on the individuals most directly affected (for a review see Psacharopoulos et al. 2021).



A few papers have tried to quantify the macroeconomic consequences of school closures. Researchers have used different methodologies. For instance, Dorn et al. (2020) set up various scenarios to produce back-of-the-envelope calculations. Viana Costa et al. (2021) derive the economic costs using microsimulation model calculations. The calculations of Hanushek and Woessmann (2020) use macro regression analysis, which links GDP per capita to student test scores in a multi-country error-correction framework.6 The approach used here is similar in spirit to Hanushek and Woessmann (2020), though it differs in important ways: here a measure of the stock of human capital is used rather than student test scores of specific cohorts and multivariate productivity regressions are estimated linking productivity to human capital in the presence of a number of control variables such as innovation intensity, product market regulation and trade openness.



The empirical findings of the literature, standardised to a one-year school closure, imply a non-negligible impact of the crisis on the level of GDP ranging from −1.1% to −4.7% around 2040–2050 (Table 1). According to Dorn et al. (2020) and Viana Costa et al. (2021), by around 2040/2050, school closures inflict a loss of up to 1.8% on the level of GDP. Hanushek and Woessmann (2020) find a much larger impact of −4.7%.7




5. The Impact of School Closures on the Stock of Human Capital


5.1. The Assumptions Underlying the Calculations


All pupils at school in 2020 have been affected by the pandemic. To calculate the effect of the loss in schooling on human capital, a number of simple stylised assumptions are made (Appendix A):




	
A child attends school between the age of 3 and 18, so that 16 cohorts are potentially impacted in any year and any country;



	
Each cohort impacted will enter the labour market one after the other with the first cohort entering in 2021 (those aged 18 in 2020) and the last one in 2036 (those aged 3 in 2020) (Table 2);



	
Assuming a working life of 47 years (roughly between the ages 19 and 65 and assuming no increase in the retirement age), one cohort affected by the pandemic, representing 1/47th of the labour force, will enter the labour force each year. Under these stylised assumptions, by 2033 all the affected cohorts will be in the working age population. At that point, they will represent 32% of the working age population, which will be the peak impact on human capital and will be sustained for around 30 years until the retirement of the first cohort that was affected by school closures (Figure 2). At the same time, cohorts in the labour force in 2021 will gradually retire. By 2083, all the affected cohorts will have retired.








An important assumption is that all cohorts are affected the same way. This might not be completely true for two reasons. First, younger cohorts might suffer more than older ones, if the Heckman hypothesis about the importance of early childhood education holds true (Elango et al. 2015). Second, remote working was working better for older cohorts mastering digital tools better than young kids in kindergarten. This is partly offset by learning losses in the final year of secondary school with no opportunity to catch up the following year (except at university), whereas for younger students, the education system will have many more years to help them catch up.




5.2. The Empirical Estimations Underlying the Impact Analysis


This paper exploits a new measure of human capital, derived in Égert et al. (2022), that makes use of mean years of schooling and OECD data from the Programme for International Student Assessment (PISA) and the Programme for the International Assessment of Adult Competencies (PIAAC). The new measure is a cohort-weighted average of past PISA scores (representing the quality of education) of the working age population and the corresponding mean years of schooling (representing the quantity of education). Weights for PISA and mean years of schooling are estimated from the data. The idea underlying the new measure can be summarised as follows:




	
PIAAC adult test scores could be used to calculate a cohort weighted stock measure of human capital. Nevertheless, PIAAC has limited country coverage and the PIAAC-based human capital measure has one observation in time, hence making it ill-suited for cross-country time series regression analysis to establish a link with productivity.



	
For this reason, PIAAC adult test scores are matched with mean years of schooling and PISA student test scores of the corresponding cohort who took the student tests as 15-year-olds. PIAAC test scores are then regressed on matched PISA test scores and mean years of schooling. This approach has two important advantages. First, the estimated human capital measure covers a wider set of countries and many more years than is available for PIAAC. Second, and very importantly, the relative weights of the quality and quantity components are not imposed or calibrated, unlike in the existing literature, but are estimated directly.



	
Feeding the new stock measure of human capital into productivity regressions shows that the elasticity of the stock of human capital with respect to the quality of education is three to four times larger than for the quantity of education (Table 3). The new measure of human capital shows a robust correlation with productivity for OECD countries in cross-country time-series panel regressions, suggesting that a negative shock to human capital may generate important macroeconomic losses. Annex A visualises the COVID-19 impact.








Based on this new measure and the elasticities reported in Table 3, the effect of the pandemic can be computed separately on PISA scores and mean years of schooling (MYS).



The existing literature, reported in Table 4, provides the extent of learning losses, as reflected in student tests scores, related to school closures occurring because of pandemic restrictions. These studies compare student test scores before and after school closures in 2020 and 2021. Most results suggest substantial learning losses, despite generalised reliance on distant learning arrangements in all OECD countries.



On the one hand, it seems reasonable to assume that the longer the school closure the larger the learning loss. On the other hand, the additional marginal learning losses due to extended school closures might become weaker over time in the presence of online learning,8 as (i) students and teachers learn the use of online learning tools over time, (ii) internet access can be improved/subsidised by the government, and (iii) the curriculum and teaching methods can be adjusted.



The hypothesis that learning losses might have become smaller after the 2020 summer break is tested by regressing learning losses on the duration of school closures reported in Table 4. Estimation results reported in Table 5 indicate that marginal learning losses get slightly smaller for school closures longer than 12 weeks.



Using these estimates, three scenarios are considered:




	
The effect of the Spring 2020 school closures experienced in many OECD countries, roughly corresponding to one-third of a school year closure. Such a period of school closure translates into a −2.6% decrease in mean years of schooling9 and, using the rule-of-thumb described above, a 0.14 standard deviation fall in PISA scores,10 corresponding to a 1.1% decrease in PISA scores.11



	
The effect of a one-year school closure, broadly corresponding to the average total (full and partial) school closures observed across OECD countries since the start of the pandemic and, according to a first assessment, to the learning loss of the most disadvantaged students in the United States (U.S. Department of Education 2022). This scenario translates into a −8.2% decrease in MYS and a −0.37 standard deviation fall in PISA scores, corresponding to a 2.9% decrease in PISA scores.



	
The effect of a two-year school closure, which occurred only rarely and broadly corresponding to the total (full and partial) school closure in Colombia, Chile, Korea, and Mexico since the start of the pandemic which translates into a −16.5% decrease in MYS and a 5.6% and a −0.72 standard deviation fall in PISA scores.









5.3. The Negative Effect of School Closures in the Alternative Scenarios


For each cohort impacted, the effects of the pandemic on MYS and PISA test scores are added up to estimate the overall effect on human capital. They are calculated using the elasticities of MYS and PISA with respect to human capital from the regression in Table 3. A population-weighted average of the impact of each cohort affected is then calculated to provide the global effect on human capital.



As noted earlier, three scenarios are computed corresponding to three different durations of school closure. For instance, if one observes 2036, the year when the last impacted cohort enters the labour force, in the first scenario (12 weeks of school closures), the combined effect of the loss due to reduced PISA scores and MYS on human capital will amount to −0.2% (−0.1% PISA score and −0.1% MYS) (Table 6). In the second scenario, the combined effect of the losses coming from a reduced PISA score and MYS on human capital will be −0.4% (−0.2% PISA score and −0.2% MYS) and in the last scenario it will reach −0.9% (−0.5% PISA score and −0.4% MYS).



The overall impact of school closures on human capital will be quite small in the coming years but could amount to a loss of almost 0.9% when all cohorts impacted will have entered the working age population from 2033 onwards, lasting until 2067 when the first cohort retires. The impact is the most important in 2067 as it is the year when all the impacted cohorts are in the older part of the labour force. The impact is the most important as their PISA score is the smallest. The effect of the pandemic will diminish until the last cohort affected retires in 2083 when the pandemic effect disappears (Figure 3).





6. The Impact of the Pandemic on Productivity


The impact of the pandemic on productivity (and per capita income) is assessed based on the productivity regressions linking human capital to multi-factor productivity (Table 6). They provide short-run and total long-run impacts and the trajectory to the long-run impact using an error correction model. The adjustment path is calculated using the estimated error correction term and the short-run policy effect from the error correction model.



Compared to most other policies included in the regression analysis, the long-run elasticity from human capital to productivity is relatively large (β = 2.4). The long lags mostly come from the cohort effect. These regressions imply that a one percent increase (decrease) in human capital is associated with a more than 2 percent rise (fall) in long-term productivity (Table 7). The impact on productivity is calculated for each cohort to take into account their differentiated entry in the labour force and their short-run and long-run impacts. A population-weighted average of each single cohort impact is then calculated to provide the total impact on the labour force.



The impact of school closures on productivity through the human capital effect is estimated for the three above scenarios. The impact will increase gradually as the student cohorts hit by the pandemic enter the labour force, reaching its peak in 2067. At that date, the impact of school closures on productivity will be −0.4%, −1.1% and −2.1% in the first, second and third scenarios, respectively. The impact will then vanish gradually until the last impacted cohort retires in 2083 (Figure 4). The impact is the most important in 2067 as it will be the year when all the impacted cohorts are in the older part of the labour force and the impact on human capital is the most important. These results are broadly consistent with much of the literature except for Hanushek and Woessmann (2020) who found a much larger effect. Those results would be equivalent, ceteris paribus, for the effect on GDP per capita.




7. Concluding Remarks


The COVID-19 pandemic has generated long weeks of school closures in many OECD countries that may have a long-lasting impact on human capital, productivity and per capita income levels. Based on the new measure of human capital developed in Égert et al. (2022), this paper suggests that school closure effects might be increasing over time and amounting to a loss of between 0.2% and 0.9% in human capital at the peak when all cohorts impacted will have entered the labour force between 2036 and 2067. The effect will diminish until the last cohort affected retires from the labour force at the age of 65 in 2083, the year the pandemic effect vanishes. These losses in human capital will in turn be translated into lower productivity by about 0.4% to 2.1% in 2067, broadly consistent with earlier findings in the literature. School closures will also have an impact on students’ mental health and social capital, which will also possibly affect productivity in addition to wellbeing. These results should be taken with some caution. First, they are based on the literature primarily looking at the effect of school closures at the first stage of the pandemic. Longer-term effects, measured in future PISA and other student assessments at different ages would provide more precision on negative educational outcomes due to school closures. Second, school closure might have affected macroeconomic productivity through a variety of other channels including homework.



To mitigate the COVID-19 impact on human capital is a non-trivial policy challenge because most if not all education policy reforms have long implementation lags implying that education policies mitigating the pandemic’s effect will not be able to reach the oldest student cohorts affected by COVID-19. An additional difficulty is that some policies concern the youngest students. For instance, extending and improving the quality of pre-school education, considered by many as the best bang for the buck, would come far too late for almost all student cohorts affected by the pandemic. Other education policy reforms, which are found to have a positive correlation with student test scores during normal times, but which might also help offset some of the losses for the younger generations in the aftermath of the pandemic, include increased school accountability and school autonomy, reduced early tracking and improved teacher quality and qualifications.



Further measures that could be implemented to help the catch-up of affected student generations include the following OECD (2020b); OECD-Education International (2021) and Molato-Gayares et al. (2022):




	
Extending the teaching time by reducing temporarily school holidays and/or adding hours in a school day.



	
Revising the curriculum to focus on key skills. Providing teachers with some training.



	
Considering the use of digital technologies to improve diagnosis of learning gaps and facilitate more individualised teaching practices.



	
Spreading collaboration and professional ways of working to increase teachers’ effectiveness.








For the cohorts that have already left school, it is important to strengthen the young adult training programmes. Yet, they are notoriously not very cost effective, and offsetting losses in learning at younger ages can turn out to be very costly for the government budget.



Overall, governments should do their best to compensate for the learning losses caused by the pandemic and to carefully monitor students’ learning to see whether some catch-up occurs. This is important not only because of the direct economic effects reported in this paper but also because such losses might have repercussions for future generations as the currently suffering young generations become parents: their offsprings’ education attainment might be affected by their parents’ misfortune. Solutions exist to avoid such a dire outcome but they need to be implemented quickly.
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Figure A1. The framework to assess the macroeconomic impact of the COVID-19 pandemic. 
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Notes


	
1

	

On SDG, see also Manioudis and Meramveliotakis (2022) and Tomislav (2018).






	
2

	

Data on the number of weeks of closures come from UNESCO and are available for full, partial and total closures. It is assumed for the purpose of calculations throughout the paper that a full school year is 38 weeks.






	
3

	

See Kuhfeld et al. (2020) for a summary of the literature on the loss of learning due to summer holidays, weather-related school closures and student absenteeism.






	
4

	

In some low income countries and disadvantaged areas, no offsetting measures were put in place leaving students without education for months (Vincent-Lancrin et al. 2022). See also Mazrekaj and De Witte (2023).






	
5

	

In some countries, children from lower-income households were provided digital material to participate in online learning activities (OECD 2020a).






	
6

	

Using a different perspective, Psacharopoulos et al. (2021) calculate the losses due to school closures in earnings in net present value terms.






	
7

	

The impact for 2050 has been computed by the authors by replicating the simulation that generates a GDP loss of 7.5% in 2100 reported in Hanushek and Woessmann (2020).






	
8

	

Some papers point out that online learning might even improve outcomes by providing the opportunity to review curriculum and provide more efficient teaching methods. Home learning might facilitate a more focussed learning environment for students, who can practice more if needed (Spitzer and Musslick 2021).






	
9

	

The percentage loss in MYS is calculated as the loss in schooling expressed in school years divided by the average MYS for the entire labour force. For example, for a loss of 0.32 school years assuming an average MYS for the entire labour force of 12 years implies a loss in MYS for that cohort of 2.6% (=0.32/12 × 100%).






	
10

	

For 12 weeks, the fall in PISA score is equivalent to 0.14 (12 × 0.012) standard deviation; for 1 year, it is 0.37 (12 × 0.012 + (38 − 12) × 0.009) standard deviation and for 2 years it is 0.72 (12 × 0.012 + (76 − 12) × 0.009) standard deviation.






	
11

	

Percentage loss in PISA = (Estimated impact × PISA standard deviation)/Base PISA score = (−0.14 × 36.1)/462.
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Figure 1. Duration of school closures between March 2020 and October 2021. Note: Full school closures refer to situations where all schools were closed nation-wide due to COVID-19. Partial school closures refer to school closures in some regions or for some grades, or with reduced in-person instruction. Total closures are defined as the simple unweighted sum of these two aggregates. Source: UNESCO. 
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Figure 2. The pandemic’s impact on the future labour force. Share of cohorts affected. Note: Figure 2 shows the share of cohorts affected by the pandemic in the working age population. Each cohort is assumed to enter the labour market at age 19 and has a working life of 47 years. The oldest cohort (those aged 18 in 2020) enters in 2021 and the youngest one (those aged 3 in 2020) in 2036. Source: Authors’ calculations. 
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Figure 3. The impact of school closure on human capital. Source: Authors’ calculations. 
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Figure 4. The impact of school closure on productivity. Note: For each year, the impact of the school closures is calculated as [1 − (1 + ρ)t−1](βx − γx) + γx, where ρ (−0.49)−, β (2.4) and γ (1.5) are the estimates for the speed of adjustment, the long run and the short run impact of the school closures, and x is the impact on human capital for each year. Source: Authors’ calculations. 
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Table 1. Studies estimating the effect of pandemic-related school closures. Estimated GDP effects rescaled to represent the effect of closing schools for one year.
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	Authors
	Countries
	Effect on GDP level





	Dorn et al. (2020)
	United States
	−1.1 to −1.8% (in 2040)



	Hanushek and Woessmann (2020)
	OECD countries and some emerging economies
	−4.7% (in 2050)



	Viana Costa et al. (2021)
	United States
	−1.8% (in 2051)







Note: Impact was calculated for 7 months and 0.8 school-year of school closure for Dorn et al. (2020) and Viana Costa et al. (2021), respectively. For comparison purposes, they have been converted proportionally into an impact for one school-year. The effect reported for Hanushek and Woessmann (2020) in 2050 is the authors’ calculation which is based on replicating the Hanushek and Woessmann simulation that reduces GDP by 7.5% in 2100. Source: Authors’ compilation.













 





Table 2. Cohorts affected by the pandemic: assumptions.
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	Oldest Cohort Affected
	Youngest Cohort Affected





	Age in 2020
	18
	3



	Year of entry in the labour market
	2021
	2036



	Year of retirement
	2068
	2083







Note: For the purposes of the stylised example, a person is assumed to go to school from ages 3 to 18 and to work 47 years from ages 19 to 65. Thus, 47 cohorts are in the labour market each year. This is reflected in the fact that the youngest cohort, aged 3 in 2020 enters the labour market in 2036 at the age of 19.













 





Table 3. Regression results explaining adult test scores.
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Coefficient of Variation






	
Dependent variable: log(adult test scores)

	

	

	
1.4




	
α

	
Constant

	
3.732 ***

	




	
(0.25)

	




	
β

	
log (Student test score), all cohorts

	
0.278 ***

	
1.5




	
(baseline effect)

	
(0.04)

	




	
δ

	
log (Student test score), cohorts 50–59

	
−0.009 ***

	
1.4




	
(additional effect)

	
(0.00)

	




	
θ

	
log (Student test score), cohorts 60–65

	
−0.015 ***

	
1.1




	
(additional effect)

	
(0.00)

	




	
λ

	
log (Mean years of schooling (MYS))

	
0.083 ***

	
5.0




	
(0.01)

	




	
Adjusted R-squared

	

	
0.934

	




	
Number of observations

	

	
220

	




	
Number of countries

	

	
34

	




	
Country fixed effects

	

	
YES

	








Note: *** denotes statistical significance at the 1% level, based on heteroscedasticity-robust standard errors (in brackets). PIAAC adult test scores are the average of scores on literacy, numeracy and problem solving. Student test scores are PISA scores extended backwards with two vintages of World Bank data (Altinok et al. 2018) using chain linking the different series in order to obtain the longest time series possible. Student test scores denote the average scores for reading, maths and science. The mean years of schooling represent the average number of years of education of a specific age group by country. The coefficient of variation is equal to the standard deviation divided by the median multiplied by 100. Source: Égert et al. (2022).













 





Table 4. Studies estimating the effect of school closures on student test scores.
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	Paper
	Country
	Duration in Weeks
	Effect on PISA in Standard Deviation





	Gore et al. (2021)
	Australia
	8
	0.00



	Maldonado and Witte (2020)
	Belgium (Flanders)
	9
	−0.24



	Gambi and de Witte (2021)
	Belgium (Flanders)
	10
	−0.18



	Angrist et al. (2020)
	Botswana
	12
	−0.29



	Lichand et al. (2021)
	Brazil
	26
	−0.32



	Clark et al. (2021)
	China
	7
	−0.22



	Vegas (2022)
	Colombia
	40
	−0.20



	Korbel and Prokop (2021)
	Czech Republic
	9
	−0.11



	Birkelund and Karlson (2021)
	Denmark
	22
	0.00



	Schult et al. (2021)
	Germany
	10
	−0.08



	Ludewig et al. (2022)
	Germany
	10
	−0.14



	Depping et al. (2021)
	Germany
	8
	−0.03



	Contini et al. (2021)
	Italy
	15
	−0.19



	Asakawa and Ohtake (2021)
	Japan
	11
	0.00



	Hevia et al. (2021)
	Mexico
	48
	−0.56



	Engzell et al. (2021)
	Netherlands
	8
	−0.08



	Haelermans et al. (2021)
	Netherlands
	10
	−0.17



	Schuurman et al. (2021)
	Netherlands
	8
	−0.09



	Meeter (2021)
	Netherlands
	10
	0.00



	van der Velde et al. (2021)
	Netherlands
	10
	0.00



	Skar et al. (2021)
	Norway
	7
	−0.24



	Jakubowski et al. (2022)
	Poland
	20
	−0.30



	Chaban et al. (2022)
	Russia
	14
	−0.27



	Ardington et al. (2021)
	South Africa
	22
	−0.22



	Arenas and Gortazar (2022)
	Spain (Basque country)
	12
	−0.05



	Tomasik et al. (2020)
	Switzerland
	8
	−0.20



	Education Policy Institute (2021)
	United Kingdom (England)
	10
	−0.09



	UK Department of Education (2021)
	United Kingdom
	18
	−0.17



	Blainey and Hannay (2021)
	United Kingdom
	9
	−0.08



	Rose et al. (2021)
	United Kingdom
	13
	−0.16



	Kuhfeld et al. (2022)
	USA
	28
	−0.19



	Kogan and Lavertu (2021)
	USA
	25
	−0.23



	Pier et al. (2021)
	USA (California)
	25
	−0.10







Note: The studies cited above estimate the impact of school closures by comparing student test scores before and after school closures. Source: Based on Patrinos et al. (2022) and Storey and Zhang (2021); Authors’ compilation.













 





Table 5. Regression results explaining the effect of the duration of school closure on student test scores by week.
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Dependent Variable: Effect of School Closures on Student Test Score in Terms of Standard Deviation






	
School closure less than 13 weeks

	
−0.012 ***




	
(0.002)




	
School closure equal to or more than 13 weeks

	
−0.009 ***




	
(0.001)




	
Adjusted R-squared

	
0.26




	
Number of observations

	
36








Note: *** denotes statistical significance at the 1% level, based on standard errors (in brackets). The impact and the duration of school closure come from Table 4. No constant is included in the regression because no school closure should have no effect on PISA scores. Source: Authors.













 





Table 6. The effect of the pandemic on human capital. Effect on human capital and its components in 2038.
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	1st Scenario

(12-Week Closure)
	2nd Scenario

(38-Week Closure)
	3rd Scenario

(76-Week Closure)





	Country examples in line with the scenarios
	CHE, ISL
	GRC, DEU, ITA, LTU, SVK
	CHL, KOR, MEX



	Mean years of schooling (in school year)
	−0.32
	−1.00
	−2.00



	PISA score (in standard deviation)
	−0.14
	−0.37
	−0.72



	Human capital (in %)
	−0.16
	−0.45
	−0.87







Note: The school year consists of 38 weeks in an average OECD country. The effect on human capital is a weighted average of the effects on Mean years of schooling and PISA scores, where the weights are estimated in Égert et al. (2022). Source: Authors’ calculation.













 





Table 7. Cross-country time series productivity regression. (OECD countries, 1987–2018).
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	Dependent Variable: Logged Multi-Factor Productivity
	Long Run
	Short Run





	Constant
	−2.463
	



	ETCR indicator
	−0.041 **
	−0.140 **



	Trade openness (adjusted for country size) divided by 100
	0.114 **
	0.044 **



	Business expenditures on R&D (% of GDP)
	0.080 **
	n.s.



	log(Human capital stock)
	
	



	Population aged 16–39
	2.359 **
	1.426 *



	Error correction term
	−0.049 **
	



	Adjusted R-squared
	0.960
	



	Number of observations
	524
	



	Number of countries
	32
	



	Time fixed effects
	NO
	



	Country fixed effects
	YES
	







Note: The human capital stock is based on log-log regression, with CFE. * and ** denote statistical significance at the 10 and 5% levels. Source: Égert et al. (2022).
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