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Abstract

The analysis of real-world data and the development of mathematical models played a fun-
damental role in understanding the epidemiology of COVID-19 and informing public policies
throughout the recent pandemic. This thesis presents a collection of modeling approaches
and results addressing key questions that arose during the COVID-19 crisis, with a specific
focus on the emergence and epidemiological features of SARS-CoV-2 variants of concern
(VOQ) in Italy and related public health implications. In the first chapter, conducted
analyses suggest that the Alpha variant was approximately 50% more transmissible than
historical lineages of SARS-CoV-2, and that this transmissibility advantage was enough to
outcompete a variant associated with immune escape phenomena and circulating in central
Italy in February 2021 (i.e., the Gamma variant). In the second chapter, by investigating
the potential impact of new hypothetical VOCs in Italy in late 2021, modeling results
highlighted that the emergence of variants associated with significant immune escape (i.e.,
with a rate at which vaccinated or recovered individuals from infection with pre-circulating
lineages become infected being at least one-fifth that of unvaccinated individuals who never
experienced SARS-CoV-2 infection) would have been able to replace pre-circulating lineages
in a couple of weeks. Strict restrictions would have been required to prevent a new large
epidemic wave. In the third chapter, the analysis of genomic and epidemiological data
associated with the expansion of the Omicron variant over the Italian territory revealed
that this variant was able to become dominant at the national level in less than a month,
increasing the net reproduction number from 1.15 to 1.83. Despite the marked growth
advantage of Omicron compared to the previously circulating Delta variant, a moderate
impact on the number of severe cases was observed, likely due to the high proportion
of vaccinated individuals in the country by the end of 2021. In the fourth chapter, the
estimation of the intrinsic generation time of the Omicron variant (mean: 6.84 days) was
found to be similar to that of previous lineages. Such estimates have been key to define
adequate isolation, quarantine, surveillance, and contact tracing protocols in 2022.

The prevention of SARS-CoV-2 transmission in educational settings represented a key chal-
lenge during the pandemic, due to the large proportion of asymptomatic carriers in young
individuals. The last chapter presented in this thesis shows that, when the Alpha variant
was circulating in Italy, almost half of positive students and school personnel ascertained
during in-person education were likely infected by school contacts. The mean number of
secondary cases caused at schools was found to be 0.33, with high heterogeneity in the
chance of onward transmission. Provided estimates suggest that the timely identification of
cases combined with reactive quarantine policies had the potential of reducing SARS-CoV-2
transmission in schools by at least 30%.
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lllustrative example of a household cluster. A household with 5 members, of
which #4 (asymptomatic) was infected outside the household (in the general
community) and then transmitted to cases #5 and #3 (both symptomatic).
Case #3 infected #2 while #1 remained uninfected. #3, #2 and #1 were
vaccinated with 1 dose, 2 doses, and 2 dosesbooster respectively. In the
bottom part of the gure, we show examples of the temporal intervals of
interest for this work. Note that for the household serial interval and the
realized household generation time, the source of infection (whether from
outside the household or from a household member, and, in the latter case,
which household member) is also unobserved and needs to be probabilistically
reconstructed. The intrinsic generation time is not displayed as it represents
the distribution of generation times among infections occurring in the general
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of the intrinsic generation time; solid line: mean estimate; shaded area: 96
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tivity analyses. A) Posterior distributions of the mean intrinsic generation
time; B) Mean distributions of the intrinsic generation time. Point: mean
value; box: interquantile range; whiskers: 9% Crl. The labels on the y-axis
represent the performed sensitivity analysis to evaluate the robustness of
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unvaccinated individuals; c¢) an incubation period for Omicron with the
same distribution as previous estimates for Delta (mean: 4.5 days; standard
deviation: 2.1 days) [L63; d) a prolonged diagnostic delay for asymptomatic
individuals (mean: 7.58 days, standard deviation: 1.61 days); e) a prolonged
diagnostic delay for asymptomatic individuals (mean: 7.58 days, standard
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4.A.1 Empirical and tted distribution of the incubation period for variant
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4.A.3 Consistency in the attribution of the infector or the infector setting.
The stacked barchart represents the proportion of individuals that were
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4.A.4 Diagnostic delays distributions for asymptomatic individuals. Baseline
represents the distribution used in the main analysis, equal to the one
estimated for asymptomatic cases; Increased shape is the distribution used
in SA d); Increased scale istheoneusedinSAe)............... 119

4.A.5 Daily number of diagnosed cases in the province of Reggio-Emilia between
December 1, 2021 and April 15, 2022. The study period of this work (January
1-31, 2022) is highlighted in light blue. Data from the Integrated Surveillance
System of the Istituto Superiore di Sanita [3, 173]. . . . ... ... ... .. 124

5.1 Periods of in-person education (light blue) and distance learning (orange) for
the di erent school levels in Reggio Emilia during the study period are shown
in the top panel. Weekends and Easter holidays are represented in white.
The middle panel shows the estimated overall percentage of individuals in
the data (including negative individuals exposed to ascertained infections)
attending school in person over time. Changes in the attending rate during
in-person education are mainly driven by reactive quarantines at school. The
bottom panel shows the cumulative number of individuals diagnosed with
SARS-CoV-2 during outbreak investigations over time, strati ed by students,
school personnel, and their household members. . . . . .. ... ... .... 130
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5.3

Schematic representation of a hypothetical outbreak in school. Each row
corresponds to a speci ¢ individual (either student S1-S9 or school personnel
T1). The time of infection, symptom onset (if any), and diagnosis (if any)
are indicated for each individual in red (triangles and squares indicate
transmission occurring within and outside the school, respectively). For each
individual, the attendance (blue), isolation (orange), and quarantine (yellow)
periods are shown. Speci cally, we assumed that each positive individual
is isolated for 14 days starting from their date of diagnosis, and that 14
days of quarantine are imposed on school attendees involved in the same
outbreak investigation the day after the rst diagnosed infection in the school.
Days of school closures are shown in white. The resulting daily percentage
of individuals attending school among the involved school attendees, as
computed for this illustrative case, is represented by the blue bars displayed
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in the bottom panel. . . . . . ... ... . ... 132

Panel A shows the estimated percentage of positive students/school personnel
who got infected as a result of contact with positive individuals attending
school (bars represent mean model estimates; whiskers represen28Grl)
as obtained for the baseline model and for the di erent sensitivity analyses
(a: considering only data on con rmed infections among students and school
personnel with information on their household membersh: considering all
school contacts and household members when reported;d, and e: repetition

of the baseline analysis and sensitivitiesd) and (b), but accounting for
possible under-ascertainment of infections at schoof;: school personnel
not quarantined; g: generation time taken from the literature instead of
estimated from the transmission chain reconstruction;h: breakthrough
infections assumed as infectious as unvaccinated infected individuals;
vaccine e ectiveness against the infection is 5% reduced compared to values
assumed in the baseline scenarig; a di erent scaling factor is assumed for
the transmission in daycare centers and kindergartens compared to higher
grades). Panel B shows the same quantity estimated under the baseline
assumptions, strati ed by school levels and by the status of the infectee
(student or school personnel). . . ... ... ... ... ... ... .. ...,
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5.4 Panel A shows the cumulative percentage of secondary infections due to
school contacts caused by individuals who were either infected or diagnosed
during in-person education and attended for at least one day after infection.
Potential infectors are ordered from those who infected the largest number
of secondary cases at school to those who did not infect any secondary
case at school. Panel A shows that 26% of all potential infectors infected
100% of the secondary cases. The solid line represents the mean model
estimate; the shaded area represents 9&Crl. Panel B represents the number
of secondary cases caused at school by one infectious individual during in-
person education, overall and strati ed by school level. Bars represent mean
model estimates; whiskers represent 96Crl; displayed numbers represent the
range of the number of potential infectors used for computing the number of
secondary cases, which may change across reconstructed transmission chains.
Panel C represents the number of secondary cases caused at school by one
infectious individual during in-person education as obtained in the sensitivity
analyses including complete information on the school-attending individuals
(b considering all school contacts and household members when reported,;
and e: repetition of the baseline analysis and sensitivity ), but accounting
for possible under-ascertainment of infections at schoof;: school personnel
not quarantined; g: generation time taken from the literature instead of
estimated from the transmission chain reconstruction;h: breakthrough
infections assumed as infectious as unvaccinated infected individuals;
vaccine e ectiveness against the infection is 5% reduced compared to values
assumed in the baseline scenarig; a di erent scaling factor is assumed for
the transmission in daycare centers and kindergartens compared to higher
grades). Panel D shows the cumulative distribution of the number of days
attending after infection and before isolation or quarantine among individuals
that got infected or diagnosed during in-person education. Panel E shows
the cumulative percentage of secondary infections due to school contacts
caused by positive individuals who attended school for 1 2 days, 3 5 days, or
6 days or more after their infection and before isolation or quarantine. The
gure shows that only 7.8% of positive individuals who attended school for
1 2 days infected a secondary case after their infection and before isolation
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after their infection and before isolation or quarantine infected at least one
secondary case. Panel F represents the number of secondary cases caused at
school by one infectious individual during in-person education, strati ed by

the number of days they attended school before isolation or quarantine. . . 139
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5.A.1 Empirical and tted distribution of the diagnostic delay Pp estimated
from data collected during school outbreak investigations. The histogram
represents the empirical distribution given the imputed infection times for
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5.A.6 lllustrative transmission chains between 284 SARS-CoV-2 positive indi-
viduals ascertained during 87 epidemiological investigations conducted in
Reggio Emilia, Italy, between March and April 2021, as estimated under
the baseline scenario. Individuals are visually grouped to re ect di erent
outbreak investigations. Transmission events associated with school-related
contacts are shown in red. Individuals infected outside the school are shown
in orange. Blue nodes represent negative case contacts at school.
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Introduction

Background

The emergence of the novel severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) in China in late 2019 triggered the global COVID-19 pandemic. Due to the high
susceptibility of humans to a new pathogen, the intrinsic epidemiological features of the virus,
the signi cant risk of severe outcomes among the elderly, and the strong interconnections
characterizing modern societies, the virus rapidly spread worldwide, infecting a huge
proportion of the world population.

The high transmissibility potential associated with SARS-COV-2 (early estimates of the
basic reproduction number Ry oscillating around 3 [L 6]), combined with a relatively
low risk of developing symptoms after infection in young individuals , 8] and with a
marked contribution of asymptomatic and pre-symptomatic cases in the transmissiond 11],
hindered the rapid identi cation of infected individuals and in ated the disease spread.
The heterogeneous risks of developing symptoms and severe disease across di erent age
groups [7] allowed the silent transmission of the virus in the general population, while
resulting in a high disease burden among the elderly. The rapid upsurge of severe cases
dramatically challenged even the public healthcare systems of most industrialized countries,
which strained under the brisk increase of patients seeking care. As a result, national
governments imposed unprecedented measures to counter the transmission and reduce the
healthcare systems' burden caused by COVID-19 cases.

In spring 2020, strong non-pharmaceutical interventions were implemented worldwide,
including stay-at-home mandates and travel restrictions, the temporary suspension of work
and school activities as well as of mass gathering events, and the application of strict social
distancing measures (e.g., universal masking, case isolation and quarantine protocols, etc.).
Those policies helped to reduce the viral circulation in the general population and the
consequent pressure on national and local healthcare systems.

In autumn 2020, the partial lifting of restrictions, along with the reactivation of in-person
education in schools, favored the emergence of new epidemic waves. New control policies
were evaluated, leading to the application of restrictions tailored to the local epidemiological
conditions. A special focus was placed on protecting the most vulnerable individuals and
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on preventing the viral circulation in schools and workplaces, representing two settings
potentially associated with the observed epidemic growth.

In December 2020, the rst COVID-19 vaccines became available in multiple countries in
record time. Throughout 2021, di erent vaccine products were approved and administered
globally, which helped to control SARS-CoV-2 transmission and avert a signi cant number
of deaths [L2]. Mass vaccination required the evaluation of di erent immunization strategies
and massive e orts to quickly deploy the vaccine to the eligible population. However, due
to the natural process of viral evolution, several variants of concern (VOC) emerged during
2021, challenging the progress towards the control of the COVID-19 pandemic made until
that time. The most concerning traits associated with the new emerging variants have been
an increased transmissibility of the virus, the potential for more severe illness given the
infection, and phenomena of immune escape from prior infection and/or vaccination. More
than three years after the start of the pandemic, control measures have been progressively
relaxed, and COVID-19 is no longer considered a public health emergency. Nonetheless,
as of August 2023, there have been almost 7 million deaths associated with SARS-CoV-2
infection, and more than 750 million COVID-19 cases con rmed globally. Epidemiological
surveillance and the quantitative assessment of e ective strategies to counter the disease
spread played a key role in the response to the COVID-19 crisis. The retrospective analysis
of what has occurred in the last three years is also key for planning appropriate control
measures against other respiratory infections that could emerge in the future, and for
strengthening the healthcare systems' preparedness against epidemic threats.

The pandemic caused a widespread upheaval and brought the global community to
a situation of high uncertainty. The novelty of the virus itself, the concerns about the
potential impact of new emerging variants of SARS-CoV-2 on the COVID-19 epidemiology,
the unprecedented restrictions implemented, and the temporal adaptation of mitigation
strategies to continuous changes in the epidemiological conditions, represented strong
challenges for both decision-makers and researchers aiming at supporting the development
of control policies. A key challenge in this scenario was to understand the epidemiology
of the new virus, by identifying the basic mechanisms underlying its transmission, and by
estimating epidemiological quantities that are essential for evaluating the potential epidemic
spread and the most adequate response strategies.
The pandemic promoted the collaboration among researchers, integrating di erent elds
of expertise. Epidemiologists worked together with medical doctors, infectious disease
specialists, immunologists, virologists, and modelers, to shed light on the most relevant
questions during each pandemic phase. The unprecedented impact of COVID-19 on
the entire society also favored the collection of a huge amount of data and evidence,
including detailed information on infected individuals and their disease outcomes, policies
implemented, testing results obtained from suspected cases and their contacts, contact
tracing records, and genomic data. The heterogeneous availability of data and information
over the course of the pandemic led statistical and mathematical modelers to apply a
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variety of methodologies to progressively improve our knowledge about the SARS-CoV-2
transmission dynamics, facilitating a more rapid understanding of the ongoing phenomena
and providing evidence-based and data-driven approaches to face the COVID-19 crisis.

Surveillance is the primary tool for acquiring knowledge regarding the transmission of
infectious diseases and for keeping track of the ongoing epidemiological trends. During the
COVID-19 pandemic, syndromic surveillance was carried out to rapidly identify infected
cases and inform testing e orts employed on suspected individuals exposed to the infection,
with the aim of interrupting the transmission as soon as possible. The isolation of con rmed
infections and the subsequent contact tracing investigations carried out to uncover likely
transmission routes, helped improving the early detection of infected individuals. The
assessment of the clinical course of SARS-CoV-2 infections and of the disease severity
experienced at di erent ages was critical for tailoring e ective public health interventions
and treatments, enabling healthcare systems to plan the resource allocation [13, 14].

In speci ¢ settings like schools, mass screening based on a variety of diagnostic tests was
employed to identify asymptomatic carriers and reduce the spillovers of cases into the
community, increasing the sustainability of in-person education while protecting the most
vulnerable segments of the population. Finally, genomic surveillance gained particular
importance during the course of the pandemic to track occurring viral mutations and to
monitor the emergence and prevalence of potential variants of concern that could briskly
change the pace of COVID-19 circulation.

The development and the analysis of models informed with real-world data stand as a
cornerstone in the quest for knowledge in the epidemiology of infectious diseases, and they
became especially relevant during the COVID-19 pandemic. In fact, mathematical and
statistical models provide an educated framework to quantify hidden variables underlying
the transmission of emerging and re-emerging pathogens as well as a controlled environment
for testing alternative scenarios and possible intervention strategies, helping public health
o cials to make informed decisions aimed at controlling the disease spread. For instance,
models can be used to estimate from available data some of the key intrinsic characteristics
of the virus, like the generation time and the incubation period distributions. These
guantities are essential to assess the transmissibility potential of the disease, and to de ne
appropriate isolation and quarantined policies. Models are also a crucial tool to project the
temporal dynamics of epidemics and analyze di erent possible epidemiological scenarios.
The investigation of potential trajectories of disease incidence associated with the emergence
of new variants can assist the development, evaluation, and timely implementation of non-
pharmaceutical interventions. The evaluation of appropriate strategies for the rollout of
national vaccination programs is only an additional illustrative case in which modeling
studies have supported public health decisions during the COVID-19 pandemic.

In the context of mathematical modeling and computational epidemiology, the COVID-19
pandemic represents an unprecedented learning opportunity. The di erent epidemiological
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conditions experienced during the COVID-19 crisis, along with the huge amount of data
collected - characterized by its diversity and quality - should be leveraged to strengthen
our ability in understanding the complex dynamics of infectious diseases. The pandemic
has revealed heterogeneities across various dimensions, shedding light on the pandemic's
di erential impact across socio-demographic groups and settings, but also showcasing the
e ectiveness of various policy interventions in curbing the risk of disease transmission. The
complexity that encompassed the COVID-19 pandemic can clearly help to learn about the
key features of the dynamics of infectious diseases in humans and the resources (including
scienti ¢ approaches and novel methodologies) that could be used to face future epidemic
threats.

State of the art

Over the last decades, mathematical models have been widely used to provide quantitative
insights on the epidemiology of infectious diseases and to inform public health policies.
Dynamic compartmental models (e.g., based on the susceptible-infected-recovered SIR
scheme) are one of the most commonly used approaches in epidemic modelling. These
models mimick key transitions driving the disease spread in a population, which is strati ed

in di erent mutually exclusive groups of individuals (susceptible, infected, recovered, etc.)
according to their role played in the transmission process and how they move across the
di erent groups. The di erent epidemiological classes can be as well strati ed by age or
other features to better capture heterogeneities across di erent population segments, e.g. in
their susceptibility to infection, types of contacts, behaviour, immunity levels, and clinical
severity. To mirror the diversity of speci ¢ groups in the transmission dynamics, in terms
of geographical regions or behaviors, meta-population models are better suited to represent
these traits [15 17]. In particular, spatial components in epidemiological models aim at
evaluating the geographical heterogeneity in the transmission process and in the temporal
spread of the diseasel]7, 18]. Network models are also used in epidemics to re ect the
complex structure of social interactions between individuals or groups of individuals, while
often incorporating the use of mobility data [19 21]. Another approach widely adopted

to investigate epidemiological patterns are agent-based models, aiming at re ecting the
heterogeneity charactering individuals' interactions leading to infection episodes. Although
these type of models require detailed data to be parametrized, they are especially useful to
simulate control strategies targeting single individuals, such as contact tracing, ring vacci-
nation strategies, antiviral prophylaxis administration, and isolation/quarantine mandates
[22 25].

A variety of Bayesian approaches are used to calibrate di erent mechanistic transmission
models or to directly analyze individual epidemiological records. In particular, Bayesian
approaches have been successfully employed to infer single infection episodes from indi-
vidual records of cases and their contacts. By explicitly reconstructing most likely chains
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of transmission among infected individuals, the latter approach allows the inference of
key quantities describing the mechanisms of spread of the disease, such as the relative
susceptibility, infectivity, and risk of infection of the individuals by age, the serial interval,
and the generation time associated with the considered pathogen [26 29].

This thesis focuses on the COVID-19 pandemic, a period in which data-driven models
have been extensively used to inform decision-makers and public policies. The amount of
information collected during the crisis has allowed the employment of di erent methods
depending on the data and knowledge available at the time and on the relevant questions to
be answered at each pandemic phase. Data collected during the COVID-19 crisis included
the timeseries of ascertained infections, hospitalizations, and deaths; the line list of cases
and contact tracing records; test results from suspected cases and case contacts; and genome
data from a selected number of SARS-CoV-2 infections.

Early epidemic data allowed the estimation of the basic reproduction numbeR (de ned
as the average number of secondary cases infected by a primary index case in a fully
susceptible population) via the computation of the growth rate or using other innovative
approaches and statistical methods3j0 34]. The net reproduction number over time R¢,
better de ning the transmission potential under time-varying epidemiological conditions
(susceptibility, interventions, behavioral changes, etc.), has been commonly computed by
means of the renewal equation [35 37]. In Italy, this epidemiological quantity represented
a key parameter to weekly evaluate the epidemiological situation in the di erent Italian
regions during the COVID-19 pandemic, and to de ne the tier restrictions applied to each
region over time [38].
The projection of potential epidemic trajectories and the analysis of short-term outcomes
of the viral spread were commonly assessed using relatively simple compartmental models,
aimed at rapidly quantifying the immediate potential burden of the disease 39 and
evaluating the impact of control measures in the medium and long term40, 41]. Age
strati cation was a fundamental component in these type of models to re ect the known
heterogeneity in the severity and susceptibility of the COVID-19 cases?, 13]. Spatial
models including epidemiological and mobility data, as well as information on the local
capacity of the medical infrastructure, facilitated the assessment of the temporal and spatial
transmission of SARS-CoV-2 and the better organization of emergency measures to counter
the COVID-19 pandemic [17, 42].
Contact tracing data was extensively used to estimate key epidemiological quantities
and features of SARS-CoV-2, including the susceptibility and infectivity by age, or the
serial interval [43 45]. A range of statistical tools were used, as well as models aiming at
reconstructing the chains of transmission46]. These allowed a comprehensive understanding
of the transmission process in speci ¢ settings and a close view to the key features of the
disease.

A variety of models were developed and analyzed to evaluate the impact of di erent
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strategies for vaccination deployment 47], as well the e ect of the roll-out of national
vaccination programs on the COVID-19 burden 2, 48, 49]. The emergence of new SARS-
CoV-2 variants led to re-analyze the vaccine e cacy p0] and re-estimate the intrinsic
characteristics of the circulating virus using diverse modeling approaches [51, 52].

The availability of genomic data also allowed to study the phylogenetic evolution of SARS-
CoV-2 [53, 54] and the reconstruction of clusters and pathways of transmissiordp, 55].
The genomic characterization of the variants helped to identify new mutations of the virus
and to monitor their spread in the population [56].

Agent-based models have been less frequently used during the pandemic, due to di culties
in gathering detailed data required for their calibration. Nonetheless, they have been
successfully employed to test control strategies within schools [57 59].

The emerging variants of concern have been extensively studied by the research commu-
nity and are also one of the main topics of this thesis. The Alpha variant was the rst one
to markedly in uence the COVID-19 epidemiology, with available estimates suggesting a
40-90% increased transmissibility compared to historical lineages of SARS-CoV-&( 64].

In mid-March 2021, the Delta variant was uncovered in India. The variant presented
mutations that favored transmissibility (60-80% more transmissible compared to Alpha)
and partial immune evasion, leading this lineage to quickly replace previously circulating
strains [56, 65). At the end of 2021, the so-called Omicron variant rapidly expanded across
di erent countries, causing a large new upsurge of infections worldwide. This last variant
of SARS-CoV-2 was associated with a higher risk of immune escape from vaccination and
prior infection [66, 67], triggering a new wave of cases even in widely vaccinated populations.
The fast estimation of the increased transmissibility, immune escape, and disease severity
of the di erent emerging variants during the COVID-19 pandemic was key to timely adapt
the control measures and public policies in place.

One of the main challenges during the COVID-19 pandemic was the reopening of the
schools. The uncertainty surrounding the routes of SARS-CoV-2 transmission in the
younger population, coupled with concerns about the quality of their education, gave rise
to several studies investigating the in uence of open schools on the spread of SARS-CoV-2
and potential measures for preventing its transmission40, 41, 57 59, 68]. The ad-hoc
monitoring of the SARS-CoV-2 transmission in open schools revealed a non-negligible
proportion of secondary cases linked to school contact§9 75. However, symptom-based
surveillance was found to underestimate true positivity rates in educational settings and
among children [7, 59, 73, 7€], and alternative testing approaches, as the regular screening
of students and school personnel, were implemente&T{, 58, 73, 77]. The continuous policy
changes, coupled with the high proportion of asymptomatic transmission among children,
introduced several confounding factors into the research of COVID-19 in schools, and
further analyses on their contribution to the spread of respiratory diseases were required.
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Innovative aspects

In this thesis, | present di erent modelling approaches implemented during the COVID-19
crisis to address some of the main questions that came up during the pandemic, with special
focus on the emerging variants of concern and on the SARS-CoV-2 transmission in school
settings. The topics presented re ect the progressive changes observed in the COVID-19
epidemiology in Italy over time, and the di erent methods used throughout my Ph.D. were
selected to deal with the available knowledge and data at di erent pandemic phases.

Most of the work presented in this thesis is based on detailed epidemiological and
genomic data collected in the Italian territory. Genomic surveillance data allowed the study
of the co-circulation and spatial prevalence of di erent variants of concern over time. This,
coupled with the timeseries of newly diagnosed infections, the application of compartmental
models, andR; estimates obtained through the renewal equation, facilitated the estimation
of the relative transmissibility of the variants and the impact of their emergence on the
overall spread of the disease in Italy.

Detailed individual data collected by local health authorities during outbreak investigations

based on contact tracing operations and the massive testing of the population, allowed for the
implementation of innovative Bayesian approaches to reconstruct the chains of transmission
between identi ed SARS-CoV-2 infections. Contact tracing data of the transmission within

households during the Omicron wave became useful to estimate the generation time of the
disease for the Omicron variant, and data gathered from school outbreak investigations
were leveraged to quantify the transmission of SARS-CoV-2 in educational environments.

The quantitative estimates obtained with the presented studies have played a crucial
role in informing the decisions of the Italian government regarding COVID-19. The study
of the emergence and co-circulation of the variants of concern was essential to forecast the
potential trajectories of the spread of the disease and contributed to a timely strengthening
of social distancing measures and restrictions in Italy.

The intrinsic generation time is a fundamental parameter to correctly design quarantine,
isolation, and contact tracing protocols. Its estimation for the Omicron variant was needed
for evaluating the suitability of public policies already in place and to assess whether the
estimates of the generation time used to weekly compute the SARS-CoV-2 net reproduction
number in Italy were su ciently robust.

Finally, the work carried out for reconstructing the transmission episodes between infected
school attendees is one of the few modeling attempts using a Bayesian approach to quantify
the transmission of SARS-CoV-2 in educational settings. The latter analysis may also give
important insights on how reactive quarantines, combined with a timely detection of cases,
could be used to counter the spread of respiratory diseases among children and in schools.
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Structure of the thesis

This thesis is organized as follows.

Chapter 1 deals with the assessment of the prevalence of co-circulating VOC Alpha
and Gamma in Italy and estimates their relative transmissibility compared to historical
lineages. To do so, we analyzed data collected through two genomic surveys conducted
across the whole Italian territory in the period when the new variants of concern were
emerging across the world. The analysis was carried out by developing a mathematical
model, which describes the transmission dynamics of co-circulating strains. My personal
contribution to this work included the writing of a preliminary code to explore the potential
impact of the emergence of the Alpha variant on COVID-19 in Italy at the beginning of
2021, and the elaboration of data for the nal model used to estimate the co-circulation of
Alpha and Gamma in Italy. The work has been published in Eurosurveillance.

Chapter 2 presents a theoretical study based on a multi-strain compartmental model
that | conducted to assess the potential e ect of the emergence of a new hypothetical
variant of SARS-CoV-2 in the Italian territory. The goal of the analysis was to identify
the key phenotypes of possibly emerging lineages that could briskly modify the current
trajectory of the disease and trigger a new wave of COVID-19 cases. | developed the model,
wrote the code for simulation, preformed all the analyses, and wrote the rst draft of the
manuscript, which is still to be published.

Chapter 3 describes the analysis conducted to evaluate the Omicron spread in Italy in
the two subsequent months from its emergence in late 2021, and to assess its impact on
the circulation of SARS-CoV-2 at population level. The study analyzes epidemiological
surveillance records and data collected from four genomic surveys conducted in the country.
The analysis investigates the temporal and spatial spread of the Omicron variant and
estimates the exponential growth rate of cases, highlighting the consequent increase in
the SARS-CoV-2 net reproduction number. The study was published in Eurosurveillance.
My personal contribution to this work included conducting preliminary analyses and the
interpretation and discussion of the model results, within the team of researchers at FBK.

In Chapter 4, data collected during household contact tracing operations in Reggio-
Emilia, Italy, are analyzed. The study estimates the distribution of the intrinsic generation
time (the time between the infection dates of an infector and their secondary cases in a
fully susceptible population) and the contribution of pre-symptomatic transmission. The
study has been published in The Lancet Regional Health. My personal contribution to this
work included writing the code, performing the analyses, and interpreting the results.

In Chapter 5 the transmission of SARS-CoV-2 in educational environments is analyzed
using contact tracing data collected during school outbreak investigations conducted in
March-April 2021. The presented study implements a Bayesian approach to reconstruct the
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transmission chains between ascertained infections, providing estimates of the contribution
of school contacts to the transmission of the virus. Quantitative insights on how the

di erent control measures can a ect the onward transmission of respiratory viruses among
children and in schools are also discussed. The study has been published in Epidemics.
My personal contribution as primary author included: writing the code, performing the
analyses, interpreting the results, and writing the rst draft of the manuscript.
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Chapter 1

Co-circulation of SARS-CoV-2 Alpha
and Gamma variants in ltaly,
February and March 2021

1.1 Introduction

Since the end of 2020, multiple severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) variants of concern (VOC) have emerged across the globe. Some of them are
particularly concerning as their biological characteristics allowed them to outcompete and
rapidly replace historical lineages in the countries where they probably emerged, and to
spread rapidly to many other countries. The Alpha variant (Phylogenetic Assignment of
Named Global Outbreak (Pango) lineage designation: B.1.1.7) was rst detected in the
United Kingdom (UK) in samples from September 2020 and became dominant throughout
the country by early 2021 B2, 79]. It has spread in most of Europe and has been reported
in a majority countries worldwide [79 82]. The Gamma variant (P.1) was rst reported

in Japan among travellers returning from Brazil [83]. It was later found in almost half

of the cases in December 2020 in Manaus, Brazil where, despite a very high estimated
seroprevalence against historical lineages, a large upsurge of infections occurred throughout
January 2021 B4 86]. The Beta variant (B.1.351) was rst detected in South Africa, where

it became dominant in late November 2020 [87].

The epidemiological success of these variants relies on evolutionary advantages such as
increased transmissibility 0, 62, 78] and their ability (demonstrated for Gamma and Beta)
to signi cantly reduce antibody neutralisation in convalescent and post-vaccination sera
[88 92], probably resulting in reinfections through immune escaped3 96]. Besides their
greater ability to spread, requiring more restrictive physical distancing measures to mitigate
epidemics, these variants have caused additional concern regarding potentially increased
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morbidity and mortality [ 97, 98] as well as their potential impact on vaccine e ectiveness
[99, 100. Because variants seem to have emerged in unconnected geographical areas, little
is known as yet about their ecological interactions.

Here, we have developed a three-strain susceptible infectious recovered (SIR) model that
simulates the co-circulation of historical SARS-CoV-2 lineages (wildtype) and the Alpha
and Gamma VOC under di erent assumptions regarding the degree of cross-protection, to
estimate the relative transmissibility of emerging variants vs historical lineages, using data
from genomic surveillance in Italy. This model o ers a simple and e cient tool to estimate
the relative transmissibility of newly emerging variant of the SARS-CoV-2 virus such as
the Delta variant (B.1.617.2) with respect to circulating variants.

1.2 Methods

1.2.1 Epidemiological information

Publicly available data on the number of newly diagnosed SARS-CoV-2 infections were
taken from the Italian Civil Protection Department [ 101]. Data on the number of newly
admitted patients in hospitals were obtained from the Italian integrated surveillance system
curated by the Italian National Institute of Health (Istituto Superiore di Sanita, ISS)
[3, 104. Data on physical distancing restrictions were collected from the Italian Ministry
of Health [103. Physical distancing restrictions were organised in tiers of di erent colours
(white, yellow, orange and red, from most relaxed to most strict) B8] and updated for each
Italian region on a weekly basis (with occasional exceptions). Restrictions corresponding
to each tier are fully described in the Appendices 1.A. For purely descriptive reasons,
we computed a tier index summarising the stringency of restrictions across the national
territory: tiers were assigned an arbitrary value from 0 (white) to 3 (red) and their average
weighted by the proportion of the population living under each tier was computed for each
day. The resulting value was normalised to have values between 0 (representing 10% ®f
the population under the white tier) and 1 (100.0% of the population under the red tier).

1.2.2 Survey methodology

Two cross-sectional surveys coordinated by the Italian National Institute of Health, in
collaboration with the Ministry of Health and the laboratories of regions/autonomous
provinces (AP) were conducted on 18 February and 18 March 2021, to estimate the
prevalence of the Alpha, Gamma, and Beta variants 104, 105. The surveys involved all 19
regions and the two AP of Italy. Random samples of SARS-CoV-2-positive cases, diagnosed
on 18 February and 18 March with a real-time reverse transcription PCR (RT-PCR) and

a quanti cation cycle (Cq)<28, were analysed in 101 and 129 laboratories, respectively,
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distributed across the national territory. Samples came from both passive surveillance and
contact tracing and included symptomatic, pre-symptomatic and asymptomatic COVID-19
cases.

Samples were distributed across ve macro-areas, de ned according to the Eurostat
NUTSL1 classi cation: North-east, North-west, Centre, South and Islands. The sample
size was calculated to have the statistical power to detect a prevalence o#4d with 0.8%
error within each macro-area, based on the number of cases noti ed on the day preceding
each of the two surveys 10€. The collected samples were sequenced according to the
local laboratory policy by either of the following techniques: (i) sequencing the entire S
gene by Sanger technology, (ii) sequencing part of the S gene with identi cation of all
mutations/deletions associated with SARS-CoV-2 variants or (iii) sequencing the whole
genome by next generation sequencing. A small fraction of the sequenced samples could not
be analysed because of insu cient sequencing coverage of the genome and were therefore
discarded. In the second survey, one region (Marche) pre-screened 54 of its 65 RT-PCR-
positive samples using an in-house test (see the Appendices 1.A for the methodology) that
detects both H69-V70 and Y144 amino acid deletions which are specic for the Alpha
variant; as a result, 46 cases positive in the in-house test were considered to be Alpha
without sequencing. The eight cases negative in the test, plus the 11 cases that were not
pre-screened were sequenced.

The point prevalence of the three lineages in each survey was computed as the fraction
of infections con rmed for each lineage among sequenced samples, and corresponding
multinomial 95% con dence intervals (Cl) are provided. Multinomial Cl were computed
using the function MultinomICl with Wilson method from package DescTools in R version
3.6.2. In the second survey, data from Marche were excluded from all analyses.

1.2.3 SARS-CoV-2 three-strain transmission model

We adopted a three-strain SIR mathematical model to simulate co-circulation of historical
lineages of SARS-CoV-2 (wildtype) and the VOC Alpha and Gamma. We did not consider
the Beta variant because the surveys found little or no circulation of this lineage (see
Results 1.3). We assumed that a previous infection with the wildtype provides complete
protection against the Alpha variant [107] and that infection with either the wildtype
or Alpha confers the same degree of cross-protection against the Gamma variant. In
addition, we assumed that the transmissibility of variants Alpha and Gamma are scaled
with respect to the wildtype transmissibility by a lineage-speci ¢ factor representing their
relative transmissibility. We assumed that the three strains had identical generation time
(set at 6.6 days to re ect the serial interval estimated for SARS-CoV-2 in ltaly [45]).
The model was initialised on 15 January 2021, assuming that an unknown fraction of all
infections on that date belonged to the Alpha and Gamma variant (see the Appendices 1.A
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for full model details). Unknown model parameters (namely, the transmissibility of the
wildtype strain, the relative transmissibility parameters of Alpha and Gamma and their
respective initial prevalence) were estimated by calibrating the model against prevalence
data from the two surveys, using a Markov chain Monte Carlo (MCMC) approach based
on Metropolis Hastings sampling and uninformative priors. Di erent scenarios for cross-
protection from wildtype and Alpha against Gamma were explored. The likelihood was
de ned as:

Y . .
_ wildtype . cAlpha . cGamma . . ~wildtype . _Alpha . Gamma
L_ M S[ P lstp lSt 1Qt1p{ P 1p{p ’pt

t

where M () is the multinomial probability density distribution, t is the date of the
survey, S| is the number of cases observed at datefor lineagel, Q; = | S| is the total
number of analysed samples at date, and p} is the model-estimated fraction of infections
of lineagel over the total at date t. In order to reproduce the observed epidemiological
temporal trends, we assigned. = 0 to simulations for which the model's mean squared
error on the observed daily hospital admissions between 18 January and 18 March 2021
exceeded 1.5 times the variance of observations. We ran the MCMC algorithm for 50,000
iterations and convergence was assessed by checking that, after a burn-in period of 10,000
iterations, the trace plots associated with di erent chains, i.e. the sequence of accepted
parameter values, were characterised by an approximately constant standard deviation and
average, therefore proving good mixing of the parameters.

The model was run on four di erent geographical aggregations of regional data, i.e. the
national level and the Centre, North-east and South macro-areas. Macro-areas North-west
and Islands did not have samples positive for the Gamma variant. Data from Marche were
excluded because of heterogeneity in data collection, but we performed a sensitivity analysis
to evaluate the impact of this choice. We also ran additional sensitivity analyses to evaluate
the robustness of results (see the Appendices 1.A for the results of these sensitivity analyses).
Speci cally, we estimated the relative transmissibility of Alpha alone in Lombardy and
Veneto, where Gamma was not co-circulating and for which a previous data point on the
prevalence of Alpha was available from a survey conducted with the same methodology
on cases con rmed on 3 4 February (the relative transmissibility of Alpha in this scenario
is provided in the Appendices 1.A). To evaluate the potential impact of geographical
aggregation on estimates of the relative transmissibility of Alpha and Gamma, we re-ran
the analysis in two individual regions with high co-circulation (Tuscany and Lazio). Finally,
we ran an analysis where, instead of xing the degree of cross-protection between historical,
Alpha and Gamma lineages, we left it as a free model parameter.

Estimated posterior distributions of free parameters are summarised by posterior means
and 93% credible intervals (Crl).
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1.2.4 Ethical statement

Ethical approval for sequencing SARS-CoV-2 genomes from clinical samples sent to ISS was
obtained from the Ethical Committee of ISS (ref. PRE BIO CE n.26259, 29 July 2020).

1.3 Results

1.3.1 SARS-CoV-2 epidemiology in lItaly, January March 2021

The daily incidence of newly diagnosed SARS-CoV-2 cases and COVID-19 patients admitted
to hospital remained stable in Italy between mid-January and mid-February 2021, then
increased in the second half of February and rst half of March (Figure 1.1A) L01]. Strict
measures in the second half of January (ca 80 of the population in orange/red tiers, Figure
1.1B) were relaxed in February and remained similar until March (ca 70 806 of citizens
in yellow tier, none in red tier). Starting on 14 March, restrictions were rapidly tightened
to control the rise in infections and hospitalisations, and more than 7% of the national
population ended up in the strictest tier.

Figure 1.1: Epidemiological COVID-19 situation in Italy between 15 January and 18 March 2021.
Data sources for panel A: new diagnoses 101]; hospital admissions [102]. Data source for panel B:
population in white, yellow, orange and red tiers [ 103]. A value of 0 for the tier index implies that
the entire population is in the most relaxed tier (white) and a value of 1 implies that the entire
population is in the most strict tier (red).
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1.3.2 Prevalence of variants of concern in Italy, 18 February and 18
March

During the genomic survey conducted on 18 February, 1,296 samples were sequenced, of
which 57 (4%) were discarded for the analysis because of insu cient sequencing coverage
of the genome. Among the remaining 1,239 analysed samples, the Alpha variant was
con rmed in 658, Gamma in 62 and Beta in six, for a national prevalence of 53% (95% CI.
50.2 56.1), 5.0% (95% CI: 2.1 7.9) and 0.5% (95% CI: 0.0 3.4), respectively. The Alpha
variant was found in 20 of 21 regions/AP, Gamma in six and Beta in three (Figure 1.2
and Table 1.1). The prevalence of Alpha was highest in the North-west macro-area (604}
95% CI. 55.1 66.1) and lowest in the Centre (44.P6; 95% CI. 38.8 50.8), while Gamma
was almost exclusively concentrated in the Centre (mean prevalence: 184 95% Cl: 12.9
24.9, as opposed to % or less elsewhere; see Table 1.1 and Figure 1.2). The Beta variant
was identi ed only in Lombardy (three cases), in the AP Bolzano (two cases) and in Sicily
(one case).

During the genomic survey conducted on 18 March, 1,938 samples were sequenced (not
including data from Marche), of which 24 (1%) were discarded for the analysis because of
insu cient coverage of the genome sequencing (Table 1.2). Among the remaining 1,914
analysed samples, Alpha was con rmed in 1,641 infections, Gamma in 92 and Beta in three,
for a national prevalence of 85.% (95% CI: 84.3 87.3), 4.8% (95% CI: 3.3 6.3) and 0.2%
(95% CI: 0.0 1.7), respectively. Alpha was found in all 21 regions/AP, Gamma in 12, and
Beta in three (Figure 1.2 and Table 1.2). According to the survey conducted on 18 March,
the Alpha variant had become dominant in all Italian regions, with regional prevalence
estimates ranging from 63.66 to 100.0% (Figure 1.2 and Table 1.2). Regional prevalence
estimates for the Gamma variant ranged from 0.86 to 32%; the highest prevalence estimates
for this VOC were still obtained for central regions (Figure 1.2), however, it was detected
in six additional regions compared with 18 February. The Beta variant was identi ed only
in Lombardy, Sardinia and Veneto (one case each).

1.3.3 Relative transmissibility of SARS-CoV-2 variants Alpha and Gamma

The three-strain transmission model was able to t the epidemiological trends on hospital
admissions and the estimated prevalence of the Alpha and Gamma VOC in all geographical
aggregations and independently of the assumed degree of cross-protection (Figure 1.3 shows
results for Italy when assuming no cross-protection or complete cross-protection).

Independently of the geographical aggregation and of the assumed degree of cross-
protection, we found a robust mean estimate for the relative transmissibility of Alpha,
ranging between 1.48 and 1.73, with Crl ranging between 1.31 and 1.97 (Figure 1.4).
Considering the national aggregation, estimates varied between 1.55 and 1.57 with Crl
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ranging between 1.45 and 1.66. When estimating the relative transmissibility of Alpha in
the absence of signi cant co-circulation of Gamma, using data from Veneto and Lombardy,
we found consistent values of 1.49 (9% Crl: 1.36 1.66) and 1.72 (9%% Crl: 1.52 1.98)
respectively (see the Appendices 1.A for results in this scenario).

Table 1.1: Results of the rst SARS-CoV-2 point prevalence survey across the 21 participating
regions/AP, Italy, 18 February 2021 (n = 1,296). All percentages in the table are approximated to
the rst decimal, the value zero may therefore stand for < 0.05 %. "RT-PCR-positive' represent only
cases tested in the laboratories involved and not all positive cases in an area.
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Table 1.2: Results from the second SARS-CoV-2 point prevalence survey across the 21 participating
regions/AP, Italy, 18 March 2021 (n = 1,938). All percentages in the table are approximated to the
rst decimal, the value zero may therefore stand for < 0.05 %. "RT-PCR-positive' represent only
cases tested in the laboratories involved and not all positive cases in an area.

& Marche followed a di erent experimental design (see Methods 1.2).

b The prevalence and totals for Italy and macro-area Centre do not include results from Marche.



43

Figure 1.2: Geographical distribution of SARS-CoV-2 variants of concern, Italy, point prevalence
on 18 February 2021 (n = 1,296) and 18 March 2021 (n = 1,938). Abbreviations of region hames
are reported in panel C and listed in the Appendices 1.A. Borders of mainland macro-areas are
highlighted in blue, and the names of macro-areas are reported in panel D.
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Figure 1.3: Model ts for prevalence of SARS-CoV-2 variants of concern and hospital admissions,
Italy, 18 January 18 March 2021. Panels A D: Model estimates, solid black lines: mean values;
shaded areas: 9%0Crl. Observed data, red points: mean values: red lines: 95%Crl. At each time,
the model-estimated prevalence for a given lineage is computed as the ratio of simulated number of
infectious individuals with that lineage and the simulated total number of infectious individuals.
Panels E and F: Model-estimated and observed hospital admissions over time under the assumption
of no cross-protection between wildtype or Alpha and Gamma. Black lines: mean values of model-
estimated overall daily hospitalisations; shaded areas: 93%Crl. Coloured lines: mean values of
model-estimated daily hospitalisations; black points: observed daily hospitalisations.
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Figure 1.4: Estimates of the relative transmissibility of SARS-CoV-2 variants Alpha and Gamma,
Italy, 18 February and 18 March 2021. Estimates are provided for di erent assumed values on
the degree of cross protection (0: no cross-protection; 1: complete cross-protection) conferred by
previous infection with the wildtype or Alpha against reinfection with Gamma. Points indicate

the mean value of the estimated relative transmissibility; lines indicate 95 % credible intervals.
The panels represent four geographical aggregations for which the analysis was possible given the
presence of the Gamma. Data from Marche were excluded from the national estimate and the

macro-area Centre because of heterogeneity in data collection.

The estimated relative transmissibility of the Gamma variant was systematically lower
than the one estimated for Alpha. For the national aggregation and for the three regions
of the macro-area Centre (Lazio, Tuscany and Umbria) where the observed prevalence of
Gamma was higher, we estimate a relative transmissibility of 1.12 1.24 under the assumption
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that there is no cross-protection (986 Crl: 1.03 1.42), growing linearly for increasing values

of cross-protection, up to 1.39 1.46 (986 Crl: 1.26 1.63) under the assumption of complete
cross-protection. Results for the macro-areas North-east and South reproduced a similar
pattern, although these estimates were more variable because of the limited number of
reported Gamma. The results remained robust when considering individual regions with
high co-circulation, and when the degree of cross-protection was not assumed a priori but
considered as a free model parameter (see the Appendices 1.A for detailed results of this
sensitivity analysis).

1.4 Discussion

We provide a mathematical framework to estimate the relative transmissibility of competing
SARS-CoV-2 variants of concern, taking as case study the co-circulation of Alpha and
Gamma in Italy at the beginning of 2021. Based on two genomic surveillance surveys
conducted across the whole Italian territory on 18 February and 18 March 2021, we showed
that the Alpha variant was already dominant on 18 February in a majority of regions/AP
(national prevalence: 546) and had almost completely replaced historical lineages by 18
March (dominant in all regions/AP, national prevalence: 86%). At the same time, we found

a substantial proportion of cases of the Gamma variant on 18 February, almost exclusively
in Regions of central Italy (Lazio, Tuscany, Umbria and Marche, with an overall prevalence
of 19%). Gamma was also identi ed in samples from Campania and Emilia Romagna,
both with prevalences below 36. The prevalence of Gamma remained similar on 18 March,
suggesting that this VOC was not able to outcompete Alpha. However, on 18 March,
lineage Gamma was identi ed in cases from six additional regions in northern (Piedmont,
Veneto, Liguria) and southern Italy (Abruzzo, Molise, Sicily). We found only six cases
of the Beta variant among the 1,239 analysed samples on 18 February, and only three of
1,908 on 18 March. Using data from these two surveys, we made use of a mathematical
transmission model to estimate the relative advantage of these two VOC over the wildtype
virus. Compared with historical lineages, we estimated a mean relative transmissibility of
Alpha ranging between 1.55 and 1.57 (with 9% Crl between 1.45 and 1.66) in Italy. These
values are consistent with available estimates from the UK{2, 78, 108 109 and France
[60].

The estimated relative transmissibility of Gamma (compared with historical lineages)
varied according to di erent assumptions on the degree of cross-protection granted by
previous infection with historical lineages or Alpha: the estimate at the national level
ranged from 1.12 (986 Crl: 1.03 1.23) in the case of complete immune evasion by Gamma
to 1.39 (9%% Crl: 1.26 1.56) in the case of complete cross-protection. This transmissibility
advantage estimated for Gamma would have been su cient for replacement of historical
lineages in the absence of Alpha, independently of the degree of cross-protection (see
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the Appendices 1.A for detailed additional results). Previous estimates on the relative
transmissibility of Gamma provided from a study in Manaus, Brazil, where the variant
rapidly replaced historical lineages, were very broad (between 1.03 and 2.87), with an
estimate of cross-protection between 1% and 90.0%.

As suggested by our work, the true degree of cross-protection between variants of concern
is likely to be critical for their coexistence, and a key role will be played by the e ectiveness
of licensed vaccines against emerging strains. The slight decrease in Gamma prevalence over
1 month occurred under a condition of strict mitigation measures; if Gamma could have
at least partially escaped immunity from infection with Alpha and from existing vaccines,
this may have posed challenges to the roll-out of vaccination programmes. Furthermore,
if some degree of cross-protection exists, a higher proportion of asymptomatic infections
may have been observed, posing challenges to surveillance and control. It is crucial to
keep continuously monitoring the relative advantage of newly emerging VOC to e ciently
contain or mitigate outbreaks and evaluate the impact of the adopted interventions.

We acknowledge a number of limitations for this study. The sample size was calculated
to have the statistical power to detect di erent lineages at the macroarea level. As such,
regional estimates of prevalence should be taken with caution because the number of
sequenced samples was small. Samples were randomly selected for sequencing among
cases diagnosed by the laboratories, but some degree of correlation between them (e.qg.
cases belonging to an over-represented cluster on that day) cannot be completely excluded,
especially in regions with smaller sample sizes. One region used a di erent laboratory
methodology in the second survey and those data were excluded from the computation of
the national prevalence of the variants. Possible biases in the estimate are expected to be
minimal, since cases from this region represented only ca 2bof the total. The model was
calibrated using available data on two genomic surveys only, and this represents a limitation
of our study. However, for biological reasons, we assumed a simple exponential growth
model for the estimation of the prevalence of Alpha and Gamma variants, according to
which the prevalence over time is a logistic function, and this function is univocally de ned
by two points in time. As future measurements of the prevalence of co-circulating variants
become available, a validation of the estimated prevalence over time is warranted.

Regarding model estimates on transmissibility, we could not take into account major
determinants of SARS-CoV-2 transmission dynamics such as possible di erences across
strains in the generation time and duration of viral shedding [L10, age-speci ¢ susceptibility
or transmissibility [9, 111, 117, the age-speci c proportion of asymptomatic individuals
and their relative transmissibility [ 9], the severity of symptoms P8, 113, because this
kind of data on the variants was not available. For example, we show that if the duration
of infectiousness, rather than the transmissibility, were responsible for the competitive
advantage of Alpha over the historical lineages, we would expect a much higher increase in
the duration of infection (80 150%) compared with the estimated increase in transmissibility
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(see the Appendices 1.A for detailed results of this sensitivity analysis). This would have
implications for the preventive e ectiveness of timely isolation of individuals and for
gquarantine times. Owing to these uncertainties, it is virtually impossible at this stage to
model the potential lineage-speci ¢ impact of existing mitigation measures, nor to factor in
the potential e ect of vaccines administered until now. These factors are likely to shape
the future outcome of the epidemiological competition across strains. For these reasons,
we acknowledge that this work represents only a rst step towards the understanding of
the relationship among multiple SARS-CoV-2 variants and that our ndings need to be
corroborated by further evidence taking into account more details on the characteristics of
emerging lineages as they become consolidated. Finally, our model did not consider possible
di erences in the interventions in place at regional level, and this may have resulted in
heterogeneous estimates of the relative transmissibility of the variants in di erent areas of
interest.

Despite these limitations, we provide a simple and useful modelling framework to assess
the relative advantage of competing strains, by assuming di erent degrees of cross-protection
among them. We found that the Gamma variant was not able to outcompete Alpha in Italy
under existing mitigation measures, with Alpha becoming largely dominant and Gamma
remaining stable over a month of co-circulation. We suggest that this may be due to a
lower transmissibility of Gamma compared with Alpha and independent of its ability to
re-infect individuals with previous infections with historical strains or the Alpha variant.

1.5 Conclusion

We believe that our work provides an important tool to evaluate the relative transmissibility
advantage of the SARS-CoV-2 Delta variant and of other newly emerging strains in the
foreseeable future.
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1.A  Appendices

1.A.1 Alpha variant detection by RealTime RT-PCR

The primers were designed to include the nucleotide deletion at amino acid positions H69-V70
(sense primer), and Y144 (antisense primer) in the Spike Gene, in order to amplify only alpha
variant sequences. Sense primer (19mer, nt 188-213° CTTGGTTCCATGCTATCTC.
Antisense primer (22mer, nt 452-422 of the spike ORF of the original Wuhan sequence, acc.
n° NC_045512): 5T TTTGTTGTTTTTGTGGTAAAC. The probe was marked by the
5Cy5/TAO combination (22mer, nt 291-312): GTCTAACAT AATAAGAGGCTGG . The
ampli cation reaction was performed using the SuperScript Il Platinum One-Step Quanti-
tative RT-PCR System (Invitrogen by ThermoFisher), in a nal volume of 25 | containing
51 of sample RNA, 12,%mol of each primer and 10@M probe. The ampli cation pro le
was the following: stage 1: 55.0C, 1'; stage 2: 54.0C, 3'; stage 3: 45 repetition of step 1:
94.C°C, 15 and step 2: 62.0C, 40 . Reactions were performed in a 7500 fast thermal cycler
(Applied Biosystems).

1.A.2 Three-strain SARS-CoV-2 model

We adopted a three-strain Susceptible Infectious Recovered (SIR) mathematical model
to simulate co-circulation of historical lineages of SARS-CoV-2 (wildtype ) and variants of
concern Alpha and Gamma.

The model is described by the following equations:

SA) = (w®+ v+ v2(t) S(1);

e = w @S 1wt
MOEERHOEOINIFIOR

151 = 2OSO+Q ) wt)(Zw®)+ Zut) 1 (t);

ZoqM = lw@® @ ) va2(t) Zwm();
zAW= 1wl @ ) vt)Zu®);
2%t = 1 ya(t);

where:

- S represents individuals never infected with SARS-CoV-2 infection of any lineage;
- wt, vl and v2 are subscripts for historical lineages, Alpha and Gamma, respectively;

- I« represents individuals infected with lineagex;
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- Zx represent individuals who have recovered from infection with lineage;

x = x Ix=N is the force of infection of lineagex, where  is the transmission rate of
lineagex and N = S+ (Ix + Zy) is the total population; we assume 1 = k1wt
and 2 = ko wt, Wherek; and k, are the relative transmissibilities of Alpha and
Gamma with respect to the historical lineages;

- is the degree of cross-protection granted from previous infection with historical or
Alpha lineages against re-infection with Gamma ( = 1 is complete cross-protection);
we assumed that recovering from any infection provides full immunity against re-
infection with historical or Alpha lineages for at least the duration of our simulations
(3 months).

- is the recovery rate from infection, set equal to the inverse of the average generation
time previously estimated for Italy at 6.6 days [45].

The initial fraction of immune individuals was computed as

P cr

T=1;2;3 .
PN

where T is one of three time periods (1: February 20 June 30, 2020, 2: July 1
September 30, 2020; 3: October 1, 2020 January 15, 2021¢;r is the cumulative number
of cases noti ed in periodT, 7 is the infection noti cation rate in the period (estimated
at 1 =9:4%, ,=245%and 3= 30% [40]). We approximated all initially immune
individuals to be due to the wildtype lineage.

Table 1.A.1: Model values by geographical aggregation. Excluding Marche.

The reproduction number of historical lineages on January 15, 2021 was computed as:

Rut = —2 (1 Zo):

The number of infectious individuals | o from any lineage was initialized by sampling
from a Poisson distribution with rate equal to the mean number of daily hospital admissions
between January 10 and January 17, multiplied by the average generation time and
dividing by the average proportion h of hospitalized infections who require hospitalization,
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estimated by applying the method reported in i0]. Previous estimates on this parameter
reported an approximately 136 hospitalization probability for symptomatic cases admitted
between March and September 20201[]. When re-applying the same methodology to cases
from October 2020 to January 15, we obtained a 7% hospitalization probability among
symptomatic individuals. Taking into account the overall proportion of infections who
become symptomatic ], we estimate that 2.4% of all infections required hospitalization
between October 2020 and January 2021. However, we run sensitivity analyses with
alternative values ofh of 1.2 and 3.6% (see below).

The initial number of infected individuals was distributed in the three compartments |1,
lv2, and I, according to the initial prevalence of the three lineagesf 1, fo, and (1 f; f5),
respectively.

The reproduction number of historical lineages on January 15, 202R:, the relative
transmissibility of Alpha and Gamma, ki and kp, the initial prevalence of Alpha and
Gamma, f1 and f,, and the initial number of infectious individuals of any lineagel o were
free model parameters. The degree of cross-protectionwas xed to values between 0 and
1 with a step of 0.1, and for each value of the free model parameters were recalibrated.
The model-estimated daily hospital admissions from any lineage were computed as the
daily new infections, multiplied by the hospital admission probability and shifted forward
by 3 days to allow for delays between the start of infectiousness and the hospital admission.
The model-estimated prevalence of lineagg at time t, used for the multinomial likelihood
(see main text), was computed ap} = Iy (t)= OIIq(t) whereq = fwt;v1;v2g.

For calibration via MCMC, we used uninformative priors with 50,000 iterations (of
which the rst 10,000 were discarded to consider only iterations after convergence) and
a Manhattan algorithm with recursive normal jumps for accepting or rejecting candidate
parameter sets. Because the de nition of the likelihood includes only relative prevalence
data (see main text), we constrained the MCMC to explored parameter values for which the
model-estimated absolute incidence was close to realistic values; to this aim, we assigned
L=0 to simulations for which the mean square error between the modeled and observed
daily hospital admissions (a reliable proxy of the total incidence) is below 1.5 times the
variance of the observations. Convergence was assessed via visual inspection of the MCMC
traceplots. The overall code, including the MCMC algorithm was programmed in R version
4.0.3 (2020-10-10).

Figure 1.A.1 shows posterior means and 95 credible intervals (Crl) for the estimated
initial prevalence of Alpha and Gamma,f1 and f,, in Italy and in the three macro-areas
where, according to the surveys, Alpha and Gamma are co-circulating. These estimates are
insensitive to di erent values of

Figure 1.A.2 shows the posterior means and 95 credible intervals for estimated repro-
duction number of historical lineages on January 15R:. These estimates are insensitive
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to di erent values of as well.

Figure 1.A.3 shows the posterior means and 95 credible intervals for the initial number
of infectious individuals of any lineagel o. These estimates are insensitive to di erent values
of as well.

Figure 1.A.1: Posterior distribution of the initial prevalence of Alpha (in red) and Gamma (in
blue) across di erent geographical aggregations. Dots represent posterior mean values and lines
indicate 95% Crl.



Figure 1.A.2:  Posterior distribution of the reproduction number of historical lineages on January
15, 2021,Rw: , across di erent geographical aggregations. Dots represent posterior mean values and
lines indicate 95% Crl.

53
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Figure 1.A.3:  Posterior distribution of the initial number of infectious individuals of any lineage o,
across di erent geographical aggregations. Dots represent posterior mean values and lines indicate
95% Crl.
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1.A.3 Restrictions in the di erent tiers since January 14, 2021

A restriction system based on tiers was introduced in Italy on a regional basis since November
6, 2021. Tables 1.A.2 and 1.A.3 show restrictions associated to each tier adopted between
January 14, 2021 and March 1, 2021, and between March 2, 2021 and April 2, 2021. Since
March 2, 2021, as shown in Table 1.A.3, a new tier ( white ) was introduced for regions and
autonomous provinces where all quantitative indicators indicate a low risk of SARS-CoV-2
transmission. Moreover, restrictions were made stricter in orange and red tiers, especially
those relative to the educational systems.

1.A.4 Sensitivity analyses
Transmissibility of Alpha in regions without Gamma circulation

We conducted a sensitivity analysis to estimate the transmissibility of Alpha in Lombardy
and Veneto, in which Gamma was not circulating and for which an additional data point
from an identical survey conducted on cases diagnosed on February 3 and 4 was available
(Table 1.A.4).

The estimate was conducted using a two-strain model that results from a special case of
the three-strain model when parameterf, is xed to zero (Table 1.A.5).

As shown in Figure 1.A.4, the model was able to t the epidemiological trends on hospital
admissions and the prevalence of Alpha estimated in the three surveys.

The estimated relative transmissibility of Alpha was 1.49 (9%4Cl: 1.36-1.66) in Lombardy
and 1.72 (990ClI: 1.52-1.98) in Veneto, in line with those obtained for other aggregations
and in presence of co-circulation with Gamma in the main analysis.

Increased duration of infection

We run a sensitivity analysis for Lombardy and Veneto regions where instead of considering
the generation time equal for historical and Alpha lineages, we leave it as a free model
parameter, while we assumed that the transmissibility of the two lineages were the same.
As shown in Figure 1.A.5, the model was able to t the epidemiological trends on hospital
admissions and the prevalence of Alpha estimated in the three surveys.

The estimated relative duration of infection of Alpha was 1.79 (986Cl. 1.50-2.18) in
Lombardy and 2.52 (9%94Cl: 1.74-4.56) in Veneto. These estimates translate into an average
duration of infection for Alpha lineage of 11.8 days (9%Cl: 9.9-14.4) for Lombardy and
16.6 days (9846Cl: 11.5-30.1) for Veneto.
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Table 1.A.2:

Description of restrictions applied in Italy since January 14, 2021.
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Table 1.A.3:

Description of restrictions applied in Italy since March 2, 2021.
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Figure 1.A.4: Model ts. Left column: model-estimated and observed hospital admissions over
time for Lombardy (top panel) and Veneto (bottom panel). Black lines represent mean values of
model-estimated overall daily hospitalizations, shaded areas indicate 95% Crl. Colored lines indicate
mean values of model-estimated daily hospitalizations attributable to wildtype (blue) and Alpha
(red) lineages. Black points indicate observed daily hospitalizations. Right column: model-estimated
(solid black lines: mean values; shaded areas: 9% Crl) and observed (red points: mean values;
red lines: 95% CI) prevalence of Alpha in Lombardy (top panel) and Veneto (bottom panel). The
model-estimated prevalence is computed as the ratio at each time of the modeled number of currently
infectious individuals with lineage Alpha and the modeled total number of currently infectious
individuals with any lineage.



Figure 1.A.5: Model ts. Left column: model-estimated and observed hospital admissions over
time for Lombardy (top panel) and Veneto (bottom panel). Black lines represent mean values of
model-estimated overall daily hospitalizations, shaded areas indicate 95% Crl. Colored lines indicate
mean values of model-estimated daily hospitalizations attributable to wildtype (blue) and Alpha
(red) lineages. Black points indicate observed daily hospitalizations. Right column: model-estimated
(solid black lines: mean values; shaded areas: 9% Crl) and observed (red points: mean values;
red lines: 95% CI) prevalence of Alpha in Lombardy (top panel) and Veneto (bottom panel). The
model-estimated prevalence is computed as the ratio at each time of the modeled number of currently
infectious individuals with lineage Alpha and the modeled total number of currently infectious
individuals with any lineage.
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Table 1.A.4: Results of the survey on cases diagnosed on February 3-4, 2021 in Lombardy and
Veneto regions. "RT-PCR positive' represent only cases tested in the labs involved and not all
positive cases in a region.

Table 1.A.5: Initial values in the model.

Co-circulation of Alpha and Gamma in individual regions of the Central macro-
area

We conducted a sensitivity analysis in two individual regions of the Central macro-area with
high co-circulation (Tuscany and Lazio) to investigate the potential impact of geographical
aggregation on estimates of the relative transmissibility of Alpha and Gamma.

Table 1.A.6: Initial values in the model.

As shown in Figures 1.A.6 and 1.A.7, the model was able to t the epidemiological
trends on hospital admissions and the prevalence of Alpha and Gamma estimated in the
two surveys in both regions.

As shown in Figure 1.A.8, independently on the assumed degree of cross-protection, we
found a robust mean estimate for the relative transmissibility of Alpha for Lazio, ranging
between 1.80 and 1.85, with con dence intervals ranging between 1.68 and 2.06, and for
Tuscany, ranging between 1.54 and 1.69, with con dence intervals ranging between 1.23
and 2.17, compatible with estimates from the main analysis.



Figure 1.A.6: Model ts for Lazio. Top row: model-estimated (solid black lines: mean values;
shaded areas: 996 Crl) and observed (red points: mean values; red lines: 99% CI) prevalence of
Alpha (left) and Gamma (right) when assuming no cross-protection between wildtype or Alpha and
Gamma. Middle row: as top row but assuming complete cross-protection among all lineages. The
model-estimated prevalence is computed as the ratio at each time of the modeled number of currently
infectious individuals with lineage Alpha and the modeled total number of currently infectious
individuals with any lineage. Bottom row: model-estimated and observed hospital admissions over
time. Black lines represent mean values of model-estimated overall daily hospitalizations, shaded
areas indicate 99 ClI. Colored lines indicate mean values of model-estimated daily hospitalizations
attributable to wildtype (blue), Alpha (red) and Gamma (green) lineages. Black points indicate
observed daily hospitalizations.
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Figure 1.A.7: Model ts for Tuscany. Top row: model-estimated (solid black lines: mean values;
shaded areas: 956 Crl) and observed (red points: mean values; red lines: 99 CI) prevalence of
Alpha (left) and Gamma (right) when assuming no cross-protection between wildtype or Alpha and
Gamma. Middle row: as top row but assuming complete cross-protection among all lineages. The
model-estimated prevalence is computed as the ratio at each time of the modeled number of currently
infectious individuals with lineage Alpha and the modeled total number of currently infectious
individuals with any lineage. Bottom row: model-estimated and observed hospital admissions over
time. Black lines represent mean values of model-estimated overall daily hospitalizations, shaded
areas indicate 99% Cl. Colored lines indicate mean values of model-estimated daily hospitalizations
attributable to wildtype (blue), Alpha (red) and Gamma (green) lineages. Black points indicate
observed daily hospitalizations.
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Figure 1.A.8: Estimates of the relative transmissibility of Alpha and Gamma. Estimates are
provided for di erent assumed values on the degree of cross protection (0: no cross-protection;
1: complete cross-protection) conferred by previous infection with the wildtype or Alpha against
reinfection with Gamma. Points indicate the mean value of the estimated relative transmissibility
of Alpha (red) and Gamma (blue) lineages; lines indicate 95% CI.

Degree of cross-protection as a free parameter

We run a sensitivity analysis for Italy where instead of assuming the degree of cross-
protection between historical/Alpha lineages and Gamma, we estimate it as a free model
parameter. As shown in Figure 1.A.9, the estimated degree of cross-protection may take
values between 0 and 1 and it has a strong positive correlation with the estimated relative
transmissibility of Gamma (correlation = 0.78, p-value < 0.001). The estimated relative
transmissibility of Alpha and Gamma at national level are respectively 1.56 (9% CI:
1.48-1.65) and 1.24 (9% CI: 1.01-1.44), consistently with the main analysis.

Alternative assumptions on hospitalization probability

We run sensitivity analyses for Italy where we made di erent assumptions on the hospital-
ization probability h. In particular, we assumed i) a 506 lower value (h = 1:2%), applied
to all lineages; ii) a 506 higher value (h = 3:6%), and iii) a 50% increased value in the
hospitalization probabilities of Alpha and Gamma lineages only, to account for a possible
increased severity [98, 113].

In all three analyses, the model was able to t the epidemiological trends on hospital
admissions and the prevalence of Alpha and Gamma estimated in the two surveys in Italy.
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As shown in Figure 1.A.10, under the three di erent assumptions on the hospitalization
probabilities, we found robust mean estimates for the relative transmissibility of Alpha and
Gamma, compatible with estimates from the main analysis.

Figure 1.A.9:  Posterior estimates. Scatterplot of joint posterior MCMC estimates of the relative
transmissibility of Gamma and with degree of cross-protection.

Figure 1.A.10: Estimates of the relative transmissibility of Alpha and Gamma. Estimates are
provided for di erent assumed values on the degree of cross protection (0: no cross-protection;
1: complete cross-protection) conferred by previous infection with the wildtype or Alpha against
reinfection with Gamma, under the assumption of a 50 % lower hospitalization probability (left), a
50% higher hospitalization probability (middle), and a 50 % increase in the hospitalization probability
for Alpha and Gamma lineages only (right). Points indicate the mean value of the estimated relative
transmissibility of Alpha (red) and Gamma (blue) lineages; lines indicate 95 % CI.
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1.A.5 Co-circulation of historical lineages and Gamma in absence of
Alpha

We evaluated a theoretical scenario where we assume co-circulation of historical lineages
and Gamma but in absence of Alpha. We implement this by sampling parameters from
posterior distributions estimated in the baseline analysis and forcing the value df; to zero.
We computed these simulations for two geographical aggregations: the national level and
the Center macro-area, where Gamma was more prevalent. As shown in Figure 1.A.11, in
absence of Alpha, the Gamma lineage would have reached dominance (¥&Qrevalence)
in ltaly by early April, independently on assumptions on the degree of cross-protection. In
the Central macro-area, where the observed prevalence of Gamma during the two surveys
was highest, the Gamma lineage would have reached dominance (3&0prevalence) by late
February, independently on assumptions on the degree of cross-protection, as shown in
Figure 1.A.12.

Figure 1.A.11:  Model projections for Italy under a theoretical scenario with co-circulation of
historical and Gamma lineages, in absence of Gamma. Left column: model-estimated hospital
admissions over time when assuming no cross-protection (top) and complete cross-protection
(bottom). Black lines represent mean values of modelestimated overall daily hospitalizations, shaded
areas indicate 93% CI. Colored lines indicate mean values of model-estimated daily hospitalizations
attributable to wildtype (blue), Alpha (red) and Gamma (green) lineages. Right column: model-
estimated prevalence of Gamma when assuming no cross-protection (top) and complete cross-
protection (bottom). Black lines represent mean values and shaded areas indicate 9% CI.
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Figure 1.A.12:  Model projections for the Central macro-area under a theoretical scenario with
co-circulation of historical and Gamma lineages, in absence of Gamma. Left column: model-
estimated hospital admissions over time when assuming no cross-protection (top) and complete
cross-protection (bottom). Black lines represent mean values of model-estimated overall daily
hospitalizations, shaded areas indicate 93 CI. Colored lines indicate mean values of model-estimated
daily hospitalizations attributable to wildtype (blue), Alpha (red) and Gamma (green) lineages.
Right column: model-estimated prevalence of Gamma when assuming no cross-protection(top) and
complete cross-protection (bottom). Black lines represent mean values and shaded areas indicate

95% CI.



1.A.6 Abbreviations of regions

Table 1.A.7: Abbreviations of regions for Figure 1.2 in the main text.
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Chapter 2

The potential impact of new
hypothetical lineages of SARS-CoV-2
In Italy

2.1 Introduction

The emergence of the SARS-CoV-2 virus in late 2019 has triggered a worldwide pandemic
that has noticeably a ected the whole society. Unprecedented non-pharmaceutical interven-
tions have been put in place across di erent countries with the aim to hinder the spread
of the infection and reduce the incidence of severe disease outcomes in the population.
In high-income countries, the roll-out of a mass vaccination program initiated at the end

of 2020 has allowed a progressive relaxation of restrictions on individuals' movements
and contacts towards the return to normal throughout 2021. However, the emergence of
new lineages of SARS-CoV-2 has already redrawn the epidemic course on some occasions,
making it necessary to strengthen social distancing measures and restrictions already in
place to mitigate a new upsurge of COVID-19 cases.

For instance, in the rst months of 2021, a novel variant of SARS-CoV-2, known as
Alpha variant (B.1.1.7), replaced lineages that were circulating during 2020, increasing
the incidence of COVID-19 despite the ongoing restrictions. During the summer of 2021,
pre-existing lineages (including the Alpha variant) were outcompeted by a highly contagious
variant associated with a lower vaccine e cacy after 1 dose §5]. This variant, known as
Delta (B.1.617.2), rapidly expanded across di erent populations, becoming in late July the
dominant lineage in most European countries.

New lineages of SARS-CoV-2 continuously emerge, but only some of them have shown the
potential of outcompeting pre-existing viral strains (e.g., B.1.1.7, B.1.351, B.1.617.2, P.1).
Available estimates suggest that B.1.1.7 was 40 9% more transmissible than previously
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dominant variants [60 64] and that B.1.617.2 may be associated with a 60-88 increased
transmissibility compared to B.1.1.7 b6, 114, 115. Modest di erences were found in
the e ectiveness of 2 doses of COVID-19 vaccines in preventing symptomatic illness in
individuals infected by B.1.1.7 or by B.1.617.2 ¢5, 116. The main concern regarding the
emergence of new SARS-CoV-2 variants relies on their potential ability to rapidly spread
in the population undermining the control of COVID-19 via mass vaccination.

The goal of the proposed analysis was to identify which are the key phenotypes of new
hypothetical lineages of SARS-CoV-2 that could briskly modify the inertia of the COVID-19
epidemic in Italy in 2021, triggering a new wave of infections.

The analysis therefore focuses on conditions observed in Italy during the roll-out of the
national vaccination program in 2021, and it is conducted by simulating the potential
epidemic trajectories under a variety of scenarios on the possible phenotypes of new
hypothetical lineages.

In the developed modeling framework, we considered two main traits that have been
shown to strongly favor the spread of emerging lineages of SARS-CoV-2, namely the
transmissibility advantage (TA), which may include or not a reduced generation time,
and the immune escape (IE) from vaccination and/or natural infection with the previous
strains. These features are explored by comparing the e ect that the emergence of di erent
phenotypes would have at di erent stages of the national immunization program. In
particular, we analyzed di erent combinations of these traits in terms of the chance of
observing a replacement of previously circulating lineages, the time required to expand in
the population, and the consequent impact on infection incidence.

In Italy, as of November 2021, most of the eligible population have been vaccinated
with two doses. Di erent levels of population immunity are explored to re ect both the
progressive increase in vaccine uptake and the possible levels of vaccine e ectiveness. The
in uence of epidemiological conditions at the time of the emergence of a new lineage and
di erent intensities of the restrictions imposed to control a new upsurge of cases are also
considered.

The results hereby presented could help discerning which are the phenotypes that gain
relevance in relation to the immunity progressively accrued in the population, giving insights
on the time required for a new emerging variant to replace previously circulating strains
and the intensity of restrictions required to interrupt a new wave of COVID-19 cases.

2.2 Methods

We developed a multi-strain epidemiological model accounting for illustrative immunity
levels associated with di erent phases of vaccination roll-out. The model is based on the
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assumption of homogeneous-mixing between individuals in the population, and it follows a
susceptible-infectious-removed (SIR) transmission schema considering two di erent variants
of the virus: a predominant mature strain and a new emerging lineage. In the model,
we assumed that susceptible individuals could get infected with both strains. Individuals
who were vaccinated or previously exposed to SARS-CoV-2 are assumed to be protected
against the mature strain, whereas they can get infected with the new variant conditional
to di erent levels of immune escape and cross-protection between the strains. Immune
escape from the vaccine-induced protection only is also considered.

The aim of the proposed analysis is to explore the potential short-term consequences of
the emergence of a new variant with a selective advantage compared with pre-circulating
lineages. As such, the progressive increase of vaccinated individuals during the emergence
of the new variant, possible re-infections with the same lineage (due to waning of naturally
acquired immunity), and infections with the mature strain after being infected with the
new variant are not considered.

Modeled transitions across the di erent epidemiological classes can be summarized by
the following di erential system:

St = (m®+ W) SH);
ViD= @ y) WV

In) = m®St)  min);
In) = a(®)SE)  aln(t);
ROM= mlm(t) (@ X) a)Rm(t);
RA(D) = nla(t);

Ign(® =1 %) a®Rm®)  nlmn();
1220 = (1 y) a@®V@E)  nlun();
Ron(M = nlmn(t);

ROn(t)= nlvn(t):

where:

- S represents the number of susceptible individuals to SARS-CoV-2 infection;
- V represents the number of vaccinated individuals;

- Im and I, represent the number of individuals infected with themature (m) and the
new (n) strain, respectively;

- I'm:n represents the number of individuals infected with the new strain among those
who already experienced a SARS-CoV-2 infection from the mature strain in the past;
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- ly:n represents the number of individuals infected with the new strain that were
previously vaccinated;

- Rm, Rn, Rm:n, and Ry, represent the number of recovered individuals from the
classed m, In, Imn, and ly.n, respectively;

- m and , are the recovery rates associated with the two strains, wheré= , and
1=, are set equal to the average intrinsic generation time of each strain;

- X is the cross-protection provided by previous infection with the mature strainm
against infection with the new strain n;

- y is the protection provided by vaccination against infection with the new strain;

- m and , are the forces of infection associated with the mature and new strain,
respectively. In particular, wedened = mlIm=Nand n,= ,(In+tImn+lvn)=N,
where ,, and | are the transmission rates associated with the mature and new
strain respectively, andN denotes the overall population size.

For illustrative purposes, we assume that the initial conditions re ect a situation where
the mature strain can be controlled by the adoption of a low level of restrictions that allow
to keep the SARS-CoV-2 net reproduction number around 1. We therefore assume as
baseline parameters an initial reproduction number equal to 1, and an initial incidence of
noti ed infections equal to 25 cases per week every 100,000 people. Note that the same
reproduction number entails greater restrictions in a less immunized population. Based
on previous works {10, 45], a 25% noti cation rate and a generation time of 6.6 days are
assumed for both strains in the main analysis. The system is initialized with a prevalence of
the new variant of 10. We consider that, at the start of the simulations, 200 of the Italian
population has acquired immunity against reinfection with the mature strain from natural
infection with SARS-CoV-2. Consequently, the di erent levels of immunity considered
along the text account for the additional fraction of e ectively vaccinated individuals.

In order to analyze the early consequences of the appearance of a new strain, we simulated
the evolution of the epidemics for di erent assumptions on the transmissibility advantage of
the variant and on its ability to infect previously immune individuals (increased transmission
rate and immunity escape ranging from 06 to 100%). Model outcomes are analyzed in
terms of 1) the replacement time, representing the time interval between the initiation of
the simulation (with a prevalence of the new strain of 106) and the time at which the
variant becomes dominant causing more than 3% of the infections in the population, and
2) the peak of incidence level experienced within 2 months from the emergence of the new
lineage.

The in uence of a di erent generation time of the variant with respect to the mature strain
is also analyzed in terms of the replacement time.
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The e ective reproduction number after the emergence of a new variant with TA and/or
IE, or after the implementation of non-pharmaceutical interventions, can be derived from
the initial e ective reproduction number ( R;), which we assumed to be equal to 1R; can
be de ned in terms of the average generation timel= ,, and the transmission rate
asRi=(1 9 m= m, whereq refers to the fraction of immune individuals. After the
emergence of a new VOC the transmission rate may vary, and the potential of immune
escape can a ect the proportion of immunized individuals. Similarly, the application of
di erent control measures would change the transmission rate. The e ective reproduction
number then can be written as

:k M@ g+@ 2)q)=kR; 1+7(l 2)4 ;

m 19

R}

wherek is the factor scaling the transmissibility, and z is the level of protection provided
by prior infection and vaccination against the new VOC. Similar results can be derived
when the variant presents immune escape only from vaccination. The computation of the
reproduction number allows to estimate the changes on the epidemic dynamics after the
emergence of a new variant or after the implementation of certain control measures.

We investigated the potential trajectories of the COVID-19 epidemics when non-
pharmaceutical interventions are strengthened, e.g., through the introduction of additional
social-distancing measures and by imposing a tighter level of restrictions. For illustrative
purposes, three dierent sets of restrictive measures (mild, moderate, and strong) are
considered on top of the social distancing measures adopted in the absence of the variant.
The three levels of restrictions are represented in the model by assuming a 20 35%,
and 50% reduction of the transmission rate. The choice of these percentages re ects the
estimated changes of the net reproduction number associated to the di erent tiers adopted
in Italy during the second wave of COVID-19 38, 117. In the model, we assumed that the
interventions are implemented after a 506 increase on the initial incidence and considering
a reaction period of 7 days.

The initial reproduction number and the initial incidence level can play a key role
determining the chance of observing a rapid upsurge of cases. Potential epidemiological
outcomes are therefore also analyzed under di erent assumptions on these two quantities
in terms of the time required to reach an incidence level of 100 weekly noti ed cases per
100,000 individuals.

To account for the stochastic nature of the processes regulating the transmission dynamics
led by possible public health interventions, we used a discrete-time stochastic version of
the model described above, with time-step t = 1=24 days. The time step was chosen
short enough to obtain, on average, results comparable to those obtained by simulating the
deterministic version of the model. All the scenarios presented are explored by means of
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500 stochastic simulation runs. We considered a population of 60,461,826 individuals to
re ect the Italian population size.

2.3 Results

2.3.1 The potential expansion of new SARS-CoV-2 lineages

As of October 2021, approximately 756 of the Italian population has been vaccinated with
two doses of COVID-19 vaccines][19. By considering that 20% of the population may be
immune from natural infection [40], we would expect that, in late autumn 2021, about 806

of individuals are immune against SARS-CoV-2 infection.

Our results show that, under such epidemiological conditions, novel lineages associated
with at least 30% increased transmissibility or 1@ of immune escape from vaccination
and natural infection would be able to replace pre-existing strains in less than 2 months
(see Figure 2.1, rst column). A higher transmissibility advantage (TA), but especially
higher levels of immune escape (IE), would signi cantly reduce the replacement time. For
instance, a new strain associated with 5% TA and no IE would be able to replace the
mature strain in approximately one month (29.98 days, 9%6 CI: 29 - 31 days); alternatively,

a new strain with a 30% IE from both vaccination and natural infection but with no TA
would only take a couple of weeks (12.83 days, 95Cl: 12 - 13 days) to become dominant
in the population. As expected, lineages combining these two selective advantages would
more rapidly expand in the population. For instance, if a new lineage would be associated
with both 50% TA and 30% IE, the replacement time would be of 1 week. In terms of
epidemic trajectories, we found that the emergence of lineages associated with more than
10% IE or characterized by a 486 TA or more have the potential of producing a second
wave of COVID-19, rising weekly noti ed cases from 25 per 100,000 individuals to more
than 100 per 100,000 individuals within 2 months (Figure 2.1). Considering this short time
horizon, a potential increase by more than 500 weekly infections per 100,000 individuals is
expected for those strains with more than 78 TA and no IE or more than 20% IE with no
TA. Remarkably, a sharp increase of the incidence would be expected for all those lineages
combining at least 1& of IE with more than 20% TA.

2.3.2 The relevance of distinct phenotypes at di erent stages of the
pandemic

The relevance of the TA and IE in shaping the ability of a new lineage to spread in the
population strongly depends on the immunity level accrued during the roll-out of vaccination
programs or previous epidemic waves. Our results suggest that, when only #0of the

population is immune, as was the case of Italy at the beginning of the COVID-19 vaccination
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Figure 2.1: Replacement time (top row) and incidence peak (bottom row) expected within 2
months in the absence of additional restrictions associated with a new emerging strain of the virus
with di erent transmissibility advantage and immune escape. All displayed results assume a 20 %
of natural immunity and that control measures in place can maintain the reproduction number
associated with initially dominant strains around 1. Immune escape is assumed to be equal from
vaccination and natural infection. Di erent panels are associated with a di erent hypothesis about
the overall initial fraction of immune individuals in the population.

program in early 2021 0], the impact of a variant with TA is much stronger than the
impact of variants with the ability to escape immunity only (Figure 2.1). For instance,
under these circumstances, the introduction of a new strain of SARS-CoV-2 with 36 IE
and no TA would take more than 3 months to replace the pre-existing variants (112.47
days, 9% Cl: 107 - 118 days), with negligible e ects on the incidence of noti ed cases
(raising from 25 to approximately 31 weekly cases per 100,000 individuals in 2 months);
in contrast, a new variant with no IE and 50% TA would replace the mature strain in
about 1 month (29.71 days, 95%6 CI. 29 - 30.525 days), leading the incidence above 300
weekly cases per 100,000 individuals within 2 months. As expected, the immunity level in
the population would marginally a ect the epidemiological outcomes associated with the
emergence of variants with TA only, by slightly reducing the upsurge of infections and the
pace of replacement. On the contrary, higher immunity levels would markedly reduce the
time required for a variant with IE to replace pre-existing lineages, greatly in ating the
increase of incidence triggered by the variant expansion.

The time required for replacement and the impact associated with lineages characterized
by TA and IE are balanced when the immunity level is at 50%; the matrices in Figure
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2.1 considering 5@o of population immunity are nearly symmetrical. Indeed, in this case,
any percentage increase in TA would have an impact on the e ective reproduction number
similar to the one expected when considering the same percentage increase of IE and no TA
(Figure 2.1). Under these circumstances, the time of replacement would be around 1 month
both for a variant with 50% IE and no TA (29.44 days, 9%6 CI: 29 - 30 days) and for a
variant with 50% TA and no IE (29.80 days, 986 CI: 29 - 31 days), with both phenotypes
rapidly leading to unsustainable levels of incidence (with approximately 300 weekly cases
per 100,000 individuals or more within 2 months). Similar outcomes would be expected in
case of emerging lineages that present any given combination of TA and IE associated with
an increase of 5@ of the e ective reproduction number (e.g., 2@ TA and 30% IE, or 40%
TA and 10% IE).

When exploring di erent conditions on the population immunity level, we found that
short after the introduction of the vaccination program (e.g., when 2®% of individuals are
immune from natural infection and the vaccination coverage is still negligible), lineages
characterized by more than 506 TA would represent the major public health threat. Indeed,
under these circumstances, such phenotypes could cause in the absence of additional
restrictions an increase of the weekly number of noti ed cases from 25 to more than 300
cases per 100,000 individuals within 2 months (332.87 cases99%I: 316.77 - 348.95 cases)
(Figure 2.1). However, after more than 806 of the population has become immune (either
due to successful vaccination or natural infection), a 2% IE alone would be su cient to
increase in the same time horizon the weekly number of cases by more than 500 per 100,000
individuals.

2.3.3 The case of Alpha and Delta variants

Our estimates for the time of replacement associated with di erent phenotypes are in
line with what observed in Italy during the rst half of 2021. Indeed, when the Alpha
variant was identi ed in Italy, the vaccination campaign had just begun and about 20% of
the population was immune because of prior infection with SARS-CoV-240]. Available
estimates [0, 62, 63, 78 suggest that this variant was associated with a 5% TA compared
to previously circulating strains. According to our simulations, under these circumstances,
the new variant is expected to become the dominant strain in approximately 1 month,
which is in line with the raise of the Alpha prevalence in Italy from 10% to 50% between
mid-January and late February 2021 [63].

At the time when the Delta variant was uncovered in India (with a prevalence around
10% in mid-March 2021), the COVID-19 vaccination coverage in the country was low but
about half of the population was likely immune because of prior infection with SARS-CoV-2
[56]. Under such epidemiological conditions, our simulations show that the emergence of a
variant with 80% TA only or with a combination of 50% TA and 20% IE [56] would lead to
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a replacement time of approximately 3 weeks (8% TA and no IE: 18.92 days, 956 CI: 18 -
19 days; 506 TA and 20% IE: 18.89 days, 980 CI: 18 - 19 days), which is in line with the
observations suggesting that Delta became dominant in India in early April [56].

2.3.4 Immune escape from vaccination only

So far, we assumed that lineages associated with IE have the same ability of escaping
immunity acquired through natural infection and vaccination. However, if a novel lineage
would be associated with an IE from vaccine-induced immunity only, the replacement time
of previous variants could be considerably hindered in low vaccinated populations (see
Figure 2.2). For instance, if we assume an overall immunity level of 3® and that 20%

of the population acquired the immunity from prior infection, the replacement time for a
variant with 20% TA and 20% IE increases from 34 days (33.54 days, 96 Cl: 33 - 35 days)
when assuming IE from both vaccination and natural infection to 43 days (42.90 days, 95
Cl: 42 - 44 days) when assuming IE from vaccination only. In this case, the upsurge of
cases in the following two months would be reduced by more 5@ approximately from 200

to 90 weekly cases per 100,000. By considering lineages presenting a di erent balance in IE
and TA for such a level of naturally acquired immunity, TA remains the most impactful
trait in the emergence of new lineages until more than 5% of the population is vaccinated.

2.3.5 Lineages associated with di erent generation times

From now on, to better highlight the alternating dominance between the TA and the IE, we
focus our attention on scenarios re ecting phenotypes that present di erent combinations

of these two traits, assuming that IE would be from both vaccination and natural infection.
Considered phenotypes were selected in such a way they produce similar outcomes when
an overall 50% of immunity is assumed in the population. In fact, under this immunity

pro le, similar outcomes will be associated with either a speci ¢ value of TA with no IE or

to the same value of IE and no TA. For instance, when 5% of TA and no IE is assumed,

a replacement time of approximately 30 days is expected. The same outcome would be
obtained with 0% TA and 50% IE, with 20% TA and 30% IE, or with 40% TA and 10% IE.

So far, we have analyzed scenarios assuming that the mature and new emerging lineages
are associated with the same generation time, which was set at 6.6 day$5]. However,
the emergence of variants associated with a shorter generation time could accelerate the
time they require to replace pre-existing lineages; the longer the generation time associated
with the emerging lineage, the slower its expansion in the population. For instance, a
lineage associated with 2% TA, 30% IE and a generation time of 9 days would expand in
a 20% immune population in 69 days (68.70 days, 9% CI: 67 - 71 days) (see Figure 2.3).

If the same emerging variant would be associated with a generation time of 3 days, the
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Figure 2.2: Replacement time (top row) and incidence peak (bottom row) expected within 2
months in the absence of additional restrictions associated with a new emerging strain of the virus
with di erent transmissibility advantage and immune escape. All displayed results assume a 20 % of
natural immunity. Immune escape is assumed from vaccination only. Di erent panels are associated
with a di erent hypothesis about the initial fraction of immune individuals in the population.

replacement of pre-circulating strains would take less than 1 month (22.56 days, 96Cl:
22 - 24 days). The corresponding replacement times for lineages with @0TA and 20%
IE would be approximately 2 months (55.05 days, 9% CI: 53.475 - 56.525 days) and 3
weeks (18.18 days, 9% Cl: 17 - 19 days), respectively. Similar trends are obtained when
considering di erent immunity levels (Figure 2.3).

2.3.6 The control of new COVID-19 epidemics through non-
pharmaceutical interventions

To provide insights on the e orts required to reduce adverse epidemiological outcomes
triggered by new emerging lineages, we explored the impact of implementing di erent levels
of restrictions on the epidemic trajectories associated with the expansion of a novel variant
of concern. We thus considered di erent scenarios for the reduction of the transmission
rate, as informed by the reduction of the reproduction number observed in Italy through
the implementation of tiered restrictions [38]. Interventions are simulated as soon as an
increase of 506 in the incidence of cases is observed in the population, assuming a delay of
7 days in the detection of this increase. If a new lineage associated with a %@0TA and

no IE would emerge in a 206 immune population, moderate restrictions (i.e., reducing
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Figure 2.3: Replacement time for di erent vaccination scenarios, considering di erent illustrative
variants characterized by the transmissibility advantage, the immune escape, and the generation
time. In grey vertical lines, the 95 % CI.

35% of social contacts and re ecting the e ect of implementing the orange tier in Italy)
are su cient to control the raise in the number of infections (see Figure 2.4), while mild
restrictions (20% reduction of contacts corresponding to the e ect of the yellow tier in
Italy) allow to mitigate the epidemic by maintaining approximately constant the infection
incidence for 2 months. This scenario is illustrative of the emergence of the Alpha variant
in Italy in early 2021, when 20% of individuals were immune due to prior infection and the
fraction of vaccinated individuals was still negligible.

While for low levels of immunity the impact of lineages associated with IE alone is
expected to be marginal, IE becomes a threatening trait in widely vaccinated populations,
hindering the e ectiveness of public health interventions in controlling a potential new wave
of COVID-19 cases. For instance, when assuming 80 of the population immune against
the infection, moderate restrictions are enough to considerably mitigate the potential rise
of a new upsurge of SARS-CoV-2 infections caused by a variant with 40 TA and 10%
IE. However, if the new emerging variant is characterized by 3% TA and 20% IE, strong
restrictions (equivalent to the most restrictive tier implemented in Italy in 2021) are required
to control the new wave of infections, and moderate restrictions (re ecting the orange tier
in Italy) would only allow to mitigate a dramatic increase in the number of SARS-CoV-2
infections (Figure 2.4). Under this scenario, an increase of 80 from the initial incidence
level would occur in less than 6 days, clearly highlighting the need for a fast and e ective
reaction of the public systems in strengthening social distancing measures and restrictions.
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Figure 2.4: Weekly noti ed incidence level expected in the 2 months following the emergence of a
new variant of concern. Solid lines represent the mean estimate obtained by 500 stochastic runs of
the model. The grey area represents the corresponding 956 prediction interval. Model simulations
were obtained considering four di erent sets of restrictions (no-intervention, mild, moderate, strong)
which are assumed to be implemented 7 days after a 506 increase in the incidence level observed.
Di erent panels show three illustrative scenarios representing the potential ability of di erent
restriction levels in controlling di erent phenotypes emerging in populations associated with low
and high levels of immunity.

2.3.7 Preventive measures and the role of initial epidemiological condi-
tions

The carried-out analysis suggests that the emergence of lineages with TA would represent the
most worryingly scenario for populations associated with low immunity levels; reversely, even
low percentages of IE may represent the highest threat for populations characterized by a
large fraction of vaccinated individuals. In our baseline analysis, we assumed that restrictions
in place before the emergence of a new variant are enough to keep the reproduction number
of the mature strain close to 1 and the infection incidence at 25 weekly noti ed cases per
100,000 individuals. We therefore explored to what extent initial favorable epidemiological
conditions could hinder a new rapid upsurge of SARS-CoV-2 triggered by new emerging
lineages. We found that both low incidence levels and a small initial reproduction number
could markedly slow down the emergence of new variants of concern providing more time
to public health systems for reacting to a potentially unexpected increase of COVID-19
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cases (see Figure 2.5). In principle, a low initial reproduction number can prevent the
emergence of a new wave of infections caused by hyper transmissible lineages; lowering the
initial incidence of infection would only allow to delay possible severe outcomes caused by
new hypothetical variants.

Our simulations show that when only 2®% of the population is immune against SARS-CoV-2
infection, an initial reproduction number around 0.7 would be enough to prevent a new
epidemic wave caused by lineages associated with%(QrA or less. However, as the fraction
of immune individuals becomes large (e.g., 8 immunity, shown in Figure 2.5) lineages
associated with a higher contribution of IE in their phenotype would require a lower initial
reproduction number to avoid their rapid spread in the population. In this case, we found
that lower initial incidence levels are key to delay the potential upsurge of cases caused by
lineages combining su ciently high levels of TA and IE. For instance, when considering a
20% immune population and an initial incidence level of 60 weekly noti ed infections per
100,000 individuals, decreasing the initial reproduction number from 1.1 to 0.9 would delay
the time required by a lineage with 506 TA to lead the infection incidence above 100 weekly
cases per 100,000 from 2 weeks to more than 5 weeks. The same result would be achieved by
maintaining the reproduction number equal to 1.1 and reducing the initial incidence below
10 weekly cases per 100,000 individuals. When considering a lineage characterized b%030
TA and 20% IE expanding in an 80% immune population, similar results would be achieved
either by maintaining an incidence level at 60 weekly cases per 100,000 individuals and
reducing the initial reproduction number from 1.1 to 0.9 or by maintaining the reproduction
number equal to 1.1 and reducing the initial incidence from 60 to 40 weekly cases per
100,000 individuals.

Figure 2.5: Time required to reach a weekly noti ed incidence of 100 infections every 100,000
individuals for di erent initial incidence levels and initial values of the SARS-CoV-2 net reproduction
number. Panels show three scenarios representing the potential impact of illustrative phenotypes
emerging in populations associated with di erent levels of immunity.
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2.4 Discussion and conclusions

The emergence of new lineages of SARS-CoV-2 has the potential to drastically deviate the
current course of the pandemic. Possible epidemiological outcomes can signi cantly change,
depending on the dominant phenotype associated with a new emerging variant and on the
initial epidemiological conditions.

The conducted analysis provides a quantitative assessment on the possible short-term
consequences of the appearance of new variants of SARS-CoV-2 in Italy in 2021 and on the
e orts required to counter a large new wave of infections. The impact of new hypothetical
lineages is explored for a range of di erent values associated with the lineage transmissibility
advantage and its ability in escaping the immunity, under di erent initial levels of incidence,
population immunity, and transmission intensity.

Obtained results highlight that the emergence of variants associated with higher trans-
missibility advantage (TA) have likely prevailed in the rst half of 2021 due to the low level
of immunity in the general population. After the roll-out of national vaccination programs,
lineages associated with immune escape (IE) phenomena could have a stronger selective
advantage in rapidly replacing pre-circulating lineages, while markedly reducing the ability
of public health systems in controlling a new brisk upsurge of cases.
The emergence of variants exhibiting vaccine-induced immune escape may also be a ected
by vaccination strategies implemented. Vaccination e orts focusing on reducing the overall
prevalence of SARS-CoV-2, rather than prioritizing vulnerable populations, could potentially
decrease the likelihood that such variants would emerge in the future [118].

According to epidemiological conditions of Italy at the end of 2021 (8% of individuals
likely protected by vaccination or natural immunity [ 119), the emergence of a new variant
with 10% IE or more, or characterized by a 406 TA or more, have the potential to trigger a
new wave of SARS-CoV-2 infections, rising the weekly number of noti ed cases from 25 per
100,000 individuals to more than 100 per 100,000 individuals within 2 months. Lineages
associated with  20% IE or with a signi cantly shorter generation time (e.g., 3 days vs 6
days) could replace pre-existing circulating strains in a couple of weeks. In this case, our
model suggests that a rapid implementation of strong restrictions would be required to
counter a new COVID-19 epidemic. However, our simulations also highlight that a low
initial reproduction number has the potential to prevent the emergence of new waves of
infections caused by hyper-transmissible lineages and that a low level of initial incidence
would provide policy makers with more time to react.

The obtained results are consistent with available evidence on the expansion of the Alpha
[60 64] and Delta [56, 114, 119 variants in the rst half of 2021. However, presented results
should be carefully interpreted in light of several strong limitations. First, the presented
analysis is based on a theoretical model not informed by empirical data. As such, it may
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only partially re ect speci ¢ variants identi ed in the population. All the results assume

that, before the emergence of the new lineage, the healthcare system was able to keep the
epidemic at a relatively low and stable level of incidenceR  1; 25 weekly noti ed cases
per 100,000 individuals). Given the short time horizon explored in our simulations, the
model does not account neither for potential waning of protection provided by vaccination

or natural infection nor for temporal changes in the vaccine uptake experienced during the
emergence of the new lineage. Di erences in the immunity levels and disease risks across
age groups are completely neglected as well as the age-speci ¢ heterogeneity associated with
individuals' contact patterns. The potential reduction of the infectious period associated
with the new variant for infections occurring among vaccinated individuals and/or among
individuals who had already experienced the infection with pre-circulating strains has not
been explored. Finally, the role played by di erent risks of severe disease after infection
across lineages, and the likely reduced risk for severe outcomes from breakthrough infections
and reinfections, have not been taken into account.

Nonetheless, the proposed analysis o ers a preliminary quantitative assessment on the
short-term potential impact of possible variants of concern on the COVID-19 epidemiology
and the e ectiveness of non-pharmaceutical interventions.

All'in all, our results highlight that after the strong e orts made to vaccinate a large
fraction of the population in Italy, variants presenting the ability of immune escape are
especially threatening, as they would provide little time to the public health system to
e ectively react to a large and rapid upsurge of cases. Keeping a low reproduction number
and incidence level might be therefore crucial to reduce potential deviations from the
current course of the COVID-19 epidemic. The surveillance and timely detection of new
variants of concern circulating in the population, as well as the rapid adaptation of policies
to brisk changes in the epidemiological conditions, remain essential to control SARS-CoV-2
transmission and reduce the COVID-19 burden on healthcare systems.
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Chapter 3

Tracking the progressive spread of the
SARS-CoV-2 Omicron variant in
Italy, December 2021 to January 2022

3.1 Introduction

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) variant of concern
(VOC) Omicron (Phylogenetic Assignment of Named Global Outbreak (Pango) lineage
designation: B.1.1.529), characterised by a large number of mutations in the spike gene, has
shown a marked growth advantage over pre-circulating lineages, causing a major upsurge of
cases in multiple countries from November 2021 onward42(. As Europe was transitioning
rapidly from Delta (Pango lineage: B.1.617.2) to Omicron dominance, data on presence and
proportion of VOCs among SARS-CoV-2 infections across distinct geographical contexts
and over time supported assessments of the current and potential short-term implications
for public health.

Here, we robustly assess the temporal expansion of Omicron variant in Italy by analysing
data collected during four rapid genomic surveys conducted in the country between 6
December 2021 and 17 January 2022. Results are combined with data gathered by the
Italian Integrated Surveillance System with the aim of estimating the impact of the Omicron
spread on the upsurge of SARS-CoV-2 transmission and of hospital admissions.

3.2 Methods

3.2.1 Genomic surveys and sequencing
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Genomic surveys were conducted on 6 and 20 December 2021, and on 3 and 17 January
2022. The initiative involved all 19 Regions and two Autonomous Provinces (APs) of Italy
and was coordinated by the National Public Health Institute (Istituto Superiore di Sanita,
ISS), in collaboration with the Ministry of Health, the Bruno Kessler Foundation, and 120
laboratories distributed across the country.

On the dates of the surveys, random samples were selected in each Region/AP among
infections diagnhosed with a real-time reverse-transcription PCR (RT-PCR). The sample
size was calculated to enable the detection of circulating SARS-CoV-2 variants with a
proportion of at least 5% within each of four macroareas (North-East, North-West, Centre,
and South/Islands) with a 2% precision (Appendices, section 3.A.1). Samples were subjected
to whole genome sequencing (WGS) as the gold standard method for variant detection.
Alternatively, results from Sanger or next generation sequencing (NGS) of the whole or
partial S-gene were collected. Sequences with insu cient quality for variant assignment
were discarded from the analysis.

3.2.2 Assessments of Omicron proportion over time

To robustly assess the temporal expansion of Omicron, the proportion of this variant was
estimated in each Region/AP using two alternative approaches. The rst used Markov
Chain Monte Carlo (MCMC) under the assumption of independence in proportion across
Regions/APs and surveys. The second tted a generalised linear mixed model (GLMM)
assuming a random intercept and a random slope for each Region/AP; the independent
variable was the day when the survey took place (Appendices, section 3.A.2). A binomial
distribution for the identi ed number of Omicron sequences was assumed in both approaches.
The procedures were replicated on data aggregated by macro-area.

3.2.3 Estimation of doubling time and net reproduction number

The approximate number of Omicron cases in each Region/AP over time was obtained
by multiplying the estimated local proportion from the surveys by the corresponding
number of cases noti ed to the Italian Integrated Surveillance System. Estimates obtained
for the rst three survey dates were aggregated at the national level and tted with an
exponential curve having growth rater. The latter was used to estimate the doubling
time of Omicron asT = log(2)=r and the net reproduction number asR =1+ r GT,
where GT represents the average generation time. In the absence of estimates®Tf for
Omicron, we considered values between 4 and 8 days, covering a range of estimates for
previous lineages9, 45, 78, 121, 127 (Appendices, section 3.A.3). The same procedure was
applied to data collected during the rst two surveys only for sensitivity analysis.
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3.2.4 Analysis of epidemiological surveillance data

The upsurge of SARS-CoV-2 transmission in Italy due to the Omicron spread was addi-
tionally evaluated by estimating daily SARS-CoV-2 net R values using data collected by
the Italian Integrated Surveillance System [L23. Separate estimates were obtained from
the time series of symptomatic cases by date of symptom onset (symfRsym), and from the
time series of patients admitted to hospital (hos,Ryes) and to intensive care units (ICU;
Ricu) by date of admission. Estimates of the net reproduction numbers are based on
the assumption that the Omicron generation time is comparable to that of pre-circulating
strains [45, 124, 125. The same generation time was assumed to compute reproduction
numbers from time series of symptomatic cases, hospitalisations, and ICU admissions.
Methodological details are described in the Appendices, section 3.A.4. Additional infor-
mation on data routinely collected within the Italian Integrated Surveillance System and
applied case de nitions can be found in an earlier report [123].

3.3 Results

On 6 December 2021, 2,241 samples were collected and 2,127 successfully sequenced. Of
these, four harboured Omicron (0.20 of samples), 2,121 Delta (99.%, Table 3.1), and

two had B.1.640 and Q.4 viruses respectively (0%, Table 3.1). Omicron was only found

in Northern Italy (Emilia-Romagna, Lombardy, and Veneto). Estimates of the national
proportion of Omicron among circulating variants of SARS-CoV-2 ranged on average from
0.5% to 1.8% (Table 3.2).

On 20 December 2021, 2,194 samples were collected and 2,139 successfully sequenced,;
462 resulted Omicron (21.86) and 1,676 Delta (78.4%4) positive; one sequence was associated
with B.1.640 (0.0%, Table 3.1). Omicron was detected in all Regions/APs, and it was
the predominant variant in Umbria (Central Italy). Estimates of the national proportion
ranged on average from 2% to 21.5% (Table 3.2).

By 3 January 2022 (2,632 samples, 2,571 successfully sequenced), Omicron had become
largely dominant in the country, being con rmed in 2,058 (80.0%, Table 3.3) sequences
(Delta: 512 sequences, 1998; B.1.639: 1 sequence, 0%). Estimates of the national
proportion of Omicron ranged on average from 76% to 80.2% (Table 3.2).

As of 17 January 2022 (2,486 samples, 2,377 successfully sequenced), Omicron has
outcompeted all other circulating strains in the country, being con rmed in 2,262 (95.2%,
Table 3.3) sequences (Delta: 114 sequences, ¥%:;88.1.639: one sequence, 04). Estimates
of the national proportion ranged on average from 94.% to 97.8% (Table 3.2).
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Results of genomic surveys conducted across all 21 participating Regions/Autonomous

Provinces, Italy, December 2021 (n = 4,266 analysed sequences).

Table 3.1:
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Table 3.2: National level estimates from surveys data for the Omicron proportion, exponential
growth rate, doubling time and net reproduction humber, Italy, 6 December 2021 17 January 2022.

Results for the four surveys are reported in Figure 3.1, and in Tables 3.1 and 3.3.
Corresponding proportion estimates are reported in Table 3.2.

By using proportion estimates retrieved for the rst three dates, we estimated an
average daily exponential growth rater for new Omicron infections of 0.22 0.26 days?,
corresponding to an average doubling time of 2.7 3.3 days and reproduction numbers in
the range 1.86 2.04 and 2.73 3.08, when a generation time of 4 and 8 days was assumed
respectively (Table 3.2). Similar estimates were obtained when the exponential growth was
tted on the rst two surveys only (Appendices, Table 3.A.2).

We note that, despite the decrease in Delta proportion, the average total number of
estimated Delta cases also increased in the observation period from 9,336 9,458 on 6
December 2021, to 13,455 15,701 on 3 January 2022 (Supplementary Table 3.A.1 and
Figure 3.2). In the subsequent period, Delta cases decreased to 1,844 4,521 on 17 January.

The impact of Omicron expansion on the overall SARS-CoV-2 circulation was quanti ed
by estimating reproduction numbers from the time series of cases recorded by the Italian
Integrated Surveillance System. We found thatRsyn, increased from 1.15 (9% credible
interval (Crl): 1.15 1.15) on 6 December 2021 to a peak of 1.83 (9&Crl: 1.83 1.84) on
28 December (Figure 3.3).Rpos increased from 1.14 (9%Crl: 1.12 1.18) on 6 December
2021, to a peak of 1.36 (9%Crl: 1.33 1.38) on 29 December 2021. In contrastR,cy did
not show a clear temporal trend throughout December 2021, with mean estimates ranging
between 0.93 and 1.21.

However, a progressive decline of all reproduction numbers was observed in the rst
weeks of 2022, yielding their mean estimates under the epidemic threshold of 1 between 10
and 16 January.
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