Questioni di Economia e Finanza
(Occasional Papers)

An epidemic model for SARS-COV-2 with self-adaptive
containment measures

Number

April 2022

by S. Marchetti, A. Borin, F. P. Conteduca, G. Ilardi, G. Guzzetta,
P. Poletti, P. Pezzotti, A. Bella, P. Stefanelli, F. Riccardo, S. Merler,
A. Brandolini and S. Brusaferro

681

Questioni di Economia e Finanza
(Occasional Papers)

An epidemic model for SARS-COV-2 with self-adaptive
containment measures

by S. Marchetti, A. Borin, F. P. Conteduca, G. Ilardi, G. Guzzetta,
P. Poletti, P. Pezzotti, A. Bella, P. Stefanelli, F. Riccardo,
S. Merler, A. Brandolini and S. Brusaferro

Number 681 – April 2022

The series Occasional Papers presents studies and documents on issues pertaining to
the institutional tasks of the Bank of Italy and the Eurosystem. The Occasional Papers appear
alongside the Working Papers series which are specifically aimed at providing original contributions
to economic research.
The Occasional Papers include studies conducted within the Bank of Italy, sometimes
in cooperation with the Eurosystem or other institutions. The views expressed in the studies are those of
the authors and do not involve the responsibility of the institutions to which they belong.
The series is available online at www.bancaditalia.it .

ISSN 1972-6627 (print)
ISSN 1972-6643 (online)
Printed by the Printing and Publishing Division of the Bank of Italy

AN EPIDEMIC MODEL FOR SARS-COV-2 WITH SELF-ADAPTIVE
CONTAINMENT MEASURES
by S. Marchettia, A. Borina, F. P. Conteducaa, G. Ilardib, G. Guzzettac, P. Polettic, P. Pezzottid,
A. Bellad, P. Stefanellid, F. Riccardod, S. Merlerc, A. Brandolinia and S. Brusaferroe
Abstract
During the Covid-19 pandemic, several countries have resorted to self-adaptive
mechanisms that allow non-pharmaceutical interventions to be tailored to local epidemiological
and health care indicators. These mechanisms reinforce the interdependence between
containment measures and the evolution of the epidemic, mostly overlooked by existing
epidemiological models. In our innovative approach, we instead develop a model that embeds
an algorithm mimicking the self-adaptive policy mechanism, effective in Italy since November
2020, and allows us to track the historical evolution of both health outcomes and restrictions in
the country. By focusing on the epidemic wave triggered by the onset of the Delta variant, we
compare the functioning of alternative mechanisms to show how the policy framework may
affect the trade-off between health outcomes and the restrictiveness of mitigation measures.
This trade-off varies considerably depending on specific conditions (e.g. vaccination coverage),
with less reactive mechanisms (e.g. those based on occupancy rates) becoming more
advantageous in favourable contexts.
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Introduction1

1

During the Covid-19 pandemic, public authorities faced the demanding task
of adopting mitigation policies to minimise the strain on health systems while
considering the socio-economic costs associated with them. At the onset of
the pandemic in spring 2020, several countries resorted to nationwide lockdowns, also given the high uncertainty about the impact of the novel disease on the national health systems. The effects of these policies have been
profound both for public health [28, 34, 63, 57, 17, 22] and socio-economic
variables worldwide [16, 18, 31, 11, 30, 46, 8, 19]. After the initial emergency,
a new surge in cases in autumn 2020 prompted many countries to introduce
tier systems of contingent measures based on epidemiological indicators such
as incidence and growth rates of confirmed cases and hospital bed occupancy
rates (e.g., Germany [36], the United Kingdom [75], and France [66]). Unlike
the initial lockdowns, these mechanisms allow for a dynamic adaptation of
non-pharmaceutical interventions (NPIs) to the evolution of the epidemic.
Compared with purely discretionary measures, such rule-based systems offer several advantages, including predictability and time-consistency of the
responses and geographical differentiation of the interventions within a common nationwide approach.
Analyses, often supported by an underlying epidemiological model, generally focus on the role of specific policy interventions (e.g., border closure [73],
mask mandate [1, 33], remote working [3], vaccination [59], school closures
[77, 7, 51, 69]). In particular, introducing a particular policy impacts the epidemic’s evolution everything else fixed. While still valid, such an approach
overlooks the critical interplay between the epidemic trajectory and response
mitigation policies observed in the real world. In other words, governments
tend to calibrate their policies and containment measures depending on the
epidemiological situation and its evolution following the enforced interventions. This aspect becomes even more relevant with rule-based mechanisms
in which the epidemic and restrictions interact almost automatically. In this
case, designing specific modeling tools is critical to studying and evaluating
possible epidemic trajectories under different self-adaptive mechanisms and
1
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informing the decision process of a policymaker aiming to select a policy that
meets her objectives in terms of health and social interaction outcomes.
This paper presents an epidemiological model for Covid-19, embedding
four alternative policy-response mechanisms, three of which enforced in Italy
after November 2020.The first o ne ( Rt-New P ositives), i n p lace f rom March
2021 to May 2021, is mainly based on the reproduction number, Rt - i.e.
the expected number of secondary cases per infectious individual at a given
time t - estimated on reported symptomatic cases and the weekly incidence.
The latter is primarily used by the second mechanism (Incidence), in force
from May to July 2021. The third mechanism (Occupancy rates), effective
since July 2021, considers occupancy rates of non-critical medical area (MA)
and intensive care unit (ICU) beds as leading indicators (see Methods and
Supplementary information). On top of actually implemented schemes, we
also design an additional mechanism that might be interesting from a policy perspective. The mechanism takes the reproduction number estimated
on hospital admissions in MA (Rt-Hospital admissions) as the main policy
indicator. As compared to the Rt-New positives mechanism, this alternative
scheme may accommodate the decoupling between the evolution of new cases
and that of hospital admissions induced by the high and long-lasting vaccine
protection against the severe disease have generated. Furthermore, the possibility of introducing a newly designed mechanism proves the flexibility of
our approach.
Following the weekly collection of epidemic indicators carried out by the
Italian Ministry of Health (MoH), the policy mechanism defines t he tierbased restrictions through an algorithm depending on the value of the indicators themselves. In particular, the MoH assigns each Italian region to a
zone of containment measures (white, with mild restrictions, yellow, orange,
or red, with near-lockdown provisions). Although the Italian government
adjusted the rule-based mechanism over time to accommodate changes in
the epidemiological setting (e.g., the onset of new variants, the progressive
achievement of high vaccination coverage), the provisions within each tier
have been mostly consistent over time, at least for unvaccinated individuals.
The four mechanisms are evaluated in terms of critical epidemiological indicators, like the number of daily new cases, occupancy rates in MAs and ICUs,
and the Italy Stringency index [20], an ad-hoc synthetic indicator measuring
the intensity of restrictions implemented in Italy throughout the pandemic
and which stems from the Oxford Stringency Index [32].
6

1.1

Related Work

A thorough understanding of the feedback between health outcomes and
economic activity proved crucial for policy-makers, to assess the extent to
which the impact of the economic-wide pandemic would distribute within a
country. In most cases, fully-fledged macroeconomic tools have been used to
investigate the effects of pandemic-related outliers on macroeconomic indicators (e.g., [48, 9, 15, 27]) or to explore the spillovers on trade and production
networks [14]. Our paper contributes to the literature on SIR-macro models, enabling macroeconomic impact assessment of alternative policy measures within a coherent analytical framework [10, 25, 2, 56]. In detail, we
integrate an extended SIR model with an algorithmic component enhancing self-adaptive adjustment of the infection rate levels based on epidemic
outcomes. Remarkably, the embedded algorithmic component mimes the
actual policy mechanism adopted by the Italian government. On a weekly
basis, rule-based evaluation of epidemiological indicators enforces adaptive
NPIs on a regional basis, to balance the health-wealth trade-off posed by the
Covid-19 pandemic [21]. To enable derivation of the epidemiological indicators required for the functioning of the policy mechanism, we extend the SIR
model and account for several transition paths of individuals across states,
allowing for geographic and demographic heterogeneity of the Italian population. Other works by national and international policy institutions featured
a static policy-oriented component and a SIR model to address such task [5,
12, 71]. Our contribution is the first to track the interplay between epidemiological dynamics and economic activity in a fully comprehensive framework
to the best of our knowledge.

2

Results

This section shows how our approach may provide illustrative scenarios for
the evolution of the Covid-19 epidemic. We assess and compare the impact
of different mechanisms of self-adaptive interventions on health and socialinteraction outcomes.
The core of our framework is the interaction between the SARS-CoV-2
transmission, modelled with an extended SIR model [47], and restrictions,
introduced through an algorithmic component that replicates the mechanism
implemented in Italy since November 2020. We test the impact of alterna7

tive self-adaptive rule-based mechanisms in the presence of the Delta variant
under different hypotheses on the vaccine rollout during the simulation period (July 2021-March 2022). However, we abstract from the emergence of
the Omicron variant in December 2021 since it would make the comparison
among the mechanisms less compelling. Further details Section Methods are
provided in the Section Methods and in the Supplementary Information.
Tab. 1 summarises the main results for the different policy mechanisms
and vaccination scenarios. Fig. 1 shows the evolution of the target variables obtained under the baseline (historical) vaccination campaign (Actual
rollout). Under all mechanisms, epidemic variables are characterised by two
waves as in the historical data. The summertime wave is attributable to
the onset of the Delta variant, whose spread was boosted by the increased
mobility observed throughout the first decade of July, in coincidence with
the European Football Championship. The fall-winter wave was driven by
several factors, possibly including the waning efficacy of the vaccines and
the increase in indoor social interactions associated with lower temperatures,
school re-openings, and a substantial return to workplaces. However, some
relevant differences across the mechanisms emerge.
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Policy
Mechanism
Rt-New positives
Incidence
Occupancy rates
Rt-Hospital adm.
Rt-New positives
Incidence
Occupancy rates
Rt-Hospital adm.
Rt-New positives
Incidence
Occupancy rates
Rt-Hospital adm.

New Positives
per day
2384 [2187, 2965]
3836 [3327, 5463]
7175 [6331, 8417]
3061 [2748, 3717]
2074 [1830, 2202]
2809 [2380, 3674]
4629 [3315, 6405]
2335 [2071, 2811]
3156 [2808, 3837]
5327 [4625, 7305]
9177 [8553, 10416]
3878 [3558, 4538]

Average MA
Occupancy Rate
3.6% [3.5%, 4.0%]
5.2% [4.7%, 6.6%]
7.8% [7.1%, 8.8%]
4.5% [4.2%, 5.1%]
3.1% [2.9%, 3.2%]
3.9% [3.6%, 4.6%]
5.3% [4.4%, 6.7%]
3.5% [3.3%, 3.9%]
4.5% [4.2%, 5.0%]
6.9% [6.3%, 8.4%]
9.8% [9.3%, 10.8%]
5.5% [5.2%, 6.3%]

Average ICU
Occupancy Rate
2.0% [1.9%, 2.5%]
3.3% [2.8%, 4.8%]
5.4% [4.7%, 6.6%]
2.7% [2.4%, 3.3%]
1.7% [1.6%, 1.9%]
2.4% [2.0%, 3.1%]
3.5% [2.6%, 4.8%]
2.0% [1.8%, 2.5%]
2.5% [2.3%, 3.1%]
4.4% [3.7%, 5.9%]
6.6% [6.0%, 7.9%]
3.3% [2.9%, 3.9%]

Stringency Index
(ItSI, average)
34.3 [33.6, 35.6]
28.0 [26.8, 29.8]
23.9 [22.7, 26.3]
31.2 [29.9, 34.1]
29.2 [26.9, 33.4]
24.9 [22.9, 26.9]
20.8 [20.3, 22.9]
28.0 [25.5, 30.0]
36.4 [35.0, 39.6]
30.7 [29.1, 32.0]
26.0 [25.2, 28.2]
34.8 [32.4, 39.0]

Table 1: Average values of new positives, MA occupancy rate, ICU occupancy rate, and the ItSI under each
mechanism (Rt-New positives, Incidence, Occupancy rates, Rt-Hospital admissions) in the period 07/2021
– 03/2022. Bounds report on the scenarios obtained from the sensitivity analysis run on the efficacy of
vaccines over time.

Pessimistic

Optimistic

Actual

Vaccine
Rollout

Figure 1: Comparison among mechanisms, Actual rollout. From left to right
and top to bottom: new cases (thousands), Italy Stringency Index (ItSI) [20],
occupancy rates in non critical medical areas (MA) and intensive care units
(ICU). The mechanisms evaluated are: i) Occupancy rates, reproducing the
mechanism operating in Italy from the end of July 2021, ii) Incidence, and iii)
Rt (New Positives), mimicking the policy frameworks operating, respectively,
from May to July 2021 and from March to May 2021, and iv) Rt (Hospital
Admissions), fictitious, reproducing Rt (New Positives) while replacing the
reproduction number, Rt, computed on new cases with the one on hospital
admissions. The hypotheses underlying Actual rollout are described in the
Methods and the Supplementary information.
First, Occupancy rates is the one that leads by far to the highest incidence
(Fig. 1, top-left panel), which results in the highest occupancy rates in the
hospitals (Fig. 1, bottom panels). Indeed, under this scheme, containment
measures are less responsive to changes in epidemic conditions, which entails
relatively longer waves of infections. At the same time, this low responsiveness implies a material reduction in the restrictiveness indicator as compared
to the other policy frameworks (Fig. 1, top-right panel).
Second, Rt-New positives guarantees consistently relatively fewer infec10

tions and hospitalisations but at the cost of stricter containment measures.
By relying on the effective reproduction number of detected cases, the mechanism determines a swift increase of restrictions (Fig. 1, top-right panel)
during the summer wave (Fig. 1, top-left panel). However, the low incidence
achieved at the beginning of the fall, combined with the progress in the vaccination campaign, allows for a delayed wave and a relatively low level of
restrictions until November-December 2021. Restrictions increase steeply at
the beginning of 2022, when the epidemic also accelerates under this mechanism. Over the entire simulation period, Rt-New positives reduces reported
cases by about 4.800 as compared to Occupancy rates mechanism and, on
average, hospital bed occupancy would be 4.2 p.p. lower in non critical medical areas (3.4 p.p. in ICU). At the same time, the Stringy Index is about
40% higher, which implies considerable increase in the socio-economic costs
related to social distancing provisions.
Incidence and Rt-Hospital admissions occupy intermediate positions in
the health-stringency spectrum. The two mechanisms are associated with
similar cases and hospital admissions, and the overall level of restrictions is
comparable until fall 2021, albeit with different timing. Rt-Hospital admissions tends to react more promptly to a change in epidemic conditions than
Incidence. Noticeably, the progress in the vaccination campaign achieved by
the end of the year determines that the hospital bed occupancy rates associated with Rt-Hospital admissions and Incidence are relatively close to
each other. However, different from the summer wave, the former triggers
substantially stricter restrictions than the latter.
The evaluation of the different mechanisms may also depend on external
conditions regarding, for instance, the characteristics of the virus, the evolution of the vaccination campaign, vaccine efficacy, and waning protection, etc.
In particular, vaccine administration has been a key policy variable available
to tackle the Covid-19 epidemic since the presence of vaccines shapes the relation between restrictions and epidemic outcomes. [55, 58] For example, lower
vaccine protection or coverage may make the adoption of highly responsive
mechanisms desirable to limit the burden of a massive epidemic outbreak on
the national health system. To test how different mechanisms respond to
different external conditions, we conduct simulations assuming higher and
lower levels of vaccine coverage, in which vaccine uptakes are exogenously
given. We label these simulations Optimistic rollout and Pessimistic rollout,
respectively. Optimistic rollout (Fig. 2) assumes a faster rollout, a larger final uptake among the population, and a faster deployment of the third dose
11

(booster). Conversely, Pessimistic rollout (Fig. 3) relies on a slower and less
extensive rollout than observed. All scenarios account for uncertainty in the
vaccination-induced immunity (see Section Methods and the Supplementary
Material for further details).

Figure 2: Comparison among mechanisms, Optimistic rollout. From left to
right and top to bottom: new cases (thousands), Italy Stringency Index (ItSI)
[20], occupancy rates in non critical medical areas (MA) and intensive care
units (ICU). The mechanisms evaluated are: i) Occupancy rates, reproducing
the mechanism operating in Italy from the end of July 2021, ii) Incidence,
and iii) Rt (New Positives), mimicking the policy frameworks operating, respectively, from May to July 2021 and from March to May 2021, and iv)
Rt (Hospital Admissions), fictitious, reproducing Rt (New Positives) while
replacing the reproduction number, Rt, computed on new cases with the one
on hospital admissions. The hypotheses underlying Optimistic rollout are
described in the Methods and the Supplementary information.
Results confirm that vaccination coverage is a crucial variable interacting
with the policy mechanisms. In the counterfactual Optimistic (Pessimistic)
rollout scenario, new cases, occupancy rates of hospital beds, and the ItSI
12

Figure 3: Comparison among mechanisms, Pessimistic rollout. From left
to right and top to bottom: new cases (thousands), Italy Stringency Index
(ItSI) [20], occupancy rates in non critical medical areas (MA) and intensive care units (ICU). The mechanisms evaluated are: i) Occupancy rates,
reproducing the mechanism operating in Italy from the end of July 2021,
ii) Incidence, and iii) Rt (New Positives), mimicking the policy frameworks
operating, respectively, from May to July 2021 and from March to May 2021,
and iv) Rt (Hospital Admissions), fictitious, reproducing Rt (New Positives)
while replacing the effective number, Rt, computed on new cases with the
one on hospital admissions. The hypotheses underlying Pessimistic rollout
are described in the Methods and the Supplementary information.
would all reach remarkably lower (higher) levels than the baseline. As expected, vaccines effectively slow down the spread of the disease in the population, reduce the share of infected requiring medical treatment, and drag down
the level of restrictions needed to contain the epidemic by acting effectively
on the respective underlying indicator. For instance, under the Optimistic
rollout scenario average MA occupancy rates are 0.5-1.9 p.p. lower than in
the Baseline, with the difference varying across the mechanisms. Indeed,
the Optimistic rollout is characterised by a lower level of heterogeneity in
13

terms of cases and hospital admissions across the mechanisms. Rt-New positives is still associated with the lowest number of daily newly reported cases
(2,074 on average throughout the considered period), but the gain in terms
of lower hospitalisations is considerably reduced with respect to the baseline exercise. Conversely, in this favourable scenario, health outcomes under
Occupancy Rates are closer to those produced by the other mechanisms,
while it still allows for a material reduction of the restrictions (see Figure 2,
top-right panel). The difference in MA occupancy rates between Occupancy
Rates and Rt-New positives is about 2.2 p.p. on average (1.8 for ICU), while
the Stringency Index remain about 40% higher under the Rt-New positives
mechanism. This evidence suggests that a policymaker aiming to reduce restrictions may prefer a milder policy framework, such as Occupancy Rates,
when external conditions are particularly favourable (e.g., high vaccination
coverage or low transmissibility of the virus).
Results are much more heterogeneous under Pessimistic rollout. In this
case, Occupancy Rates mechanism leads to a substantial increase of hospitalisations and more impactful and persistent waves than the other mechanisms.
Restrictions are still lower during the summer when favourable climatic conditions allow for lower transmissibility but tend to increase substantially in
the fall-winter wave. Occupancy rates determines a level of ItSI that is even
larger than those implied by Incidence during the same wave. Then, restrictions under Occupancy rates are not even far from that reached with
other mechanisms (-15.3% compared with Incidence, -28.6% compared with
Rt-New Positives), but the delayed response leads to levels of bed occupancy
of ICUs and medical areas that are about twice as high as those obtained
with the other mechanisms. More responsive schemes, like those that rely on
reproduction numbers, in this unfavourable scenario, materially reduce hospital admissions. On average, restrictions associated with these mechanisms
are quite high, but the differences from the other mechanisms are smaller
than those found in more favourable scenarios. In this contest, Rt-Hospital
admissions seems a valuable alternative to Rt-New positives in place in Italy
throughout the spring of 2021. While the two mechanisms’s restrictions are
close during the winter wave, Rt-Hospital admissions is much more lenient
than Rt-New positives during the previous summer wave.
Fig. 4 summarises the trade-off between epidemic/health outcomes and
restrictions under different scenarios and policy mechanisms.
The integration of endogenous mitigation responses in epidemic models
may prove useful in various applications, beyond the comparison between
14

Figure 4: Trade-off b etween a verage r estriction l evels, a s m easured b y the
ItSI, and the average values of daily reported new positives (left panel), MA
occupancy rate (middle panel), ICU occupancy rate (right panel) under each
considered scenario (Actual, Optimistic, and Pessimistic rollout) and mechanism (Rt-New positives, Incidence, Occupancy rates, Rt-Hospital admissions)
in the period 07/2021 – 03/2022.
different policy mechanisms. As we show validating the model in the Supplementary Information, taking into account self-adaptive NPIs allows simulation results to track the historical epidemic data much more precisely
than those of models with restrictions fixed over time. This feature can be
exploited also in projection exercises, aiming at investigating the possible future trajectories of epidemic variables and restrictions. Indeed, simulations
based on the model presented in this work has been used to incorporate the
projections of epidemic variables in foresting models targeting the growth of
Italian Gross Domestic Product. [6]
Taking into account the reaction of containment policies is crucial also
to construct counterfactual analyses and provide ex-post evaluations of the
effects of a given exogenous event. For example, in the analyses described
above we have investigated the effects of different vaccine rollout taking into
account the possible changes in restrictions. In the Supplementary Information we provide an additional example of possible counterfactual analyses
that can be conducted with the proposed modelling framework. In particular, we assess the determinants of the divergence in the epidemic between
the United States and the European Union observed in the first half of 2021.
Since late February 2021, the United States had been showing a lower incidence than most EU countries, despite a larger increase in community mobility. The faster vaccination rollout in the United States in the first phases
15

of the vaccine campaign may be seen as a possible explanation of this divergence. However, another important factor could have been the prevalence of
a particular variant: at the time, a more contagious strain of the virus (the
Alpha variant) was more widespread in the European Union than in the US.
The proposed modelling framework can be helpful to disentangle the contribution of each component. We conduct a counterfactual analysis for the
period February-May 2021 in which we apply to Italy the more favourable
conditions prevailing in the United States in terms of vaccination rollout and
variant prevalence. A delayed diffusion of the new variants would have reduced the number of new cases by 71.1% and the severity of restrictions in
place. A faster vaccine rollout would have allowed a further relaxation of
the policies and an additional drop in cases by 30.7%. Results suggest that
being able to postpone the diffusion of these variants through controls on
international movements and by identifying, isolating, and monitoring new
outbreaks can help curb the epidemic, with benefits of the same order as
those associated with a substantial acceleration in the vaccine rollout.

3

Discussion

At the end of 2020, to counter the spread of Covid-19, many countries resorted to geographically differentiated measures, contingent upon epidemic
indicators. While this approach offers several advantages compared with
discretionary strict nationwide interventions, it also requires assessing the
adequacy of a policy in a framework in which the policymaker commits to
a course of actions and external factors rapidly evolve (e.g., diffusion of new
variants of concern, the progress of the vaccine campaign). Dynamic assessment of policy effectiveness is crucial to projecting credible epidemic scenarios and related restrictions over different time horizons. The framework
presented in this paper can help policymakers choose the appropriate criteria to mitigate the epidemic (health costs) while minimising the severity of
restrictions (socio-economic costs).
A key aspect, seemingly overlooked by standard epidemiological models, is the interplay between containment policies and the evolution of the
pandemic. In this paper, we account for this interaction by embedding rulebased self-adaptive policy restrictions into an epidemic model, and we show
the insights that such an enriched model can provide. We find that different
rules translate into diverse outcomes regarding restrictions and the epidemic.
16

The complex interaction between restrictions and uncertain epidemiological
conditions can even magnify the differences across viable regulatory frameworks.
The extension of the SIR model to include different self-adaptive policy
mechanisms presented in this paper replicates the Italian framework operating since November 2020, which has assigned regions to restrictions’ tiers
depending on specific epidemic indicators. In this way, we can simulate the
evolution of the variables of interest during the diffusion of the Delta variant
over the period July 2021-March 2022. As NPIs are not the only tool available
to the policymakers, we also consider alternative scenarios on the vaccination
rollout to provide a spectrum of outcomes that policymakers may face and
test how the policy mechanisms operate in different conditions. Introducing
a self-adaptive rule-based policy mechanism is substantially different from
exploring the set of available policies with a standard SIR model because, in
the former case, NPIs are automatically activated and deactivated depending
on their effects of the epidemic’s trajectory.
Simulations show that policy mechanisms based on reproduction number
reduce the impact on the health system compared to alternative mechanisms
based on stock variables (e.g., hospital bed occupancy rates or incidence),
especially with low vaccine coverage among the population. The rationale is
that it takes time before the spreading of the disease raises the occupancy
rate or the incidence to the threshold that triggers restrictions. Likewise, the
effects of NPIs require time to show up in the data since some degree of inertia may characterise the immediate evolution of the epidemic. Conversely,
more responsive mechanisms generally entail stricter containment measures.
The trade-off between health outcomes and the level of social interactions
ensured by the different regimes crucially depends on the external context.
In favourable conditions, as in the considered scenario with very high vaccination coverage, milder policy schemes guarantee a sizable reduction in
restrictions with a relatively small increase in cases and hospital admissions.
On the other hand, with lower levels of vaccination, more responsive mechanisms provide a substantial reduction of cases and hospitalisations, thanks
to NPIs which are activated earlier and are more restrictive. Clearly, further
elements, which are not modelled here, may affect this trade-off (e.g., the
availability of effective treatments, the costs associated with long-term sequelae of Covid-19 infections, loss in school days or working hours linked to
quarantines). Ultimately, the evaluation of the trade-off depends on the policymaker’s (and public opinion’s) preferences over epidemiological, economic,
17

and social outcomes. By pinning down some key variables, our framework
helps making such assessment more transparent, while being flexible enough
to include other aspects characterising the trade-off.
While we consider many possible sources of uncertainty in our simulations, we remain agnostic on some other relevant factors. For example, the
lack of robust evidence on contact tracing and the role of school transmission
makes it harder to predict the effectiveness of policies, which also depends on
the ability of the system to identify and isolate infected individuals promptly.
We tackle these issues by including community mobility indicators and calibrated elasticities to describe the impact of tier-related provisions on the
epidemic. Furthermore, notification rates are likely to vary over time following an inverse relation with the incidence of infections among the population.
Also vaccination rates, which we treat as exogenous for the sake of simplicity,
are likely to be influenced by the policy framework and the evolution of epidemic and health conditions. [64, 62] Individual-level information on testing
by region and age group would be necessary to obtain reliable estimates of
time-varying detection rates. For this reason, quantitative outcomes associated with different epidemiological scenarios are just illustrative and serve to
evaluate the potential interplay between the disease spread and endogenous
mechanisms to counter an increase of Covid-19 infections. Epidemic evolutions are subject to many sources of uncertainty beyond those surrounding
the model parameters, such as the emergence of other insidious variants (e.g.,
the Omicron variant, spreading across European Countries since late November 2021), waning immunity, radical changes in the policy framework, variations in people’s compliance with the rules. As a further layer of complexity,
these sources of uncertainty also interact with each other. For example,
individual behaviour may change over time or across locations due to the
so-called “lockdown fatigue” or the adaptation to the varying external conditions - e.g., vaccination status, low/high number of infections. Moreover,
since an epidemic is a highly non-linear phenomenon, the evaluation of the
costs associated with the restrictions may substantially vary depending on
the state of the epidemic itself. Finally, although our framework is general
enough to be adapted to a large number of rule-based mechanisms, as the
proposed fictitious examples show, we do not model the choice of the optimal
mechanism because this problem would require, among others, to embed policymakers’ preferences into the set of possible outcomes. In the background
of our analysis, there is an important warning. Informing rule-based policies
requires the production of timely and reliable data. Poor information may
18

lead to inadequate measures and jeopardise public trust, which is crucial to
contain a pandemic successfully.
Despite these difficulties, including a policy-response algorithmic component in a fully-fledged epidemic model constitutes an essential step forward in
designing evidence-informed policy responses, especially within a rule-based
framework. Throughout the Covid-19 pandemic, many valuable contributions have tried to bridge the gap between epidemiology and economics. [4,
56, 2, 26] To embed containment policies into an epidemiological model is
key to designing policies that improve socio-economic and sanitary outcomes.
Our enriched model provides a comprehensive and realistic framework to evaluate the potential impact of the pandemic and related restrictions, which is
also essential for economic forecasting since we show that the inclusion of
self-adaptive policies is essential to track the historical evolution of epidemic
outcomes and restrictions. The proposed framework can be easily employed
to evaluate rule-based policies ex ante and ex post in other countries with
an appropriate fine-tuning of the p arameters. The availability of a modelling
tool such as the one presented in the paper supports informed choice among
alternative policy response mechanisms.

4

Methods

The core of our framework is the interaction between the SARS-CoV-2 transmission and restrictions. We model the transmission for each Italian region and autonomous province with an age-structured compartmental model,
which extends the workhorse SIR framework [47] by accounting for different
courses of the symptomatic disease, variants of the virus, effects o f temperature, types of vaccines, and progress in the vaccination campaign (Fig. 5).
Regarding vaccines, we incorporate the current available evidence regarding
their waning immunity against infection and protection against severe disease
[29, 49, 74] Every week, regional state variables contribute to deriving epidemiological indicators (e.g., case incidence, reproduction number, hospital
occupancy rates). Then, the indicators are fed to an algorithmic component, which provides tiers of restrictions for the subsequent week, mimicking
the response mechanisms adopted by the Italian MoH since November 2020.
Tiers define t he c ontainment p olicies f or t he e nsuing week, w hich a ffect the
consequential evolution of the epidemic. In turn, the implied evolution of
the epidemic determines the path of future measures, and so on. We stratify
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the Italian population by geography and age. Concerning the former, we
follow the Nomenclature of Territorial Units for Statistics – Level 3 (NUTS
3), dividing the Italian territory into 19 regions and 2 autonomous provinces,
yielding a metapopulation approach. In line with this, we introduce regionspecific fixed effects to reflect the heterogeneity across distinct geographical
units. Regarding the age classification, we consider five distinct groups: 0-12,
13-18, 19-64, 65-79, 80+. Besides the described stratification, we augment
the model with additional compartments, accounting for different courses
of the symptomatic disease, vaccine types, and virus variants. Finally, we
allow for a time-varying parametrisation reflecting changes in the seasonal
conditions, coverage, and efficacy of the vaccines by region and targeting
group.
The evidence available through the Italian National Institute of Health
(Istituto Superiore di Sanità, henceforth ISS) shows that two variants were
highly prevalent in the country in the second half of 2021: Alpha, until
June, and Delta, from July onwards. [41, 40] Features of the variants were
parametrised according to the available literature, allowing Delta to be significantly more transmissible than Alpha [65] and twice as likely to result in
hospitalisation among non-vaccinated individuals [53]. In December, a new
variant, Omicron, spread in the country. Although the simulations cover
the period July 2021-March 2022, we abstract from the emergence of the
Omicron variant to better appreciate the functioning of the different policy
mechanisms under different conditions. Limiting the simulation sample to
the actual period of prevalence of the Delta variant (i.e., July-December 2021)
would have entailed a less accurate comparison of health and restrictiveness
outcomes, as the timing of restrictions and epidemic waves vary across mechanisms. Considering a longer time sample reduces this potential bias as the
simulation period is long enough to observe the descending part of the epidemic curves under all the scenarios and policy mechanisms. Conversely,
including the insurgence of the Omicron variant in the simulations would
have added an additional source of uncertainty in model’s parametrisation
and complicated the interpretation of the results. Nonetheless, we tests that
results are qualitatively unchanged when including the Omicron variant in
the model
The vaccination campaign in Italy has relied on four approved vaccines:
two mRNA vaccines (Comirnaty by Pfizer/BioNTech and Spikevax by Moderna) and two viral vector vaccines (Vaxzevria by Oxford University and AstraZeneca and the Covid-19 Vaccine by Janssen/Johnson&Johnson). Given
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Figure 5: Simplified representation of the epidemiological compartmental
model. Model compartments: Susceptible to the virus (S), infectious with
Delta type virus (Iδ ) and with Alpha (Iα ) variant, hospitalised in the medical
area (MA) and intensive care unit (ICU), recovered from natural infection
(R), immunised with the first group of vaccines (first and second/third dose,
respectively, V1,1 and V1,2−3 ) and with the second group of vaccines (first
and second dose, respectively, V2,1 , V2,2 ), breakthrough infectious with Delta
(Iδ,BT ) and Alpha variant (Iα,BT ), hospitalised with breakthrough disease
(M ABT , ICUBT ) and recovered from breakthrough infection (V R). The
dashed line separates the dynamics associated to natural infections from
those relating to vaccinated individuals. See the Supplementary information
for details.
the similar profiles, we group the four vaccines into two classes: 1) Comirnaty/Spikevax, 2) Vaxzevria/COVID-19 Vaccine Janssen. The two classes
differ in the administration mode, efficacy in preventing infections, hospitalisations, and deaths. We differentiate the protection against the disease
among immunised individuals by the number of doses received - first, second
or third - and by variant, as vaccines appear less effective against the Delta
than Alpha [72]. However, they are still highly protective among fully vaccinated individuals [76] and prevent hospital admissions in more than 90% of
cases [53]. The available evidence also shows that the protection associated
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with vaccination wanes over time. We account for this finding by modelling
age-dependent vaccine-specific reduction in protection against infection and
risk of hospitalisation over time. Alongside effectiveness, we track differences
in vaccination uptakes across regions and age groups by using historical data
until November 2021 available through the Github repository maintained by
the Italian Civil Protection [42].
We consider three scenarios for vaccination campaign. The first one is
Actual rollout, which is based on historical data. Next, Optimistic rollout
assumes a faster rollout than observed between June and November (20%
faster in the second and third age groups, 55% for the fourth age group, and
105% faster for the fifth age group). Finally, Pessimistic rollout assumes a
slower rollout than observed (80% of actual doses for all age groups between
June and Dicember). For the period December 2021-March 2022, we consider
a reprise of first doses in all scenarios, which should fit the increase due to
the extension of the Covid-19 certificate. However, the slowdown of new first
doses differs across scenarios, with Pessimistic (Optimistic) rollout showing a faster (slower) reduction of first doses than Actual rollout. Regarding
boosters, we replicate the policy enacted by the Italian government in Actual rollout. In September, boosters administration was open to the elderly 6
months after the second dose. [43] Later on, the Italian government extended
the criteria for eligibility to younger cohorts and shortened the minimum distance between the second and third doses first to 5 months [44] and then to
4 [45]. Optimistic (Pessimistic) rollout assumes a fast (slow) deployment of
boosters to the eligible individuals. Moreover, vaccinated individuals may
access boosters after 4 months after full vaccination in Optimistic rollout.
The allocation of boosters works according to a first-in-first-out principle. In
other words, since we do not have individual-level information on the time
span between the vaccinations, we assume that individuals with the older
vaccination are the first to receive a booster.
Regional effects are calibrated according to mobility data available in the
Google Covid-19 Community Mobility Reports. [52] Seasonal effects hinge on
historical weather reports and are such that an increase of one degree Celsius
decreases the reproduction number by 0.005 based on available evidence in
the literature. [13]
A key component of our framework is the algorithmic mechanism underlying NPIs. In our setup, a fixed set of criteria define regional tiers based on
the epidemiological indicators produced by the model. The Italian government has enforced restrictions relying on a set of epidemic indicators since
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November 2020. The indicators have been used by the Italian MoH to assign
each region to a tier for restrictions every week (yellow, orange, or red zone,
initially, with growing associated level of risk; later on, the government also
introduced a white low-risk zone). While the government updated the criteria for the ruling mechanism over time, the prescriptions of NPIs associated
with each tier have been mostly consistent. Because of that, the restriction
level directly acts upon the number and intensity of social contacts for a given
tier, increasing or reducing them in the white and red zone, respectively.
We exploit the initial implementation period of the tier system (NovemberDecember 2020) to calibrate the parameters and first assess the model’s performance. This sample is an appropriate training set since new variants
and vaccines had yet to influence the course of the epidemic materially, and
the policy mechanism had been constant during the period. In this setting,
we pin down the basic model parameters limiting the possible influence of
confounding factors.
We initialise the model to match actual epidemic data on 9 November
2020, which is the starting point of the first simulation. We first pass regional
restrictions (also policies) to the model based on historical data to derive
regional-specific effects and the tier-specific mobility elasticity of the force of
infection.
Then, we validate our model using the third wave caused by the Alpha
variant. For the initialisation, we match actual epidemic data on 18 January
2021: we estimate about 13.6% of the population was already immune to the
virus at that date, due to past infection. Furthermore, we calibrate the initial
prevalence of the Alpha variant in each region by using a grid search method
in which the value range for each region was set according to data by the
ISS on sequenced SARS-CoV-2 genomes. In particular, the first available
data on the regional prevalence of new variants rely on a sample of cases
detected on 16 February 2021. [38] Additional surveys were conducted on
18 March 2021 [37] and 20 April 2021 [39]. The pattern of prevalence of the
new variant generated by the model is broadly in line with survey results
(see Supplementary information for details).
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Supplementary Information
A.1. The Compartmental Metapopulation Model
We assume the population to be fully susceptible to Covid-19 at the beginning of the pandemic. We successively estimate the regional share of
the population that never contracted the virus up to the start of our simulation period by exploiting detailed information on cases, fatalities, and
hospitalisations provided by the Italian National Institute of Health (Istituto Superiore di Sanità, ISS) in combination with estimates on age-specific
Infection Fatality Rates (IFRs) drawn from the literature. Before introducing the model, we define some basic notation. Let r = 1, . . . , 21 denote an
Italian region (we treat the autonomous provinces of Bolzano and Trento
as regions). We use interchangeably “region” and “geographical entity”. We
consider five age groups a, with a ∈ {0 − 12, 13 − 18, 19 − 64, 65 − 79, 80+}.
Time is discrete, with t denoting the day. Finally, let p represent a policy,
with p ∈ {white, yellow, orange, red, semi-lockdown}. We note that orange
may also represent the yellow zone with additional restrictions, red may also
represent orange with additional restrictions, and semi-lockdown represents
the red zone with additional restrictions as it was regulated during MarchApril 2021. For each region r and age group a, the number of individuals
that have already contracted the virus up to day t, IN Fa,r (t), is estimated
as:
t
X
µa,r
Ha,r (s)
IN Fa,r (t) =
IF
R
a
s=0
where Ha,r (s) is the number of new hospitalisations in region r at time s;
µa,r is the ratio between hospitalisations and fatalities from the ISS Covid-19
surveillance data[68] for region r and age-group a; IF Ra is the age-specific
Infection Fatality Rate.[61] We compute the notification rate for each region
r and age group a, δa,r (t), by taking the ratio between the cumulative sum
of notified cases up to day t for region r and age group a, CASES a,r (t), and
estimated infections, IN Fa,r (t):
δa,r (t) =

CASESa,r (t)
IN Fa,r (t)

To account for changes in testing strategies, we calibrate the values for the
notification rate based on the period ranging from 1 October 2020 to 18
24

January 2021. Age- and region-specific rates are used to initialise the model
and simulate the number of detected cases from actual new infections, with
average estimated notification rates are 36.0%-49.1%.
The model accounts for the two main trajectories: the dynamics of natural
infections and that induced by vaccination. Dynamics are described by the
following system of differential equations:

′
Sa,r
(t)

= −


X

λj,r,a,p (t) +

X

j

ηk,a (t) Sa,r (t)

k

′
Ij,a,r
(t) = λj,r,a,p (t)Sa,r (t) − γIj,a,r (t)
X
′
nICUa,r
(t) = γ(1 − ιa )
ξj,a Ij,a,r (t) − γnICU nICUa,r (t)
j

ICU ′ a, r(t) = γιa

X

ξj,a Ij,a,r (t) − γICU ICUa,r (t)

j
′
Ra,r
(t) = γ

X

(1 − ξj,a )Ij,a,r (t) + (1 − αa )(γnICU nICUa,r (t) + γICU ICUa,r (t)) −

X

j

ηk,a (t)Ra,r (t)

k

′
Vk,a,r,1
(t) = ηk,a (t)Sa,r (t) − (σk +

X

(1 − εk,j,1 )λj,r,a,p (t))Vk,a,r,1 (t)

j
′
Vk,a,r,2
(t) = σk Vk,a,r,1 (t) −

X

(1 − εk,j,2 )λj,r,a,p (t)Vk,a,r,2 (t)

j
′
BT Ij,a,r
(t) = λj,r,a,p (t)

X

(1 − εk,j,d )Vk,a,r,d (t) − γBT Ij,a,r (t)

k,d
′
nICUa,r,BT
(t) = γ(1 − ιa )

X

′
ξj,a
BT Ij,a,r (t) − γnICU nICUa,r,BT (t)

j
′
ICUa,r,BT
(t) = γιa

X

′
ξj,a
BT Ij,a,r (t) − γICU ICUa,r,BT (t)

j
′
V Ra,r
(t) =

X
k

ηk,a (t)Ra,r (t) + γ

X

′
(1 − ξj,a
)BT Ij,a,r (t) + (1 − αa )(γnICU nICUa,r,BT (t) + γICU ICUa,r,BT (t))

j

where j = 1, 2 refers to variant types, k = 1, 2 denotes vaccine groups, and
d = 1, 2 denotes first and second doses, respectively.
Model compartments are:
• S : Susceptible individuals are at risk of being infected by the virus.
The per capita rate λj,r,a,p (t) at which individuals acquire the infection
is called Force of Infection (FoI), defined for the wild and variant types.
The FoI takes different values according to time, variant type, age class,
region, and ongoing policy and, it follows from the equation
′

λj,a,r,p (t) = β j β a,j (1 − ϕp )β r

X
′

a
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′

β p,a,a Ca,a′

Infja ,r (t)
′

P a ,r (t)

.

The proportion of infectious individuals (last term of the right-hand
′

side) stems from the model at each time step. In detail, Infja ,r (t)
represents the number of infectious individuals:
r,a
Infjr,a (t) = Ijr,a (t) + τ Ij,BT
(t),

where 0 ≤ τ ≤ 1 quantifies the reduced transmissibility of breakthrough
infections, i.e., due to vaccine failure. Throughout our analysis, we
assume τ = 0.55 as sensitivity analysis on this parameter shows that
the overall transmission is not significantly affected by its value. P a,r (t)
corresponds to the overall number of individuals at time t by age a and
region r and is obtained as the sum of all compartments. The derived
infectious proportion of the population is combined with terms:
• βj represents variant-specific contributions to the FoI, with j =
1, 2. Both values are estimated based on an alternate grid search
procedure, as described below, and optimal values are β 1 = 0.015
and β 2 = 0.022 to account for the increased transmissibility of the
Alpha and Delta variants. For the Delta variant, the specific contribution is assumed to increase by 1.64(1.4, 1.9) times, compared
to β 2 [53].
• β a,j terms represent age-class specific susceptibility to virus type
j. For the wild type, we consider the following values: 0.58 among
children and teenagers, 1.0 for adults, and 1.65 for people aged 65
or older.[35] Values for the variant type Alpha are estimated by
a grid search to account for the increased transmissibility among
younger people. Estimated values are 1.0 among children, 0.68
for teenagers, and 0.86 for adults. Due to the lack of evidence, we
use the same parametrisation for the Delta variant. As a remark,
other than the purely medical information, we expect such values
to capture also the different behaviour characterising age classes.
• ϕp represents mitigation effects on transmission dynamics, as induced by the sets of restrictions adopted within each policy regime
of the tier system. Values derive from the retail and recreation mobility indicator in the Google Community Mobility Reports.[52]
The indicator exhibits the highest correlation with the values of
the reproduction number at the regional level. Mobility reductions
range from 4.2% (white zone), to 40% (semi-lockdown regime).
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We account for policy changes during summer 2021 by considering data in May-June 2021 and mobility levels during summer
2020 when similar rules were in place.
• β r terms summarise the region-specific effects and responsiveness
to the mitigation strategies adopted. Values were obtained by
grid-search, minimising the mean square error between the observed and estimated regional incidences throughout the second
wave (November and December 2020). Baseline estimates were
separately derived for each region through an optimisation routine and vary from 0.90 (Basilicata) to 1.25 (Lombardia), with
the population-weighted average equal to 1.09. For simulations of
longer-time horizons, we also take into account the possible contribution of seasonal conditions in reducing virus transmission by
introducing a regional-specific correction factor that depends on
the deviations of temperatures from the median value over the
year. Literature finds an inverse relation between temperatures
and SARS-CoV-2 transmission, which may be not only strictly
related to the direct effects of higher temperatures on the virus
but also to other causes, as the fact that social interactions may
occur more frequently outdoors with warm weather conditions.[54]
Nonetheless, there is no clear consensus on the quantitative effects
of temperatures.[13] Based on the available evidence, we assume
that an increase of one degree Celsius decreases the regional effects by 0.015. Given the high uncertainty about this effect, we
also consider the range of [0.005-0.025]. Estimated regional effects are depicted in Figure 6, together with their ranges of variation due to the temperature effects. We obtain daily average
temperatures for all Italian regions over the past ten years (downloaded from www.ilmeteo.it) Given the high transmissibility of
the Delta variant and the unprecedented outbreaks also observed
in the warmest areas of the globe, we assume a low-temperature
effect on transmissibility (0.005). We also explore the effect of
considering alternative values for this parameter in the range of
[0.0025 − 0.0075].
′

• β p,a,a and Ca,a′ represent the average number of effective daily contacts between individuals from age classes a and a′ , as designed by
′
the Polymod matrix[60]. We exploit β p,a,a to reduce the number
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of contacts among children and teenagers only, according to the
′
policies adopted on school closures and remote learning, i.e., β p,a,a
′
differs from 1 if a = a and a ∈ {0 − 12, 13 − 19}. We calibrate the
values for the two age groups using data on mobility and school
restrictions and validate them throughout the available periods.
We set them to 0.3 for the red zone, 0.5 for the orange one, 0.7
for the yellow one, and 0.75 for the white one. Over the summer,
we set 0.6 as the baseline and consider the range of 0.5-0.8 for the
sensitivity analysis.
Beyond natural infection, susceptible people may leave the compartment following vaccination, according to monthly age-specific coverage
rates ηk,a (t), for vaccine group k.
• V1,1 , V2,1 : We consider two sets of vaccines, equally effective against
the wild and variant types. The first set (k = 1) consists of Pfizer BioNTech and Moderna vaccines, whereas the second includes the OxfordAstraZeneca and Johnson & Johnson vaccines. The two vaccine types
are administered based on different timing and are targeted to different age groups in line with the Government’s plan. The two vaccine
groups also differ in their efficacy (see Table 2). We assume uniform
coverage rates among geographical entities and do not account for regional specificities, e.g., delays, disruptions. Except for the Johnson
& Johnson vaccine, all vaccines require two doses to reach full effectiveness. Since the marginal contribution of the single-dose vaccine
is negligible (about 3.1% of the fully vaccinated people as of 31 January 2022), we assume that all vaccines belonging to group 2 require
two doses for the sake of simplicity. We model such a setup by accounting for a first compartment, Vk,1 , where susceptible vaccinees are
transferred with age-specific coverage rate ηk,a , k = 1, 2. Once in the
compartment, people may either acquire the disease due to vaccine failure – i.e., the complement to one of vaccine efficacy εk,1,d - or receive
the second dose with rates σ1 = 21days−1 and σ2 = 90days−1 and move
to the respective compartment Vk,2 .
• V1,2 , V2,2 : People who received both doses of vaccine group k are
exposed to breakthrough infection, net of vaccine efficacy values εk,2,d .
Details on vaccine efficacy by dose and variant are reported in Table 2.
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• I1 , I2 : At each time step, susceptible individuals are exposed to the
risk of acquiring the infection and becoming infectious with either the
wild type or the variant. Throughout their stay in the infectious compartments, individuals contribute to the respective FoI. They finally
move to the Recovered compartment, following a generation time γ −1
of 5.6 days[50] or are hospitalised in ICU or non-critical areas. In the
former case, we assume that individuals no longer contribute to the FoI
because they either recover from the disease or get tested and isolate
themselves until complete recovery. As a technical remark, hospital
admissions occur with a systematic delay of around 4 days in the latter case. Another technical assumption is that people in the infectious
stages are not subject to any death risk by the disease.
• I1,BT , I2,BT : Vaccinated individuals that acquire the disease due to
vaccine failure against virus type j = 1, 2 enter the corresponding infectious compartment, then leave it at a rate of γ. For the wild and
Alpha type variants, the first dose of Pfizer BioNTech and Moderna vaccines confer ε1,j,1 = 0.38% (29%, 45%) protection against severe SARSCov-2 infection, whereas the Oxford-AstraZeneca and Johnson & Johnson were attributed ε2,j,1 = 37% (32%, 42%) efficacy against infections.[53] Efficacy values for second doses are ε1,j,2 = 92% (90%, 93%)
and ε2,j,2 = 73% (66%, 78%). As already discussed, vaccinated individuals acquiring the breakthrough infection would eventually suffer an
asymptomatic to mild infection, with zero risks of hospitalisation and
death, and thus would exclusively contribute to the overall incidence
of Covid-19 cases. This assumption implies that breakthrough infections result in neither hospitalisation nor death throughout the third
wave. However, in the projection frameworks, a severe disease followed
by hospitalisation and death is possible also for the vaccinated, though
with a lower probability (see Table 2).
• nICU, ICU, nICUBT , and ICUBT : People leaving infectious compartments are either admitted to non-critical (non-ICU) or, when their
conditions worsen, to intensive care units (ICU) or fully recover. To
model hospital admissions, we retain a share ξj,a of the individuals
leaving Ij at a rate of γ, with j = 1, 2. ξj,a represents the variant- and
age-specific probability of hospitalisation among infected individuals.
In the scenarios accounting for severe breakthrough infections, hospital
29

′
admissions into nICUBT and ICUBT occur according to ξj,a
, which
is equal to ξj,a scaled down by an average factor of 0.3 (0.15 − 0.45).[53]
An age-specific proportion, ιa , of hospitalised people is admitted to
intensive care units, whereas the remainder is conveyed towards nonICUs. Values for ξj,a and ιa are calibrated using individual information
in the ISS database and increase with age. Hospitalised individuals
leave the non-ICU and ICU stages at rates of γnICU and γICU , respectively. Among these, an age-specific proportion dies according to an
age-varying parameter αa that is computed based on the ISS Covid-19
surveillance data on fatalities and hospitalisations.

• R: Recovered individuals from the natural disease move into the recovered compartment, where they are no longer susceptible to the virus
throughout their stay. In line with the literature, we assume that immunity from natural disease cannot wane.[24]. The individuals of the
R compartment with one of the two sets of vaccines available move
into the stage of vaccinated individuals that are no longer susceptible
to any SARS-CoV-2 infection, denoted as VR. This assumption seems
to be reasonable in the context of infections related to Alpha and Delta,
in which the overall number of reinfections was negligible. The initial
share of recovered individuals in each geographical entity is estimated
from hospitalisations and fatality rates as described above:
Ra,r (t0 ) = IN Fa,r (t0 ) −

t0
X

deathsa,r (s)

s

• VR: Vaccinated individuals developing breakthrough disease from infection are assumed to leave the BTI compartment on average after
five days and acquire complete immunity. Unlike the compartment R
of individuals recovered from natural infection, subjects in VR are by
definition no longer eligible for a vaccine.
VALUE
[min, max]
5.6

PARAMETER
γ −1 (generation time, days)
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NOTE
[50]

ξw,a (age-specific proportion of hospital
admissions among infected individuals for
wild type)

0-12: 0.004
13-18: 0.004
19-64: 0.019
65-79: 0.062
80+: 0.119

ξ2,a (age-specific proportion of hospital admissions among infected individuals for
variant type)

0-12: 0.006
13-18: 0.007
19-64: 0.031
65-79: 0.102
80+: 0.194

Reduction factor for hospitalisations
among breakthrough infections
ιa (proportion of ICU admission among
hospitalised)

0.3 [0.15, 0.45]
0-12: 0.041
13-18: 0.053
19-64: 0.129
65-79: 0.204
80+: 0.104

γH (non-ICU recovery rate)

0.067

γICU (ICU recovery rate)

0.056
0-12: 0.000016
13-18: 0.00002
19-64: 0.0014
65-79: 0.0198
80+: 0.083

γIF R
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Own
estimates
from
the
ISS
Covid-19 Surveillance data [68]
Own
estimates
from
the
ISS
Covid-19 Surveillance data [68]
[53]
Own
estimates
from
the
ISS
Covid-19 Surveillance data [68]
Own
estimates
from
the
ISS
Covid-19 Surveillance data [68]
Own
estimates
from
the
ISS
Covid-19 Surveillance data [68]
[61]

αa (age-specific fatalities/hospitalisations
ratio, national averages)

0-12: 0.004
13-18: 0.006
19-64: 0.075
65-79: 0.315
80+: 0.684

Own
estimates
from
the
ISS
Covid-19 Surveillance data [68]

First dose efficacy of vaccine group 1 for
0.38 [0.29, 0.45] [53]
wild and Alpha variant type
First dose efficacy of vaccine group 2 for
0.37 [0.32, 0.42] [53]
wild and Alpha variant type
First dose efficacy of vaccine group 1 for
0.3 [0.17, 0.41] [53]
Delta type variant
First dose efficacy of vaccine group 2 for
0.18 [0.09, 0.25] [53]
Delta type virus
Second dose efficacy of vaccine group 1 for
0.92 [0.9, 0.93] [53]
wild and Alpha variant type
Second dose efficacy of vaccine group 2 for
0.73 [0.66, 0.78] [53]
wild and Alpha variant type
Second dose efficacy of vaccine group 1 for
0.79 [0.75, 0.82] [53]
Delta type variant
Second dose efficacy of vaccine group 2 for
0.6 [0.53, 0.66] [53]
Delta type virus
Table 2: Parameter values. We report the age-specific
parameter when applicable.

A.2. The Tier System in Italy
The classification of geographical entities into zones characterised by different
levels of restriction relies on evaluating the epidemic risk in each area and the
level of Rt . Regarding the definition of risk, the Italian Ministry of Health
elaborated two algorithms in April 2020: the first one to evaluate the probability of a spread (Figure 7), the second one to evaluate its impact (Figure
8). Each algorithm relies on a set of ad hoc indicators (21 in total, see Table
3).[67] For both the probability of spread and impact, each algorithm maps
the indicators into four different levels: i) very low, ii) low, iii) moderate, iv)
high. Then, the joint combination of probability and impact determines the
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Figure 6: Estimated regional contributions and range of variation for varying
temperatures. Light blue bars depict the regional maximum and minimum
observed values; darker bars highlight the first and third quartile.
risk of each area according to the scheme contained in Figure 9. Moreover,
the indicators 1.1 – 1.6 in Table 3 work as a prerequisite for the quality and
reliability of the data used to evaluate the epidemic situation in each region.
The other layer to define the policy measures in each geographical entity
relied on the level of Rt . In August 2020, the Health Minister defined four
scenarios depending on the level of Rt . The four scenarios are the following:
i) Rt < 1, ii) 1 ≤ Rt < 1.25, iii) 1.25 ≤ Rt < 1.5, iv) Rt ≥ 1.5.
The decision to enforce a “zone” in a geographical entity hinges on evaluating risk and scenario. The Decree 3 November 2020 defines the zones in
the‘ following way:
1. High/Very high risk and Scenario 4 → “Red zone”.
2. High/Very high risk and Scenario 3 → “Orange zone”.
3. Any level of risk and Scenario 1 or 2 → “Yellow zone”.
In January 2021, the Health Minister decided to include an additional
indicator based on the incidence in the area and to introduce a “white zone”
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for situations in which both low incidence and risk occur (Decree 14 January
2021). Specifically, the incidence is low if weekly cases are less than 50 per
100,000 inhabitants for three consecutive weeks (Figure 9). The Decree 23
February 2021 slightly changed the algorithm in Figure 10. In particular,
when incidence is low, the yellow zone also applies if the region is at high
risk and Rt is larger than 1.25 (Scenario 3 or 4). Starting from March, the
red zone restrictions also trigger if the weekly incidence exceeds 250 cases
per 100,000 inhabitants (Decree 13 March 2021).
The decree 18 May 2021 introduced further novelties in the classification
of regions. The incidence becomes a crucial parameter. In particular, the
decree considers four different levels of incidence: lower than 50 cases per
100,000 inhabitants, lower than 150 cases, lower than 250 cases, above 250
cases. The observed level of incidence, together with the risk, defines the zone
assignment of the geographical entity (see Figure 11. The new monitoring
system is fully in force starting from 16 June 2021. Until that date, the
classification also relied on the old system (see Figure 10), with potential
conflicts between the two mechanisms solved by applying the lowest level of
restrictions. Finally, on 23 July 2021, the Government issued a new decree
to update the criteria for the classification (Decree 23 July 2021). The new
criteria mainly use the bed occupancy rate in the hospitals (see Figure 12).
In detail, the white zone applies when the weekly incidence is below 50 cases
per 100.000 inhabitants for three weeks in a row. Alternatively, it also applies
if the ICU occupancy rate is below 10% or the hospital bed occupancy rate
is below 15%. When the weekly incidence is between 50 and 150 cases per
100.000 inhabitants and the criteria for the white zones are not met, the
yellow zone applies. Alternatively, it also applies if the incidence is above
150 and either ICU occupancy rate is below 20% or hospital bed occupancy
rate is below 30%. When the weekly incidence is above 150 cases per 100.000
inhabitants and the criteria for the yellow zone are not met, the orange zone
applies if ICU and hospital bed occupancy rates are above 20% and 30%,
respectively. When both rates exceed 30% and 40%, respectively and the
incidence and the incidence is above 150 cases per 100.000 inhabitants, the
red zone applies.
In the model, the assignment of the level of restrictions to a region follows
its real-world design closely. The primary difference concerns the absence of
the long-term care-associated indicators, as we neglect them in our model.
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Area
Monitoring: quality of surveillance
systems and data
collection

Indicator
number

Indicator
Symptomatic cases per month for
which the onset of symptoms is
known/Symptomatic cases in the same
period
Cases per month requiring hospitalisation
(not in ICU) for which the hospitalisation
date is known/Cases requiring hospitalisation (not in ICU) in the same period
Cases per month requiring ICU admission
for which admission date is known/Cases
requiring ICU admission in the same period
Cases per month for which the municipality of residence is known/Cases in the
same period
Share of long-term care facilities that have
received the checklist
Share of long-term care facilities that have
reported a critical issue in the checklist
Share of positive tests per month (possibly excluding screening or re-testing of the
same individuals)
Delay between symptom onset and date of
diagnosis
Delay between symptom onset and date of
isolation

1.1

1.2

1.3

1.4
1.5 (optional)
1.6 (optional)

Testing capacity

2.1
2.2
2.3 (optional)

Contact-tracing,
isolating, quarantine

Number and characteristics of professionals and time dedicated to contact-tracing

2.4

Number and characteristics of professionals and time dedicated to testing and monitoring of close contacts
Share of confirmed cases for which contact
tracing is carried out

2.5
2.6
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Stability of transmission

Cases reported by the Italian civil protection in the last 14 days
Rt based on symptom onset or hospitalisation date
Cases reported to a sentinel system
(COVID-net) in a week
Daily cases by date of diagnosis and symptom onset
Number of outbreaks (more than 2 linked
cases or unexpected increase of cases in a
given time and place)
New cases with unknown transmission
Access to emergency care with symptoms
compatible with Covid-19

3.1
3.2
3.3 (optional)
3.4
3.5
3.6
3.7 (optional)

Health
services
availability

3.8

ICU occupancy rate

3.9
Hospital bed occupancy rate
Table 3: Indicators used by the Italian Ministry of Health
for monitoring the epidemic, Decree Ministry of Health
30 April 2020.

A.3. The Italy Stringency Index
We construct a new dataset of the measures enforced at the local level in
Italian municipalities, provinces, and regions (in total, almost 8,000 municipalities, 107 provinces, including the two autonomous ones, and 19 regions)
starting from 1 January 2020.[20] We rely on local laws available through
the official websites of regions and local entities. Moreover, we use the information contained in press articles and releases. We enrich the available
information set by including the zone assignment of the regions and autonomous provinces enforced by the central Government via the Ministry of
Health. The data allow us to compute a national stringency index, the Italy
Stringency Index, ItSI, as the population-weighted average of the stringency
indexes at the subnational level implied by the restrictions.
We re-code some of the variables of the Oxford Stringency Index[32] to
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Figure 7: Probability algorithm, Decree Ministry of Health 30 April 2020.
account for the intensity and features of the restrictions adopted in Italy (see
Table 4). As in the Oxford Stringency Index, for each region r, we compute
a sub-indicator Ijr of the intensity of the policy measure Vj . In particular,
vr

Ijr = v̄jr , where vjr varies between 0 and v̄jr , which is the maximum value
j
that Vj can attain. In the expression, we neglect the time index for ease
of notation. We also take into account that some measures were in force
only on some days of the week (for example, weekend closures of shops in
malls selling non-essential goods or services) or assign intermediate values
with respect to those reported in Table 4 to account for in-between cases
(for example, due to ad hoc provisions at the regional level). Finally, we
compute an indicator at the regional level by taking the simple average of
the nine available sub-indicators. We disaggregate the indicator relative to
“Workplace closing” in three sub-indicators: i ) Production, ii ) Shops, iii )
Bars and restaurants. Then, we collapse the three sub-indicators by a simple
average.
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Figure 8: Impact algorithm, Decree Ministry of Health 30 April 2020.

Figure 9: Probability-impact matrix, Decree Ministry of Health 30 April
2020.
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Figure 10: Definition of zones, Decree 14 January 2021. Source: authors’
elaboration based on Decree 14 January 2021. The Decree 23 February 2021
slightly changed the algorithm. In particular, when incidence is low, the
“Yellow zone” also applies if the region is at high risk and Rt is larger than
1.25 (Scenario 3 or 4).
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Figure 11: Definition of zones, Decree 18 May 2021.
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Figure 12: Definition of zones, Decree 23 July 2021.
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H1_Public_campaign

C8_International_travel

C7_Internal_movement

C6_Stay_at_home

C5_Public_transport

Variable
C4_Gatherings

0
1
2
3
4
0
1
2

4

3
0
1
2
3

2
0
1
2

1

0

4

3

2

Level
0
1

Table 4: Description of the variables used to construct the Italy Stringency Index.

C3_Public_Events

2
3
0
1
2

1

0
1
2
3
0

C2_2_Shops

C2_3_Bars_Restaurants

0
1
2
3

3

2.5

2

Dine-in-allowed at some times of
the day
Dine-in not-allowed
Require closing
No measures
Limited ban on public events
Ban on all public events

Distance education for upper secondary schools
Distance education for upper secondary schools and second and
third grade of lower secondary
school
Distance education for upper and
lower secondary school
Distance education for all schools
(except for kindergartens)
All school closed or in distance education
No restrictions
Recommended work from home
Require work from home
Require closing all-but essential
workplaces
No measures
Limited measures
Limited closures
Ban on non-essential products
No measures

1
1.5

Description
No measures
Limited measures

Level
0
0.5

C2_1_Production

Variable
C1_School

Shutdown of public transport
No measures
Recommended sheltering
Mandatory sheltering (excluded
essential activities)
Mandatory sheltering
No measures
Limited measures (e.g. curfew)
No movement between regions
No movement between municipalities
No movement within a municipality
No measures
Require negative test
Mandatory quarantine
Entry ban on some countries
Entry ban on all countries
No measures
Public campaign on some media
Coordinated campaigns on all media

Limited restrictions

Restrictions on gatherings up to 10
people
No measures

Description
No measures
Restrictions on gatherings above
1,000 people
Restrictions on gatherings up to
1,000 people
Restrictions on gatherings up to
100 people

A.4. Vaccine Rollout and Coverage Rate Scenarios
Administration rates were determined considering the deliveries of new doses,
the administration constraints, the delay between the two injections and the
historical data. Up to December 2021, we use historical data on new vaccinations by age group and region provided by the Italian Civil Protection.[42]
For the period December ’21 – March ’22, we need to make assumptions
on the pace of vaccination and booster administration. In particular, in the
Actual rollout, we assume that only vaccines of type 1 are administered to the
population since December in line with the available evidence at the end of
November (type 2 vaccines were negligible). We assume an increase in firstdose administration for the last three age groups in December 2021 to fit the
fact that accessing the workplace requires either vaccination or a previous
infection. In the first quarter of 2022, vaccination campaign continues at a
slower pace. We also assume that the vaccination in the youngest cohort takes
off in December 2021 and decreases over time in the first quarter of 2022.
As far as it concerns the booster administration, we follow the provisions of
the Italian Ministry of Health. At the end of September, the third dose was
recommended to individuals with a high risk of severe disease, individuals
above 80 years old, healthcare workers above 60 years old or at a high risk
of severe disease six months after full vaccination. In October, individuals
above 60 and all high-risk individuals could access to the third dose. In
November and December, the third dose was extended to individuals above
40 and 18, respectively. Moreover, people can get the third dose five months
after the full vaccination. Finally, in January, individauls above 12 could
access to the third dose four months after the full vaccination. Besides the
Actual rollout, we also consider an optimistic scenario (Optimistic rollout)
and a pessimistic one (Pessimistic rollout). Optimistic rollout assumes a
faster rollout than observed between June and November (20% faster in the
second and third age groups, 55% for the fourth age group, and 105% faster
for the fifth age group). Pessimistic rollout assumes a slower rollout than
observed (80% of actual doses for all age groups between June and Dicember).
Pessimistic (Optimistic) rollout shows a faster (slower) reduction of first
doses than Actual rollout during December 2021-March 2022. Optimistic
(Pessimistic) rollout assumes a fast (slow) deployment of boosters to the
eligible individuals. Moreover, vaccinated individuals may access to boosters
after 4 months after the second dose in Optimistic rollout. Overall, the
allocation of boosters works according to a first-in-first-out principle. In
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other words, since we do not have individual-level information on the time
span between the vaccinations, we assume that individuals with the older
vaccination are the first one to receive a booster. Table 5 reports the average
coverage by age-group and scenario at the end of the period (March 2022).
Age Group

Actual rollout

0-12
13-18
19-64
65-79
80+

39.5%
77.8%
89.7%
97.5%
98.3%

Optimistic
rollout
55.0%
90.5%
96.8%
99.0%
99.4%

Pessimistic
rollout
20.7%
64.9%
80.2%
91.0%
95.0%

Table 5: Average coverage by age group and scenario.

A.5. Additional Exhibits on the Alpha variant
Counterfactual analysis: assessing the “decoupling” between the United States and Italy
Since the beginning of 2021, the pandemic has shown heterogeneous trends
worldwide: while Europe was facing its third wave, in the United States,
infections sharply declined, remaining at relatively lower levels until the end
of May, despite enforcing less severe restrictions as compared to Europe. In
the first quarter of 2021, the Oxford Stringency Index [32] has been about 15
points lower in the United States than in Italy and Germany. As measured by
the Google Covid-19 Community Mobility Reports [52], retail and recreation
mobility had been gradually growing and approaching pre-pandemic levels
by the end of the quarter in the United States, while in Europe, it remained
30%-60% below pre-pandemic levels (see Figure 17).
The different progress of the vaccination campaign has been commonly
considered as the main factor behind the observed divergence between epidemic trends in the two regions. Indeed, at the end of the first quarter, in the
United States, about 30% of the population had received at least one dose
of the vaccine compared to just over 11% in Italy (see Figure 18). In spring,
the vaccine rollout accelerated in Europe so that the vaccine gap between
the United States and Italy was almost entirely closed by mid-June. Besides vaccine rollout, at least one other factor could have played an essential
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Figure 13: Estimated overall daily incidence. Total number of actual cases
with exogenous policy, by region.
role in favouring the decoupling: the different spread of more transmissible
SARS-Cov-2 variants. According to the US Centers for Disease and Control
and Prevention, the proportion of US cases attributed to the Alpha variant
was around 25%-30% in mid-March compared to 87% in Italy [23]. Other
things being equal, this would entail a delay of about 5-6 weeks compared to
the progress of the same variant in Italy and most other EU countries. It is
hard to evaluate the role of different factors just by looking at the evolution
of epidemic and restriction dynamics across countries. Many confounding
factors such as initial epidemic conditions, demographic characteristics, differences in containment policies and individual behaviours may undermine
the possibility of getting a precise evaluation of the contribution of a specific
component. By considering the endogenous response of containment poli45

Figure 14: Estimated overall daily incidence by age class.
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Figure 15: Estimated prevalence of variant types vs Survey values.
cies, our modelling framework may also be a valuable tool to analyse how a
specific external factor may affect contagion and restrictions once applied to
a specific country (Italy in our case).
To provide a quantitative assessment of how the vaccination progress
and the initial prevalence of more transmissible variants may have influenced
the divergence between Italy and the United States, we construct two ad
hoc counterfactual scenarios for February-May 2021. In the counterfactuals,
we apply to Italy the more favourable conditions prevailing in the United
States regarding the vaccine rollout and the prevalence of more transmissible
variants. Clearly, there are other possible sources of divergence, such as the
possible differences in the immunity due to previous infections, the general
initial incidence of infections. However, we aim to assess how - ceteris paribus
- the changes in these two specific conditions would have affected epidemic
and stringency conditions in Italy. In the first counterfactual scenario, we
assume the spread of the Alpha variant to occur in Italy with a delay of
40 days; in the second one, on top of a delayed diffusion of the variant, we
consider a vaccine rollout similar to the one in the United States (see Figure
19).
We examine the evolution of the number of notified cases and the modi47

(a)

(b)

(c)

Figure 16: Regional mitigation measures observed and estimated during the
third wave. From left to right: observed regional mitigation measures, estimated measures and difference between the two. The colours of the right
and middle matrices correspond to the level of weekly restrictions adopted
by each region. The white, yellow, orange and red cells correspond to the
levels of restrictions prescribed by the tier system. Additionally, the black
line highlights the start of the tier estimation exercise, whereas the dark red
rectangle indicates exogenous adoption of ad hoc enforcement of additional
restrictions for the Easter holidays. The rightmost matrix reports the difference between observed and estimated mitigation measures: red shaded cells
indicate predicted tiers are more restrictive by one (+) or two (++) notches;
e.g., an orange predicted tier for a yellow region corresponds to a pale red
cell (+), a predicted red tier for a yellow one corresponds to a dark red cell
(++). Conversely, green cells report on tiers predicted by the model found
to be less restrictive than observed ones by one (-) or two (–) notches; e.g.,
a predicted yellow tier for an observed orange region corresponds to a pale
green cell (-), it corresponds to a dark green cell in the matrix for a red region
(–). Finally, white cells represent equal tiers (=).

Figure 17: Epidemic and mobility in the US and Italy. [70, 52]
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Figure 18: Share of people who received at least one dose of Covid-19 vaccine
in the United States and Italy. Source: Our World in Data.

Figure 19: Vaccine rollout scenarios: share of total population covered.
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fied version of the Oxford Stringency Index in these two alternative scenarios,
comparing them with the realised dynamics (Figure 20). As for the latter,
we consider the values produced by simulations instead of actual data so
that any difference in the counterfactual scenarios can be attributed only
to the variation of external conditions instead of model deviations from actual data. Nevertheless, results would not substantially change when using
realised data, given the model’s ability to track actual evolutions over the
considered period (see Figure 7 in Section 4).

Figure 20: Simulated dynamic of Oxford Stringency index for Italy: counterfactual scenarios.
The simulations suggest that the main driver for the divergence in FebruaryMarch was the early diffusion of the Alpha variant in Italy, which is associated
with an average increase of 72.5% in notified cases and of 8.5 points in the
Oxford Stringency Index (compare the dashed and brown lines in Figure 20).
After realigning the spread of the Alpha variant, a faster vaccination campaign becomes the leading factor (compare the brown and purple lines). In
particular, a rapid vaccine rollout leads to an average reduction of 56.5% in
notified cases and of 7.7 points in the Oxford Stringency Index in April-May.
Considering the entire simulation period, a delayed diffusion of the new variants accounts for about 60.0% in moderating the number of new cases and
- on average - for about 7.8 points in reducing the level of restrictions. A
faster vaccine rollout would have allowed a further relaxation of the policies,
by additional 3.6 points on average, while the number of cases would have
fallen by an additional 13.3%. These results point out the importance of
preventing or delaying the spread of insidious variants of the virus during
the vaccination campaign.
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A.6 Fixed restrictions vs. self-adaptive rule-based mechanism
Figure 21 displays the counterfactual scenarios in which “yellow”, “orange”,
and “red” zone restrictions apply to the national territory during the whole
simulation period. In this way, we can compare the results of our modelling
framework with those of an epidemiological model that does not embed endogenous adjustments of the containment measures. The left panel of Figure
21 shows the projections for new cases associated with each regime (“yellow”,
“orange”, and “red”). As one may expect, we observe that the severity and
the length of the epidemic wave are inversely related to the restrictiveness of
the policies. While a nationwide red zone allows a rapid suppression of the
epidemic by the end of the spring, the yellow zone determines a substantial
increase of cases until April and a slow reduction until May. The lack of an
endogenous adjustment policy mechanism clearly translates into a large epidemic burden (the yellow-zone policy) or disproportionate restrictions (the
red-zone policy). Moreover, constant policies do not reflect dynamically the
progress of the vaccination campaign, which allows the policymakers to reduce restrictions and the epidemic burden at the same time. Finally, the
right panel of Figure 21 shows that the level of restrictions associated with
an unconditional application of red and orange zones would be much larger
than the self-adaptive policy mechanism described in this paper. On the contrary, the constant application of the yellow zone would result in too lenient
restrictions.
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Figure 21: New cases and the Italy Stringency Index during the third wave.
The dashed curve in the left panel reports the observed new cases.
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