
Supplementary Information567

Non-Pharmaceutical Interventions568

All NPIs considered in this study are listed in Tables 3 and 4. For each NPI, we list their possible levels of strictness and short569

description of each one (all information taken from the official website13). We have not considered Economic policies and570

policies H4, H5, H7, and H8 from the same database, as they do not directly affect the number of infections. Similarly, Vaccine571

policies were not considered, as they were largely not yet in effect at the time of this study. This selection matches that made by572

the Pandemic Response Challenge organizers.573

ID Description Coding

H1 Public information campaigns
0 No Covid-19 public information campaign
1 Public officials urging caution about Covid-19
2 Coordinated public information campaign (e.g., across traditional and social

media)

H2 Testing policy

0 No testing policy
1 Only those who both (a) have symptoms AND (b) meet specific criteria (e.g.,

key workers, admitted to hospital, came into contact with a known case, returned
from overseas)

2 Testing of anyone showing Covid-19 symptoms
3 Open public testing (e.g., “drive through” testing available to asymptomatic

people)

H3 Contact tracing
0 No contact tracing
1 Limited contact tracing; not done for all cases
2 Comprehensive contact tracing; done for all identified cases

H6 Facial Coverings

0 No policy
1 Recommended
2 Required in some specified shared/public spaces outside the home with other

people present, or some situations when social distancing not possible
3 Required in all shared/public spaces outside the home with other people present

or all situations when social distancing not possible
4 Required outside the home at all times regardless of location or presence of

other people

Table 3. Description and coding of the health system policies (H).
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ID Description Coding

C1 School and universities closing

0 No policy
1 Recommend closing or all schools open with alterations resulting in significant

differences compared to non-Covid-19 operations
2 Require closing (only some levels or categories, e.g., just high school, or just

public schools)
3 Require closing all levels

C2 Workplace closing

0 No policy
1 Recommend closing (or recommend work from home)
2 Require closing (or work from home) for some sectors or categories of workers
3 Require closing (or work from home) for all-but-essential workplaces (e.g.,

grocery stores, doctors)

C3 Cancel public events
0 No policy
1 Recommend cancelling
2 Require cancelling

C4 Restrictions on gatherings

0 No restrictions
1 Restrictions on very large gatherings (the limit is above 1000 people)
2 Restrictions on gatherings between 101-1000 people
3 Restrictions on gatherings between 11-100 people
4 Restrictions on gatherings of 10 people or less

C5 Close public transport
0 No policy
1 Recommend closing (or significantly reduce volume/route/means of transport

available)
2 Require closing (or prohibit most citizens from using it)

C6 Stay at home requirements

0 No policy
1 Recommend not leaving house
2 Require not leaving house with exceptions for daily exercise, grocery shopping,

and ’essential’ trips
3 Require not leaving house with minimal exceptions (e.g., allowed to leave once

a week, or only one person can leave at a time, etc.)

C7
Restrictions on internal
movement between
cities/regions

0 No policy
1 Recommend not to travel between regions/cities
2 Internal movement restrictions in place

C8
International travel controls
(policy for foreign travellers,
not citizens)

0 No restrictions
1 Screening arrivals
2 Quarantine arrivals from some or all regions
3 Ban arrivals from some regions
4 Ban on all regions or total border closure

Table 4. Description and coding of the containment and closure policies (C).
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Figure 8. Distribution of average relative errors for the fitted SEIRD model.
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Figure 9. Different classifiers used in the HMLE model.

Estimating the prediction error574

When the parameters of our SEIRD model are fitted to best match the data, the predictions closely match the actual number of575

infections. The average relative error (estimated by Equation 2) was 0.06, and for 190 territories, the relative error was smaller576

than 0.1; the error distribution is shown in Figure 8. This shows that although relatively simple, the SEIRD epidemiological577

model has an expressive power to accurately model the progress of COVID-19 infections, given “ideal” parameters.578

Then, we made the prediction of the number of COVID-19 infections using the HMLE method with predicted parameters579

instead of the fitted ones. All comparisons were made on 50 random time intervals from each of the 194 territories. For each580

method, we compared the difference between the actual and predicted numbers of infections, for each day of prediction – up to581

70 days in advance. Finally, for each day of prediction, the results from all territories were aggregated and the mean average582

error (MAE) was calculated. Before summing the errors, they were first normalized using each territory’s population. The583

top 5% of errors were removed – this was done as the epidemiological model is exponential in nature and a wrong parameter584

prediction can, in some cases, result in a numerous infections (e.g., it predicts that the majority of the population will be infected585

shortly). Such errors would numerically overshadow all others, and were thus removed. Note, however, that even without this586

error removal, the order of all compared methods remains the same.587

We compared the performance of using different machine-learning algorithms in our HMLE method. The results in Figure588

9 show that the Ridge linear model yields the smallest error, which is significantly better than the alternatives (MAE is 1.49589

times lower on day 70). One explanation for its good performance is that it does not over-fit the data due to its simplicity,590

while the other is that linear equations seem to describe the parameter changes given different NPIs well. Due to the observed591

performance, it was used in all other experiments. Similarly, in all cases, the prediction error was increasing with the length of592
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the prediction interval, and thus, prescriptions longer than 2 months were not used for multi-objective optimization.593

Social cost discussion594

The COVID-19 mitigation measures have proven challenging around the globe because they require a fundamental shift in595

human behavior54, 55. Understanding human behavior and risk perception is central to effective pandemic management, and596

social and behavioral sciences provide important insights to inform data-driven public policies and strategies to facilitate597

appropriate interventions51. To estimate risk perceptions of COVID-19 mitigation measures, we draw on the insights from598

emerging social science research on behavioral mechanisms that shape attitudes, perceptions, and decision-making during the599

pandemics. Because there is very little published social science research on the current pandemic, our decisions draw from600

different circumstances and the quality of the data varies (e.g., single studies versus systemic literature reviews, national versus601

cross-national surveys). Against this background, we predict risk perceptions for each measure based on the absolute levels of602

severity perception concerning the measures. While individuals may prioritize gains against losses in optimal decision-making603

(e.g., whether to go out to work and risk infection to earn money or to stay at home and avoid infection), in policy-making, the604

trade-offs are usually determined at the population levels as a public good56. Therefore, our estimates are overall ratings across605

populations from different cultures and socioeconomic backgrounds across WEIRD countries. We recognise the need for a more606

nuanced analysis and variation across countries55, 57; however, in the absence of consistent theoretical or empirical justification,607

we do not consider the effects of individual- or societal-level factors, such as socioeconomic and cultural contexts, laws and608

regulations, social norms, political beliefs, level of social trust, demographics, intrinsic motivations, and moral support.609

The evolution of preferences, knowledge, and the cultural dynamics drive behavioral change56; understanding these helps610

to inform individual and public decision-making. Considering that people calibrate expectations and behaviors to their specific611

circumstances, we assume that risk perceptions follow a typical learning curve58: in the first wave, we saw significant behavioral612

change and adherence at the outbreak when people, responding to fear and the unknown, were motivated to cooperate because613

both the risk of not adhering and the advantages of adhering became critical for one’s own well-being (i.e., perceptions of614

severe risk). Over time, perceptions were consolidated and moderated with greater population knowledge about the risk and615

experience with the pandemic (second wave). The third wave saw the introduction of vaccination, but also greater anxiety616

and trust issues with public health measures and related decrease in public support and overall ratings of efficacy of health617

instructions. With this in mind, we focus on the second wave, when everyone had initial experience with COVID and was able618

to consolidate severity perceptions. Policy implications should thus be interpreted with caution.619

Details about the multi-objective optimization results620

Results of the statistical significance tests are listed in Tables 5, 6, 7, and 8.621

Social weights GDP weights Combined weights
χ2(3) p χ2(3) p χ2(3) p

≈ 150.678 < 0.01 ≈ 119.309 < 0.01 ≈ 106.139 < 0.01

Table 5. Test statistic values and p-values obtained by the Friedman test for the condensed representation.

Social weights GDP weights Combined weights
χ2(3) p χ2(3) p χ2(3) p

≈ 192.876 < 0.01 ≈ 195.149 < 0.01 ≈ 191.473 < 0.01

Table 6. Test statistic values and p-values obtained by the Friedman test for the full representation.

Sample intervention plans622

All generated intervention plans for 50 different regions can be found on the result’s repository19. This includes intervention623

plans for different granularities and for different definitions of NPI’s cost, as well as actual NPIs recommended for each specific624

day.625

Figure 10 and Figure 11, however, list a few sample results for the reader’s convenience – presenting the predicted cost of626

different plans and their predicted epidemiological curves. From these examples, one can observe that our recommendations627

consistently outperform the actual implemented intervention plans. In addition, predictions often, but not always, closely628

match the reality in terms of infection numbers. An extreme example of an error can be found in Figure 11d. This can happen629

in cases where the actual NPIs are not very strict and thus the β parameter is high, as in these cases, a small change in the630

parameter values can lead to a significant difference in the outcome (in most cases, the predicted number of infections is overly631

pessimistic).632
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Pair Social weights GDP weights Combined weights
1 vs. 3 < 0.01 3 / 0 / 47 < 0.01 1 / 0 / 49 < 0.01 1 / 0 / 49
1 vs. 7 < 0.01 1 / 0 / 49 < 0.01 4 / 0 / 46 < 0.01 5 / 0 / 45
1 vs. 14 < 0.01 2 / 0 / 48 < 0.01 5 / 0 / 45 < 0.01 5 / 0 / 45
1 vs. 30 < 0.01 5 / 0 / 45 < 0.01 9 / 0 / 41 < 0.01 9 / 0 / 41
3 vs. 7 < 0.01 7 / 0 / 43 < 0.01 5 / 0 / 45 < 0.01 10 / 0 / 40
3 vs. 14 < 0.01 4 / 1 / 45 < 0.01 6 / 0 / 44 < 0.01 8 / 0 / 42
3 vs. 30 < 0.01 8 / 0 / 42 < 0.01 9 / 0 / 41 < 0.01 14 / 0 / 36
7 vs. 14 < 0.01 5 / 1 / 44 ≈ 0.07 11 / 0 / 39 < 0.01 13 / 0 / 37
7 vs. 30 < 0.01 12 / 0 / 38 ≈ 0.10 12 / 0 / 38 ≈ 0.78 22 / 0 / 28

14 vs. 30 ≈ 0.06 30 / 1 / 19 ≈ 0.10 29 / 2 / 19 < 0.01 31 / 1 / 18

Table 7. Adjusted p-values resulting from post hoc analysis and the comparison among various values of granularity for the
condensed representation. For example, 3 / 0 / 47 in the second row and third column indicates that the optimization with
granularity 1 compared to the optimization with granularity 3 performed better for 3 problem instances, equally for 0 problem
instances, and worse for 47 problem instances.

Pair Social weights GDP weights Combined weights
1 vs. 3 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50
1 vs. 7 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50
1 vs. 14 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50
1 vs. 30 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50
3 vs. 7 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50
3 vs. 14 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50
3 vs. 30 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50 < 0.01 0 / 0 / 50
7 vs. 14 < 0.01 3 / 0 / 47 < 0.01 2 / 0 / 48 < 0.01 3 / 0 / 47
7 vs. 30 < 0.01 7 / 0 / 43 < 0.01 11 / 0 / 39 < 0.01 2 / 0 / 48

14 vs. 30 ≈ 0.31 21 / 0 / 29 ≈ 0.38 27 / 0 / 23 < 0.01 9 / 0 / 41

Table 8. Adjusted p-values resulting from post hoc analysis and the comparison among various values of granularity for the
full representation. For example, 0 / 0 / 50 in the second row and third column indicates that the optimization with granularity 1
compared to the optimization with granularity 3 performed better for 0 problem instances, equally for 0 problem instances, and
worse for 50 problem instances.

Comparison of the proposed and implemented solutions633

In all 50 test cases, we compared the proposed solutions against the solutions actually implemented in real life (Table 9). Two634

types of comparisons were made. First, we compared the real solution against a proposed solution that had the same SEC as the635

implemented one – and then calculated how much the infections were reduced (e.g., if implemented solution had 1000 daily636

new infections on average, while the proposed solution with the same cost had 500, then the improvement was 50%). The637

second comparison was symmetrical, finding a solution with the same number of infections and calculating the improvement in638

SECs.639

When performing this comparison, we had to decide if we should use the real or predicted number of infections for the640

implemented solution. Both can be argued for, and both yield similar results – so in this comparison, we took the version with641

fewer infections for each test case, so that it would compare more favourably against our proposed solutions.642

The biggest limitation of this comparison is our definition of SECs. The real-life policy-makers were not optimizing for the643

exact same costs as we had defined, and for different definitions of SECs, the reported results could vary considerably.644
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Figure 10. Few examples of the proposed intervention plans. For these plans, we show their predicted number of infections
over time (a, c), as well as their trade-off between effectiveness and cost (b, d).
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Figure 11. Few examples of the proposed intervention plans. For these plans, we show their predicted number of infections
over time (a, c, e), as well as their trade-off between effectiveness and cost (b, d, f).
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Territory Start date Improvement (SEC) [%] Improvement (Infections) [%]
Argentina 2020-09-25 72.5 29.2
Argentina 2020-11-10 69.6 29.3
Argentina 2021-01-10 84.1 42.9
Argentina 2021-04-14 69.9 48.0
Belgium 2020-04-01 68.5 64.1
Belgium 2020-06-13 −75.2 −5.3
Brazil 2020-07-18 42.6 22.0
Brazil 2020-12-08 84.9 65.3
Czech Republic 2020-11-18 88.2 68.1
Czech Republic 2021-01-27 63.3 47.5
Czech Republic 2021-03-01 29.2 5.7
France 2020-05-07 −66.8 −29.4
France 2020-10-26 83.5 67.6
France 2020-11-24 83.7 63.5
France 2021-01-19 92.5 55.9
Germany 2020-12-05 82.1 64.6
Germany 2021-03-28 84.9 47.3
Greece 2020-05-05 53.9 8.4
Hungary 2020-10-08 93.1 63.0
Hungary 2020-11-10 73.4 57.6
Hungary 2020-12-25 76.6 62.1
Iran 2020-12-21 85.7 62.0
Israel 2020-09-18 55.1 72.2
Israel 2020-10-19 81.5 65.1
Israel 2020-11-19 94.9 51.8
Israel 2021-03-25 63.2 45.3
Italy 2020-11-01 74.5 60.0
Italy 2020-12-09 86.1 54.0
Italy 2021-01-29 76.8 55.1
Malaysia 2020-05-01 96.6 45.8
Portugal 2020-04-04 −90.0 −30.6
Portugal 2020-10-02 94.8 64.9
Portugal 2021-03-13 78.8 28.4
Slovenia 2020-10-25 88.9 59.8
Slovenia 2021-04-02 86.6 48.9
South Africa 2021-02-14 85.7 51.1
Spain 2020-05-15 94.1 64.3
Spain 2020-08-06 92.7 48.9
Spain 2021-01-18 81.7 48.8
Sweden 2020-05-31 38.9 10.8
Sweden 2020-07-12 80.3 48.2
Sweden 2020-11-13 92.2 62.0
Sweden 2021-03-05 93.9 57.4
Tunisia 2020-12-08 84.8 78.0
Tunisia 2021-05-13 94.5 75.8
United Arab Emirates 2020-09-28 93.3 57.4
United Arab Emirates 2021-03-21 89.6 62.1
United Kingdom 2021-03-27 76.4 50.3
United States 2021-04-14 36.3 51.3
Uruguay 2020-05-29 75.1 34.6
Average 47.1 68.8

Table 9. Relative improvement in the obtained solutions compared to the solution implemented in real life.
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