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Abstract 

Scholars have started to estimate the effects of non-pharmaceutical interventions to reduce 

the health impact of COVID-19. However, the empirical evidence is highly contested, and 

since it is not known exactly what would have happened without those measures, political élites 

are left free to give credit to the voices that they prefer the most. We argue that any sensible 

assessment of the effectiveness of anti-COVID policies requires methodological reflection on 

what is actually comparable, and how to approximate the ideal “method of difference” 

theorized by John Stuart Mill. By evaluating the effectiveness of school closures as an anti-

COVID policy, we provide two examples in which appropriate counterfactuals are inductively 

discovered rather than selected a priori. In the first one, we use Coarsened Exact Matching 

(CEM) in a cross-country setting, while in the second one, we implement the Synthetic Control 

Method in a within-country analysis. The article highlights the methodological advantages of 

including these techniques in the toolbox of policy scholars, while both examples confirm the 

effectiveness of school closures. 
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1 Introduction 

One of the main divides in the fight against the spread of COVID-19, especially in the first 

phases of the pandemic, has been the divide between countries that chose a more voluntary 

approach, based on recommendations, and countries that opted for stricter regulations, 

including school closures, travel bans and lockdowns (Capano et al., 2020; Ceron et al., 2021). 

In Europe, the benchmark for the first type of approach has been the Swedish model, which 

explicitly avoided imposing severe restrictions, especially regarding children’s school 

attendance, mask wearing, and lockdowns (Andersson and Aylott, 2020; Pierre, 2020; 

Wenander, 2021). 

The debate on the preferability of this liberal approach has assumed multiple nuances, and 

it is also for this reason that the model has attracted so much political interest. Assessment of 

its effectiveness in containing infections and deaths has obviously been at the centre of the 

arguments (Brusselaers et al., 2022), producing a polarized public discussion. For many, the 

most natural comparisons for what the media have dubbed the “Swedish experiment” are the 

other Nordic countries, which have adopted a more restrictive precautionary approach (Gordon 

et al., 2021). However, others, including the Swedish state epidemiologist Anders Tegnell, 

have suggested that Finland and Norway are outliers and, for a series of social and demographic 

reasons, Sweden should be rather compared to some West or Central European countries 

(Milne, 2021; Pickett, 2021; Schultz, 2021). 

Clearly, “numbers are not facts [and] don’t speak by themselves” (Stone, 2020), and, to 

attribute a causal effect to any policy, researchers need more than some arbitrary paired 



3 

 

comparisons. The reason derives from the famous second canon of John Stuart Mill, which 

governs the so-called “method of difference”: 

If an instance in which the phenomenon under investigation occurs, and an 

instance in which it does not occur, have every circumstance save one in common, 

that one occurring only in the former; the circumstance in which alone the two 

instances differ, is the effect, or cause, or a necessary part of the cause, of the 

phenomenon. (Mill, 1843: 455) 

Unfortunately, in real social life, such perfect twins rarely exist. Nonetheless, they must at 

least be presumed, because the same notion of causation relies on the possibility of comparing 

an observable with a potential outcome, what happened with what would have happened if a 

certain condition did not occur, or in case of a different treatment (Collins et al., 2004). This 

counterfactual notion of causality goes back to the works of the philosopher David Lewis 

(1973a, 1973b), and it has been recognized as providing relevant insights for any causal test in 

the field of social and political sciences (Brady, 2008). 

In the absence of a perfect counterfactual, and in the impossibility of generating its 

surrogate as in controlled social experiments, scientists still try to approximate that ideal 

comparison also in observational studies. However, once again, the question is as follows: 

which countries are better suited to acting as counterfactuals for assessing the Swedish COVID 

policy? Are they Nordic countries, with similar geography and socio-economic characteristics, 

or other West or South-European countries, with similar population sizes? In fact, a major 

problem in assessing the impact of any policy, and tracing the causal relationship between a 

set of government decisions and their outcomes, is that of identifying appropriate 
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counterfactuals and avoiding the risks of selection bias. Selection biases are common to both 

qualitative and quantitative research designs, because they simply reflect the potentially 

relevant differences between the compared units receiving and not receiving the treatment, 

such as implementing or not implementing a certain policy (Angrist and Pischke, 2009; King 

et al., 1994). 

Furthermore, the decision of whether to introduce certain policy solutions also depends on 

the extent and intensity of the problem itself. For example, employing restrictive policies to 

limit the diffusion of COVID-19 is not independent from the spread of the virus itself – that is, 

from the outcome that one may want to explain. To use the experimental jargon, the treatment 

is not randomly assigned, but it is endogenous to the causation process. This greatly 

complicates the search for appropriate observational counterfactuals, which may sometimes 

not even exist. 

Using the case of anti-COVID policies, especially the contested decision to close schools, 

this paper explores two different econometric options to overcome this limit, identifying or 

constructing appropriate counterfactuals, and eventually testing causal hypotheses. The paper 

is organized as follows. The next section introduces the different arguments in favour of and 

against closing schools to restrict the diffusion of COVID-19. In section 3, a matching strategy 

helps test the effectiveness of this policy by comparing 31 European countries during the first 

six months of 2021. Section 4 implements the synthetic research method in a within-country 

comparison of the effects of school openings in Italy, one of the countries that has recorded the 

highest coronavirus infection tolls. The final section discusses the implications of these results 

for the community of policy scholars and concludes. An online appendix complements the text 

with descriptive statistics and robustness tests. 
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2 The problem: to distance or not to distance (teaching)? 

When, COVID-19 arrived in Europe at the beginning of 2020, one of the first policy 

decisions made was to shut down schools and universities. No country, not even Sweden, kept 

all schools entirely open during the first months of the pandemic (Pashakhanlou, 2021). Using 

the first component of the stringency index developed by Hale et al. (2021), specifically 

dedicated to the closing of schools and universities, it is possible to trace the adoption of this 

measure throughout the first year and a half of the pandemic. This component is an ordinal 

scale in which the value of zero is given to countries without restrictions; one is attributed if 

closures are simply recommended or if the usual organization of teaching necessitates major 

alterations; two when closures are decided only for certain levels or types of schools; and three 

is given in the case of generalized closures. Moreover, in the case of restrictions applied only 

to particular parts of the country, the value on the scale is reduced by half a point. Figure 1 

reports the evolution of this scale, translated into a 0-100 index, for 31 European countries 

during the period from January 2020 to June 2021.1 

The first mover was Italy, in which some regional governments chose to close schools at 

every level on 24 February 2020. The decision was shortly followed by other regions until 

eventually, on March 4, a national decree suspended all in-person teaching. Italy acted first 

because it was the first European country to be heavily hit by the virus, but the others soon 

made similar decisions. Twenty-six countries out of thirty-one enacted a general closure before 

the end of March 2020, although some kept distance teaching and learning until the end of the 

 

1 The sample includes all EU member states, plus the United Kingdom, Switzerland, Norway and Iceland. 
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school and academic year, while others gradually relaxed the restrictions, and one country, 

Switzerland, entirely cancelled them before June 2020. 

 

Figure 1 The 0-100 index of school closing in 31 European countries in the period between 

January 2020 and June 2021 

 

In autumn 2020, with the opening of the new school and academic year, many countries 

again had to resort to closures in concomitance with the upswing in infections of the second 

wave of the pandemic, but this time the picture was much more differentiated and nuanced, as 

highlighted by the large cross-country and longitudinal variation of the index in Figure 1. 

Governments were once again faced with the difficult choice between delaying the return to 
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normality for millions of children and adolescents, and risking a further upsurge in the number 

of new infections. Some countries, such as Latvia and Finland, chose a rather stable policy 

halfway between full closure and full liberalization. Others, such as Portugal and Greece, 

constantly adapted their restrictions in response to the signals coming from the continuous 

monitoring of the health situation. 

Political, administrative and institutional factors account for the differentiated strategies 

(Capano et al., 2020; McConnell and Stark, 2021; Toshkov et al., 2021), but their public 

justification has been facilitated by uncertain epidemiological evidence. Indeed, the first studies 

partially disagreed on the effectiveness of these measures, to say nothing of the feared 

psychological and educational consequences of protracted school closures, as well as the wider 

vulnerability concerns complicating the policy-makers’ decisions (Flor et al., 2022). 

Particularly influential, at least in supporting the strategy to keep schools open for 

adolescents, was the report published in July 2020 by the Swedish public health agency, which 

concluded that “closing of schools had no measurable effect on the number of cases of COVID-

19 among children” (Folkhälsomyndigheten, 2020: 14). The analysis was based on a 

comparison of confirmed cases in the 1- to 19-year-old segment of the population in Finland 

and Sweden, with the former country implementing a generalized school closure between 

March and May 2020, while the latter only recommended distance-learning for higher 

education institutions and upper secondary schools. The lack of any effect of school 

openings/closings was attributed to the fact that children had comparatively lower viral loads, 

which reduced their risks and their transmission capacity (Ludvigsson, 2020). While the report 

was criticized due to the limited testing implemented at that time by Sweden, similar results 
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were found by research based on contact tracing amongst Norwegian primary school pupils 

(Brandal et al., 2021). 

Several other studies conducted to evaluate the effectiveness of school closures using a 

range of diverse methodologies have confirmed the scepticism about this kind of restrictive 

policy, not least because children at home may interact with each other in any case (Park et al., 

2020). Simulated policy combinations on the demand for hospital services have been tested in 

the UK, with the conclusion that each intervention on its own is insufficient to control the 

circulation of the virus (Davies et al., 2020). The non-systematic contribution of school 

openings to the second wave of the pandemic after the summer break has been confirmed for 

Italy and Germany using large official datasets (Gandini et al., 2021; Isphording et al., 2020). 

Time-series Bayesian models have shown that school closures in Japan did not have any 

mitigating effect on the transmission of the infection (Iwata et al., 2020). Finally, a meta-

analysis performed by Busa et al. (2021) summarizes the differences between the present 

COVID-19 pandemic and the better-known transmission of influenza, raising doubts as to the 

effectiveness of the traditional school closures usually applied to combat the latter while 

underlining the resulting severe psychological costs for children and adolescents. 

On the other hand, studies focused on different parts of the world and adopting a broader 

perspective, less centred on children and teachers, have reported more promising effects of 

closures. Profiting from the diverse timing of school closures in spring 2020 in different US 

states, Auger et al. (2020) were able to attribute the variation in COVID-19 incidence and 

deaths to that policy. Rauscher and Burns (2021) ran a more fine-grained analysis in which 

they matched similar and neighbouring counties that differed mostly for the period in which 

school closures were implemented, and they were also able to highlight some further 
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conditional factors for the effectiveness of the restrictive measure. A similar research design 

was adopted to analyse the epidemiological dynamics in Italy in autumn 2020, this time 

exploiting the diverse school openings in three Italian regions after the vacation period and 

confirming their role in spreading the virus (Tosi and Campi, 2021). 

A potentially confounding element for the causal attribution of the outcomes to that specific 

policy is the presence of other measures or recommendations. To assess the effect of school 

policies separately from the impact of other measures, Stage et al. (2021) comparatively 

analysed school closures and openings in Norway, Sweden, Denmark and Germany by 

“generating a counterfactual projection of daily cases or hospital admissions, which accounts 

as much as possible for events prior to, but excluding, school closure”(3). Even when 

controlling for other measures, the number of new cases typically started to decrease one week 

after the enforcement of school restrictions, confirming the centrality of this type of policy in 

tackling the spread of the virus. 

The studies reported above are just a sample of the abundant scholarly literature on the 

issue. With few exceptions, there is no specific attention to case selection or to the 

meaningfulness of the implicit or explicit comparisons because of the rush to provide an 

empirical foundation for evidence-based policy decisions. This lack of consideration may bias 

the conclusions of these quantitative analyses in the same way as the use of inappropriate 

reference countries for the evaluation of the Swedish anti-COVID policies discussed in the 

introduction. 

In what follows, I introduce and exemplify two different techniques – matching and 

synthetic controls – that put the appropriate identification strategy at the centre of their 

methodological attention. I expect that closing schools – once a plausible set of covariates, 
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including other restraining policies, has been controlled for – has a negative effect on the 

diffusion of the virus. The research focuses on the second and third waves of the virus in Europe 

to avoid any confounding factor due to the early surprise and absence of any previous 

experience in coping with the emergency. The hypothesis is first assessed in a cross-country 

comparison and then from a within-country perspective in Italy, one of the countries most 

affected by the virus. The various techniques used to identify the appropriate counterfactuals 

are introduced together with the specific research design used in each empirical test. 

3 Matching cases in a cross-country comparison 

As highlighted in Figure 1, some governments chose tougher restrictions on school 

attendance to counter the spread of the virus, while others did not. Were these measures 

effective? To answer this basic question, I retrieved weekly data on the incidence of new 

certified COVID cases during the first six months of 2021, when the different European 

governments already had the opportunity to define and test their strategies after the new wave 

of autumn 2020. 

The treatment variable is the previous enforcement of highly restrictive regulations on in-

person teaching, defined as more than 75% of the scale of the school closing index (Hale et al., 

2021).2 The right-hand side of the equations includes the lagged dependent variable, that is, the 

incidence of new cases in the previous week, to control for temporal autocorrelation and reflect 

the path-dependent diffusion of the virus (Beck and Katz, 1996). Models further contain the 

 

2 This specific threshold corresponds to the mandatory closing of schools at all levels, only potentially 

moderated by its geographical scope or by the weighted weekly average. More details are provided in the 

supplementary material. 
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following controls: a) the previous presence of other rigid containment policies, computed on 

the remaining seven subcomponents of the stringency index; b) the lagged percentage of the 

fully vaccinated population, which is expected to reduce the spread of the virus; c) the 

cumulative incidence of COVID deaths, which may impact the fears and attitudes of citizens, 

and on compliance with government regulations, inducing more prudent behaviours (Goolsbee 

and Syverson, 2021); and d) the number of COVID tests, which should be directly associated 

with the discovery of new cases. In Table 1, the first regression implements panel corrected 

standard errors (PCSE), model 2 opts for a panel regression with country fixed effects (FE) as 

a safeguard against omitted variables, while model 3 keeps those fixed effects together with 

the more conservative panel corrected standard errors. 

Table 1. Estimating the effect of closing schools on the incidence of new cases 

 (1) (2) (3) 

 PCSE FE FE-PCSE 

L. New cases (1000000) 0.88*** 0.82*** 0.82*** 

 (0.03) (0.02) (0.04) 

L. School closing dummy -69.10 -80.49 -80.49 

 (60.57) (67.07) (75.34) 

L. Other policies -97.39 -168.08* -168.08* 

 (86.00) (85.78) (101.19) 

L. Fully vaccinated (100) -9.70** -6.40** -6.40 

 (3.81) (3.03) (4.13) 

Total deaths (1000000) -0.03 -0.52*** -0.52*** 

 (0.03) (0.09) (0.16) 

Tests (1000) 0.15 1.68*** 1.68** 

 (0.36) (0.52) (0.72) 

Constant 241.05*** 479.36** 479.36* 

 (64.78) (192.71) (272.16) 

Country fixed effects    

    

N 775 775 775 

Countries 31 31 31 

R-squared 0.85 0.86 0.86 

Note: Standard errors in parentheses   *p < 0.10 **p < 0.05 ***p < 0.01 
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The three models return a substantially similar picture, which thanks to the inclusion of the 

highly significant lagged dependent variable is further supported by a large explained variance. 

In model 1, the signs of all the coefficients reflect the original expectations, but only the share 

of the fully vaccinated population is systematically associated with a lower number of 

infections. The incidence of COVID deaths and the number of tests are not related to the 

outcome, failing to reach standard levels of statistical significance. However, what is more 

important for the analysis is that the school closure policy does not seem to significantly reduce 

the diffusion of the virus, nor do the other containment policies. 

The null finding regarding school closures is confirmed by the second and third models, 

both including country fixed effects. However, their inclusion improves the behaviour of some 

control variables, which, in addition to confirming the expected direction of the association, 

become statistically significant at least to some degree. These empirical results would represent 

a powerful argument for those opposing the closure of schools and partially support those 

resisting the imposition of restrictions tout court. 

However, all these models potentially suffer from a relevant shortcoming, because the 

decision to close schools was not randomly assigned. Simply regressing the available 

observations assumes that they are similar in all relevant respects except for the treatment 

variable, whereas they are obviously not. The inclusion of control variables is a partial solution, 

but a more direct search for counterfactuals is needed to avoid biased interpretations of causal 

effects. In fact, “even when all the confounding covariates are measured […] it can be difficult 

to properly control for them if the distributions of the predictors are not similar across groups, 

[that is, if there is a] lack of balance” between those observations that received the treatment 

(the policy) and those that did not (Gelman and Hill, 2007: 200). 
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Let us consider the example of the impact of the incidence of new COVID cases in a certain 

week on that same incidence the week after. That quantity is taken into account by policy-

makers to decide for or against closures: the greater the incidence of new cases, the more likely 

governments are to decide to close schools to reduce the further spread of the virus. This is 

clearly a situation of “lack of balance” among groups on some relevant factor affecting both 

the treatment and the outcome. If the lagged incidence of new COVID cases wholly explained 

the introduction of restriction policies, there would only exist either countries with many 

infections and consequent school closures, or countries with few contagions and open schools. 

In other words, there would not exist any counterfactuals, having two perfectly separated 

groups. In reality, other factors contribute to the adoption/rejection of such policies, so that a 

certain degree of overlap is likely to exist. 

The L1 statistic introduced by Iacus et al. (2011) provides a useful measure of the level of 

imbalance between the treated and untreated groups. It ranges from 0, in the case of perfect 

balance, to 1 in the case of perfect separation, and it can be intuitively conceived as the 

complement to 1 of the degree of overlap between the two distributions on a single variable or 

on multiple ones. The top part of Table 2 provides measures of this overall measure of 

imbalance, together with some further details on the distributional imbalances of the original 

sample consisting of 177 country-week observations with school closures and another 598 

without such a policy.3 

 

 

3 Following the good practices in these circumstances, I have included in the procedure variables that are 

supposed to “affect both the treatment assignment and, controlling for it, the dependent variable” (Negri, 2022), 

i.e., all the variables with the exclusion of testing, which is associated with the outcome but not with the policy. 
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Table 2. Imbalances in the raw and in the matched sample  

Raw sample L 1 Avg Min Med Max 

L. New cases (1000000) 0.28 1030.80 84.98 794.7 788.16 

L. Other policies 0.34 0.34 0.00 0.00 0.00 

L. Fully vaccinated (100) 0.27 -5.50 0.00 -3.20 -39.35 

Total deaths (1000000) 0.30 -59.90 0.00 -254.05 -347.30 

Multivariate 0.81     

Balanced sample L 1 Avg Min Med Max 

L. New cases (1000000) 0.09 3.10 84.98 42.11 -119.18 

L. Other policies 0.00 0.00 0.00 0.00 0.00 

L. Fully vaccinated (100) 0.23 -0.57 0.00 -0.82 2.04 

Total deaths (1000000) 0.01 -36.77 0.00 -66.03 -111.82 

Multivariate 0.59     

 

 

The overall imbalance of the pre-treatment covariates is rather high, with L1 equal to 0.81. 

All factors present some degree of imbalance, which manifests itself in the rather large 

difference in average between the two parallel distributions, but also in the median values and 

sometimes even in the minimum and maximum ones. For example, the average incidence of 

new COVID cases in the instances that introduced school closures was almost double – 1031 

more cases per million inhabitants – than in the observations that chose not to apply restrictions. 

Moreover, at that time, countries that adopted that type of restrictive policy were lagging 

behind in terms of vaccinations, having an average 5.5% fewer fully vaccinated inhabitants 

than did those that opted for a more liberal approach. 

Matching – and more specifically Coarsened Exact Matching (CEM) (Blackwell et al., 

2009; Iacus et al., 2012) – is a procedure with which to reduce the level of imbalance in a 

sample to allow a more robust test of the causal effect of the treatment, that is, the school 
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closure policy.4 By identifying sufficiently similar observations, and pruning those without 

appropriate counterfactuals, CEM “pre-process(es) raw data so that the treatment group 

becomes as similar as possible to the control group on a set of covariates chosen by the 

researcher” (Negri, 2022). 

I applied CEM to the original sample using the covariates listed above, obtaining a more 

balanced sample consisting of 360 country-week cases, 115 experiencing the school closure 

policy and the other 245 not. As detailed in the lower part of Table 2, the multivariate L1 index 

in the balanced sample is now equal to 0.59, 27% smaller than before. 

Including more covariates in the process to obtain a better match is not necessarily 

recommended. First, that strategy would have produced a much larger reduction in the number 

of observations, with the risk of entirely losing some of the countries covered by the analysis, 

whereas I managed to keep all the original 31 European nations.5 Second, and most 

importantly, the univariate values reported in Table 2 show that the matching procedure has 

already produced a substantial reduction in imbalances on all covariates, not only in their 

averages but also in the whole distributions of the data, making the treated and non-treated 

groups much more similar in many respects.6 For example, the average gap in the incidence of 

new cases has diminished from 1031 to just 3, and all the other average distances have 

 

4 There is a range of matching techniques aimed at solving the problem, and the choice also depends on the 

characteristics of the data. For a reader interested in the statistical properties of CEM compared to other matching 

strategies, see Iacus et al. (2011, 2019) and (Nielsen, 2020). 
5 Sample size and balance are in fact the two criteria with which the soundness of matching should be 

evaluated (King et al., 2017; Nielsen, 2020). A smaller sample would have probably also required a different 

model, like a simple OLS, while keeping the initial panel structure allows a better comparison between the original 

and the matched regression results. 
6 As stated by Blackwell et al. (2009: 531), “the absolute values [of L1] mean less than comparisons between 

matching solutions”. 
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disappeared or have been greatly reduced. The same applies to the median and maximum 

discrepancies. Regardless, the supplementary material contains some robustness analyses that, 

at the cost of reducing the number of countries included in the matched sample, further increase 

the matching but still confirm the same results. 

The last stage of the matching process is to estimate again the effect of the policy only on 

the matched cases and with the appropriate weights defined by CEM. Tackling the remaining 

imperfect balance of the sample by further including the original covariates as control 

variables, Table 3 reports the results of this final step of the estimation strategy. 

 

Table 3. Estimating the effect of closing schools on the incidence of new cases using the 

balanced sample 

 (1) (2) (3) 

 PCSE FE FE-PCSE 

L. New cases (1000000) 0.93*** 0.98*** 0.98*** 

 (0.03) (0.03) (0.05) 

L. School closing dummy -188.11*** -238.59*** -238.59*** 

 (52.19) (52.45) (49.23) 

L. Other policies -7.79 -165.01** -165.01*** 

 (50.27) (74.22) (57.07) 

L. Fully vaccinated (100) -18.51*** -14.52** -14.52** 

 (6.83) (6.75) (7.46) 

Total deaths (1000000) -0.06 -0.57*** -0.57*** 

 (0.05) (0.14) (0.20) 

Tests (1000) 0.13 0.80 0.80* 

 (0.18) (0.71) (0.46) 

Constant 294.00*** 765.46*** 765.46*** 

 (108.76) (208.51) (255.00) 

Country fixed effects    

    

N 360 360 360 

Countries 31 31 31 

R-squared 0.88 0.92 0.92 

Note: Standard errors in parentheses   *p < 0.10 **p < 0.05 ***p < 0.01 
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The new results show some similarities but also some important differences compared to 

the previous regressions. The coefficients of all variables again have the expected sign. The 

lagged dependent variable and the diffusion of vaccines are systematically associated with the 

outcome in all three models, while the number of tests turns out to be significant only in the 

last one. The two regressions that include fixed effects also present systematic relationships for 

the index summarizing several other containment policies, as well as for the cumulative 

incidence of COVID deaths. 

However, what is most interesting is that the reductive effect of closing schools and 

universities on the incidence of new COVID cases now stands out as highly statistically 

significant and large in magnitude under all the different model specifications. Using the 

coefficient of the last regression, and all other things being equal, introducing the closure policy 

produces a decrease in the number of new weekly cases equal to 0.024% of the population, 

which is roughly equivalent to 4100 fewer weekly infections for a country of average size such 

as the Netherlands. Given the mean fatality ratio in the dataset, it would also represent 

approximately 80 fewer weekly deaths from COVID in that same benchmark country. 

Considering that reduced contagion also implies a decreasing probability of others being 

infected week after week, it is easy to understand why this policy is so central to the debate on 

so-called “nonpharmaceutical anti-COVID interventions”. The empirical evidence provided by 

a matched sample, approximating the requirements of John Stuart Mill’s method of difference, 

reverses the initial findings and supports the choices made by the most prudent policy-makers. 
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4 Building counterfactuals in a within-country comparison 

Coarsened exact matching is but one specific method, particularly suited to continuous 

variables, within the family of matching techniques (Iacus et al., 2011; Nielsen, 2020). 

Matching helps identify the appropriate counterfactuals on which to run comparisons, but it is 

certainly not the only approach useful for improving the capacity to infer the causal effects of 

a policy. Sometimes, counterfactuals are not discovered or identified. Instead, they are (in a 

sense) built by the technique itself, as in the “synthetic control method” (Abadie et al., 2015). 

In this approach, the counterfactual against which to compare the trajectory of the case of 

interest is assembled by an appropriate weighted linear combination of the other cases. It is 

synthetically manufactured to maximize its resemblance to the object of the analysis before the 

treatment (Abadie et al., 2010; Abadie and Gardeazabal, 2003). 

The synthetic control method is ideal for analysing situations in which a certain policy has 

been formulated and implemented in one specific unit, and longitudinal data before and after 

that intervention are available for that treated unit and multiple others without that intervention. 

As such, and in more or less sophisticated versions, it has been used to investigate the effects 

of mandatory face masks in Germany (Mitze et al., 2020), and of lockdown measures in the 

United States (Friedson et al., 2021), Chile (Herrera and Godoy-Faúndez, 2021), Wuhan 

(Yang, 2021), Wenzhou and Shanghai in China (Tian et al., 2021). The method can also be 

applied to multiple treated units, comparing the average trajectory followed by those that have 

adopted a certain policy or experienced certain events compared to their average synthetic 

counterfactual (Cavallo et al., 2013). 
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This latter possibility is used in the within-country comparison of Italian provinces below. 

In Italy, legislative and administrative powers on several issues related to health and education 

are decentralized to the regional level, although some (e.g., the definition of the school 

calendar) may be further delegated to an even more local level. The pandemic has fostered a 

sudden, and often disordered, recentralization of many decisions. For instance, as stated in 

section 2, the first school closures were decided in February 2020 by some regional 

administrations, but then a national decree extended that decision to the entire country. The 

openings of schools for the new 2020-21 year were again decided locally, although mixed 

teaching methods were defined centrally for the universities and, after a few weeks, a new 

national decree again ordered distance teaching for all high schools and restricted the options 

for primary and lower-secondary schools according to the severity of the local epidemiological 

situation and the so-called “colour-coding system” (Giuliani, 2022). Thereafter, the colour 

differentiation was extended to upper secondary schools, fixing different percentages of class 

filling according to the severity of the health conditions, and eventually all schools and 

universities were ordered to close in the so-called “red regions”. 

The overall process was often confused, if not contradictory, and offered the chance for 

opportunistic politicized behaviour in a centre-periphery game that certainly did not help 

combat the pandemic (Capano, 2020). Paradoxically, if fine-tuning the strictness of the 

regulations according to the epidemiological conditions seems to be a sensible decision, it was 

a uniform national decision that somehow delayed the arrival of the second wave in Italy 

(Coppola and Ryan, 2020; Manica et al., 2021). 

Whatever the best overall strategy should have been, I profit from the different timings of 

some decisions regarding the opening of schools after the summer break to again test the 
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contested effects of school attendance on the spread of the virus. Different Italian regions 

decided to start the new school year on different dates. Students living in the autonomous 

province of Bolzano were those who returned to school earliest, on September 7; several 

regions opted to open the schools on September 14; and another group started almost two weeks 

later.7 If the return to school had an effect on the spread of the virus, there should be an earlier 

increasing trend of COVID infections in the provinces that started earlier compared to those 

that started later. 

This approach is similar to the one followed by Isphording et al. (2020), who exploited the 

large differences in the timing of the return to school among German Länder – from the 

beginning of August to the middle of September. They compared county cases two weeks 

before and three after the end of the vacation period, using as counterfactuals for the Länder 

whose students were going back in class, those who were still on vacation together with those 

who had re-opened at an earlier date. Isphording and colleagues counterintuitively found that 

“the end of summer breaks is associated with a distinct decrease [and not increase] in the 

number of SARS-CoV-2 cases” (14). The new organization of the school environment is 

prudently cited among the reasons explaining their unexpected findings, although they also 

admit that the results are mostly driven by “states with early summer breaks”. This means that 

the negative effect of the return to school was mostly determined by a trend experienced in 

August, well before the onset of the second wave in the country. 

 

7 Having weekly data, I approximate the exact dates to the closest Monday to reflect the actual presence of 

students in class. In some regions, the original dates were postponed by the governors a few weeks before the start 

of classes, whilst in Sicily the regional government first allowed the deferral from 14 to 24 September only for 

schools used as polling stations for a national referendum, and then extended the possibility to all kinds of schools, 

producing, de facto, a general rescheduling. 
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The different timings of school openings have also been used in the Italian setting by 

Gandini et al. (2021), who employed the effective reproduction number Rt at the regional level 

as the dependent variable. Amongst other analyses, the authors provide a series of longitudinal 

graphs paralleling pairs of supposedly comparable cases – Trento and Bolzano, Abruzzo and 

Marche, Veneto and Apulia, Calabria and Sicily – whose main difference was thought to be 

exactly the diverse return to school by students. After a mostly visual inspection of seven-day 

moving averages, Gandini et al. (2021: 7) conclude that they “did not find an unequivocally 

constant delay between school opening and Rt rise”. 

Their identification strategy is questionable: Sicily de facto opened its schools on the same 

day as Calabria; Bolzano and Trento had large pre-treatment differences in their trajectories, 

so that they are not an ideal comparison; Veneto and Apulia are an odd pair of regions to 

compare, while Marche and Abruzzo, which actually show similar trends towards the end of 

September, have large confidence intervals before that period that make it difficult to evaluate 

the soundness of the comparison. I propose to improve Gandini et al.’s identification strategy 

by extending it to all Italian provinces and with a more systematic definition of the 

counterfactuals. 

The outcome of interest is again the incidence of new weekly cases, considering as 

treatment the early opening of schools. A series of COVID-related variables is used to construct 

an appropriate synthetic counterfactual through a weighted linear combination of the provinces 

that opened schools later, located in the regions of Abruzzo, Apulia, Basilicata, Calabria, 

Campania, Sicily and Sardinia. Especially considering the clear North–South divide in the 

location of the provinces belonging to the two groups, the identification of a synthetic 

counterfactual as a linear combination of non-treated cases is defensible only if it can 
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demonstrate an ability to sufficiently well approximate the treated cases in the pre-treatment 

period, i.e., before the opening of the schools. 

After a series of multivariate panel tests, available in the online appendix, I decided to use 

two groups of variables as predictors associated with the outcome for the identification 

strategy. The first includes a set of epidemiological indices: the incidence of overall and active 

cases, the number of COVID tests performed per thousand persons, the positivity rate, and the 

reproduction number Rt. The second group involves demographic quantities: the population of 

the province, its density per square kilometre, and the share of students’ population. Using 

these predictive variables, and merging with the appropriate weights the provinces in which 

children returned to school later, the synthetic control method is able to simulate the average 

trend of infections in a counterfactual province as similar as possible to those that actually 

opened schools earlier, except for the fact that it did not. Figure 2 compares the actual average 

trajectory with that of this synthetic counterfactual. 
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Figure 2 Incidence of new cases for school early opening provinces, and their counterfactual  

 

The comparison starts in early June, and in the plot it is possible to see how close the two 

trends are until the week before the school openings, marked by the solid vertical line. The 

model has in fact a low pre-treatment root mean squared prediction error (RMSPE=4.77), the 

statistic that evaluates the soundness of the counterfactual before the policy or the event. The 

trajectory of the provinces with schools that opened earlier (solid blue line) started to diverge 

from the synthetic counterfactual (dashed red line) a couple of weeks after the early openings, 

anticipating the surge in new cases that involved all provinces soon after. Thereafter, the gap 

between the two lines increases so much that the post-treatment RMSPE is more than twenty 

times larger than before, which is usually considered a useful indicator of the non-random 

character of the deviation (Abadie et al., 2010). 
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Using a sample of 1000000 placebo tests, it is possible to assess the statistical significance 

of the gap between the trajectory of the provinces that opened schools in early September and 

that of their synthetic counterfactual: the difference between the two trends became systematic 

three weeks after the first openings. The divergence remained statistically significant until the 

eleventh week, i.e., fourteen days after the implementation of the new government decree of 3 

November 2020, which closed all high schools in the country and contributed to the sharp 

common decrease in contagions clearly seen in the graph. 

To complement this analysis, the same approach is replicated by selecting the “treated” unit 

as the sole province of Bolzano, which was the only one that opened its schools on September 

7, and including in the donor pool only those provinces that opened their schools more than 

two weeks later.8 Running the synthetic control method, the left panel of Figure 3 plots the 

actual and counterfactual trajectory of the infections for Bolzano. The pre-opening prediction 

error is still very low (RMSPE=4.58), while the post-treatment RMSPE is more than 60 times 

larger, confirming the visual departure of the actual Bolzano from its counterfactual. 

 

 

 

8 I lately found a work by Alfano et al. (2020), who similarly applied the synthetic research method on the 

early opening of schools in Bolzano. However, they defined the donor pool differently, focused on a shorter 

period, used daily instead of weekly data, and opted for a different set of predictive covariates and a different 

outcome – log total cases since August 1. Interestingly, the results are similar. 
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Figure 3 The incidence of new COVID cases in Bolzano and its synthetic counterfactual (left 

panel), and the effect of the early opening, together with the placebo effects (right panel) 

 

The two trajectories start to diverge consistently from the 40th week, that is, three weeks 

after the opening of schools in Bolzano Province. By running a complete set of placebo tests, 

whose effects are plotted in the right panel of Figure 3, it is possible to test the statistical 

significance of that separation, which becomes systematic only after the fourth week following 

the end of the summer break. Due to the rapidly deteriorating situation, the national government 

later imposed a common national framework with a long list of measures to curb the spread of 

the virus, including curfews, school and business closures, mobility restrictions, etc. The 

implementation of those measures contributed to the sharp decline in new COVID cases after 

the 45th week, and favoured the convergence of the incidence of infections between Bolzano 

and the provinces that opened their schools much later. 

5 Conclusion: what can we learn? 

This article is a methodological exercise with some substantive results. While summarizing 

the latter, I want to reflect on the advantages of the former and on its far-reaching significance. 
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The research first implemented a matching strategy to test the effect of school closures in a 

comparative setting. It showed how closure produced the expected decrease in infections even 

after controlling for a set of other covariates, including different containment policies. The 

magnitude of the effect is sizeable, implying a reduction of approximately 240 weekly 

registered cases per million people. In our sample, and using the respective average fatality rate 

in that period, the value corresponds to a number of fewer COVID deaths per week ranging 

from less than 1 for Iceland, to 500 for Germany. 

 The synthetic research method was then applied to Italian sub-national data on the mirror 

case of early school openings. The results confirm the plausible expectation that school 

attendance, with all its indirect spillover effects, is a systematic channel for the spread of the 

virus. Provinces that opened school earlier experienced a surplus of infections that peaked after 

a few weeks, producing an excess of almost 2000 registered cases per million people compared 

to those in which students went back to school later. The gap was reabsorbed only when the 

Italian government approved new homogeneous restrictive rules at the beginning of the second 

wave of the pandemic. 

Many studies point to school opening/closing as one of those non-pharmaceutical 

interventions with the largest direct and indirect effects (Li et al., 2021; Liu et al., 2021). There 

has been much debate on this issue worldwide, with systematic reviews and meta-analyses 

trying to summarize the findings of multiple empirical studies, and making explicit the 

economic, psychological and educational downside of this kind of policy (Busa et al., 2021; 

Krishnaratne et al., 2020). Several scholars in this research field explicitly design, look for, 

model, match or reconstruct some counterfactual against which to compare the cases of interest 

(e. g. Auger et al., 2020; Cunha et al., 2021; Gordon et al., 2021; Rauscher and Burns, 2021). 
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Notably, with a few exceptions, these comparisons are not performed by political scientists 

and, apart from some economists, not even by the more comprehensive category of social 

scientists. 

It is probably true that there is already a large and motivating agenda for policy scholars 

interested in the governance of the pandemic (Dunlop et al., 2020; Weible et al., 2020), but the 

methodological point goes beyond COVID policies. By approximating the canons defined by 

Johns Stuart Mill almost two centuries ago, the tools exemplified in the article support the quest 

for causal relationships and evidence-based arguments, going beyond the simple identification 

of systematic associations (Stuart, 2010). 

This is relevant for policy practitioners and academic scholars as well. They are both 

concerned with checking whether a problem has been solved, moderated, unaffected, or even 

exacerbated by the government’s intervention. The first are interested in that assessment for 

prescriptive reasons, while the latter because evaluation remains one of the traditional phases 

of the policy cycle, and its insights feed back on any analyses of the preceding phases. 

Furthermore, that assessment is often connected to ethical and normative issues (Silverman et 

al., 2020), making that final stage of the cycle intrinsically political (Bovens et al., 2006). 

Getting the comparisons right is a fundamental passage for those focusing on outcomes, as 

well as for those concerned with the politics of policy-making. Political (and policy) science 

was born comparative, and the issue of what is appropriate to compare has always been one of 

its methodological concerns (Sartori, 1991). The alternative is just what he called 

“parochialism” and “ad hoccism”, that is, idiosyncratic explanations that cannot support 

scientific claims, let alone causal attribution. Going back to the topic that motivated the 

methodological exercise of this research, no one doubts that the effectiveness of a country’s 
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anti-COVID strategy cannot be assessed by comparing a nation in the middle of Europe to 

some isolated island at its antipodes – say New Zealand and Japan. However, selecting 

comparable cases and occurrences within a supposedly homogeneous continent is already a 

more complex issue, and simply running regression models on any available data is not the 

best strategy to avoid biased results. 

Matching is a way to identify bottom-up sensible comparisons, especially when the 

researcher is confronted with new and complex issues that need to be approached but that are 

outside his or her comfort zone (and there is no doubt that COVID policies are one of those 

cases). It could also be a way of selecting the most similar cases for a successive qualitative 

analysis (Nielsen, 2014). The synthetic control method further helps produce comparable units 

whenever the available observations share too little and cannot even approximate the 

requirements of a most similar research design. The method gives its best results when only 

one unit is treated, a circumstance in which many other techniques fail or cannot be applied, 

but it can be implemented also  in other settings (Abadie, 2021). 

Both techniques can be conceived as some sort of “augmented comparison”, helping the 

researcher to satisfy as close as possible those that are long known prerequisites for 

comparatively testing any hypothesis. Their application is not even an issue of the Qual/Quant 

divide (Plumper et al., 2019), since “what makes a statistical treatment theoretically significant 

has nothing to do with statistics” (Sartori, 1970: 1037). Counterfactuals are the essence of 

causal attribution (Brady, 2008; Paul, 2009), and the search for the most similar world should 

matter for any kind of comparison. 
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