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Abstract

The emergence of SARS-CoV-2 variants of concern (VOCs) punctuated the dynamics of the
COVID-19 pandemic in multiple occasions. The stages subsequent to their identification have been
particularly challenging due to the hurdles associated with a prompt assessment of transmissibility
and immune evasion characteristics of the newly emerged VOC. Here, we retrospectively analyze
the performance of a modeling strategy developed to evaluate, in real-time, the risks posed by the
Alpha and Omicron VOC soon after their emergence. Our approach utilized multi-strain, stochastic,
compartmental models enriched with demographic information, age-specific contact patterns, the
influence of non-pharmaceutical interventions, and the trajectory of vaccine distribution. The models’
preliminary assessment about Omicron’s transmissibility and immune evasion closely match later
findings. Additionally, analyses based on data collected since our initial assessments demonstrate
the retrospective accuracy of our real-time projections in capturing the emergence and subsequent
dominance of the Alpha VOC in seven European countries and the Omicron VOC in South Africa.
This study shows the value of relatively simple epidemic models in assessing the impact of emerging

VOCs in real time, the importance of timely and accurate data, and the need for regular evaluation



of these methodologies as we prepare for future global health crises.

1 Introduction

The evolution of the COVID-19 pandemic was significantly marked by the emergence of SARS-CoV-2
Variants of Concern (VOCs). While the virus’ mutations have been monitored since the pandemic’s
onset [1], certain lineages exhibited distinct characteristics in terms of transmissibility, mortality, or
immune escape, altering the global pandemic landscape. Many variants eventually subsided or remained
geographically contained. Others, like Alpha and Omicron, dramatically changed the course of the
pandemic.

To assess the initial risk of VOCs importation from one region to another, several studies have
proposed models that integrate international and domestic traffic patterns [2-4]. Others have focused
on estimating the relative transmissibility of emerging VOCs compared to pre-existing strains [5-9].
These efforts have also assessed potential increases in the severity of the disease caused by VOCs and
their impact on cases, hospitalizations, and fatalities [7]. To this end, researchers have harnessed genomic
data and provided statistical analyses of VOCs’ detection [5, 6, 8]. By integrating data of social contacts,
mobility, and demographic indicators, other studies have adapted epidemiological models to account for
the attributes of these novel VOCs [7, 9]. Furthermore, a significant body of research has been devoted
to characterizing the initial introduction and establishment of VOCs in different countries [4, 6, 10—
12]. These studies have predominantly leveraged phylodynamic analyses of large scale genomic datasets
reconstructing the emergence of VOCs and quantifying their initial introduction thereby shedding light on
their spatial dissemination [10-12]. This is particularly relevant given that many VOCs typically undergo
a cryptic initial phase where they spread silently without being detected by traditional surveillance
systems [13].

The development of parsimonious models able to synthesize intelligence from diverse data sources
is essential to assess the risks and shape responses. However, during the initial phases of a VOC’s
emergence and spread, the reliability of any analytical method is challenged by time constraints and
limited information. In this context, we undertake a critical and retrospective analysis of the modeling
strategy we developed in real-time during the emergence and spread of Alpha and Omicron. This study
focuses on detailing and assessing a mechanistic modeling approach developed and calibrated during
the early stages of VOCs onset, employing minimal data. We employed this framework in two real-
world scenarios providing: i) an early assessment of a VOC’s increased transmissibility and potential
for immune escape; ii) an early estimation of its relative prevalence and the timeline for its dominance.
In particular, we provide a retrospective evaluation of our initial, real-time estimates concerning the

Alpha variant’s timeline for dominance in seven European countries (made public on 23/02/2021 [14])



and of our preliminary analyses of the Omicron variant’s transmissibility and immune escape potential
in South Africa (made public on 05/01/2022 [15]). The results reveal that for Alpha, the actual dates of
dominance fell within our model’s confidence intervals in most countries studied. In the case of Omicron,
our model effectively mirrored its rapid rise in South Africa, with initial estimates of transmissibility and
immune escape closely matching later studies. However, data limitations at the time led to a broad range
of credible values for these parameters, underscoring the challenges of modeling in real-time scenarios.
Overall, our findings highlight the significance of relatively streamlined, yet robust, epidemic models
in promptly responding to the challenges posed by emerging VOCs. The study not only validates our
initial results but also underscores the necessity for reliable data in the early stages of a VOC’s emergence.
This research contributes to the ongoing discussion on effective methodologies for gathering essential
intelligence on new VOCs, affirming the value of mechanistic modeling approaches in understanding and

managing pandemic emergencies.

2 Results

In this section, we show the performance of our modeling approach, designed to address typical challenges
faced during the emergence of novel VOCs. Our methodology focuses on two primary objectives: i)
conducting an early assessment of a VOC’s increased transmissibility and potential for immune escape;
ii) estimating its relative prevalence and the timeline for its dominance in its apparent source or in other
countries.

Our modeling framework relies on an age-structured SEIR (Susceptible, Exposed, Infectious, Re-
covered) compartmental structure, augmented with additional compartments to account for COVID-19-
related fatalities, individuals infected with the newly emerged VOC, and vaccinated individuals (only
considered for the Omicron variant).

A detailed discussion of our model, including its structure and the parameters used, is reported in

Section 4.1 and in the Supplementary Information.

2.1 Estimate ranges of increased transmissibility and immune escape poten-
tial

As a prototypical example for the early assessment of the properties of a VOC, we consider the case
of the emergence of Omicron in South Africa. Omicron, classified as lineage B.1.1.529, was first iden-
tified in South Africa in November 2021 and rapidly spread to over a hundred countries [16, 17]. Its
swift global dissemination, even in regions with high vaccination rates, raised concerns about increased
transmissibility and immune evasion. Omicron’s numerous mutations, some linked to neutralizing anti-

body escape, were confirmed in preliminary studies to reduce the effectiveness of two vaccine doses [18].



Additionally, data on breakthrough infections in South Africa suggested Omicron’s significant ability
to evade naturally acquired immunity [19]. Furthermore, the variant emerged while many high and
upper-middle-income countries were administering booster doses, several lower-middle and lower-income
countries were still advancing their primary vaccination campaigns [20]. Fortunately, existing vaccines,
natural immunity, and booster doses continued to provide substantial protection against severe disease
outcomes and deaths [17, 18].

In order to estimate Omicron’s properties we adopted a multi-stage Approximate Bayesian Compu-
tation (ABC) calibration process. As first step we fitted the epidemic trajectory prior to the emergence
of Omicron considering confirmed deaths in South Africa in the period May 15, 2021 — November 237,
2021. In doing so, we calibrated the model on the conditions where the VOC initially spread. Indeed,
starting in May 2021, the country experienced a third pandemic wave fueled by the Delta VOC [19].
This variant was able to replace Beta, which was responsible for the second wave. Hence, before the
appearance of Omicron, Delta was responsible for the large majority of cases. From this standpoint
we studied the characteristics of Omicron by performing a second calibration to constrain the model’s
outcomes to the number of cases reported in the country up to December 14", 2021. We focused on cases
rather than deaths because the latter being a lagging indicator were not yet reflecting the emergence of
Omicron at that time. The second calibration step allowed us to estimate posterior distributions of the
Omicron’s transmissibility advantage with respect to the previously circulating strain () and its immune
evasion potential (v) due to the reduction of natural and vaccine induced protection against this VOC.

Full details on model calibration is provided in Sec. 4.6
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Figure 1: Posterior distribution (median, 50%, and 95% confidence intervals) of Omicron increased
transmissibility 7 and immune escape potential v. We report results for a T¢ = 5.5 days (green) and
for a T = 3.5 days (orange). We also show the estimated intervals for  and v taken from subsequent
independent studies.

Figure 1 shows the joint posterior distribution of 77 and v, considering two different generation times



(T¢): 5.5 days (represented by the green line and shaded areas) and 3.5 days (represented by the orange
line and shaded areas). Indeed, some works hinted to a possible shortening of the generation time of
Omicron compared to previous lineages [21]. While large regions of the parameter space are rejected
by the calibration, a plausible region that corresponds to the non-identifiable nature of both parameters
emerges. Generally speaking, the higher the immune escape v, the smaller 7. Intuitively, a large value
of immune escape can be compensated by changes in the relative transmissibility with respect to other
strains and vice versa.

In the plot, we also display the ranges of n and v obtained from subsequent independent studies
grounded in more evidence. Specifically, for the range of 1, we refer to Ref. [22], which presents a
modeling study on the spread of COVID-19 in South Africa, including a comparison of transmissibility
among different variants of concern. As for v, we consider the findings from a systematic review on the
waning of SARS-CoV-2 immunity [23]. Our model’s credible region aligns with the ranges obtained from
independent studies, indicating the validity of our preliminary insights. Notably, the central estimate of
these ranges falls within the 50% confidence interval of our model projections when using a T of 5.5

days, and within the 95% confidence interval when considering a T of 3.5 days.

2.2 Estimating VOCs’ potential and path to dominance

During the emergence of new VOCs, understanding their dynamics and pathways to dominance presents
additional challenges. In this study, we analyze the dynamics of both the Omicron and Alpha VOCs to
demonstrate the effectiveness of our approach.

In the case of Omicron, we modeled its growth within South Africa, which is the country where it was
first reported. Hence, we introduced a number of initial Omicron seeds based on the evidence available
at the time as initial conditions of the model [24].

Fig. 2A shows the evolution of the percentage of infections due to Omicron in South Africa as
simulated by our models (median, 50%, and 95% confidence intervals) and as reported by official genomic
surveillance [25] in late 2021. It is important to notice how the genomic data plotted serves as independent
evaluation of the model’s output as it was not used in any stage of calibration. Fig. 2B, instead, shows
the date when Omicron was responsible for at least half of new cases as estimated by our model (50% and
95% confidence intervals) and as estimated on genomic surveillance data via a logistic fit (see Section 4).
This threshold is generally regarded as the date of dominance and it is used to indicate when the VOC
has overcome the previously circulating strain(s) in terms of share of cases. We can see that our model
can accurately reproduce the extremely rapid growth of the VOC in the country (wWMAPE = 13%), with
the estimated date of dominance from genomic data that falls within 95% model’s confidence intervals, as
shown also in Table 1. Here, we assumed a T of 5.5 days for Omicron, in the Supplementary Information

we also show results assuming a shorter generation time (3.5 days) obtaining minor differences.



With respect to Omicron, our analysis of Alpha, started later relative to its first detection. At that
moment several studies, based on different approaches, already provided a picture of the characteristics
of the variant and its initial spread in the UK [26, 27]. Therefore, we focused on projecting its dynamic
and path to dominance in other countries outside of its apparent source. The Alpha VOC was first
detected in the United Kingdom in September 2020 [28, 29] and identified as lineage B.1.1.7. Its emer-
gence, associated with a surge in cases [30, 31], led to stringent non-pharmaceutical interventions such as
lockdowns and travel bans [32]. Despite these measures, Alpha spread globally, becoming dominant in
several countries and challenging the initial stages of COVID-19 vaccination efforts, primarily impacting
the unvaccinated population. At the moment of our analysis, the Alpha variant was already well estab-
lished in several countries and the challenge was how to account for this prior dispersion in the modeling
approach. For this task, we used GLEAM, a global stochastic metapopulation model that simulates the
mobility of people across more than 3, 300 sub-populations in about 190 countries and territories [33-36]
(more details on GLEAM in Sec. 4.3). To account for the stochastic nature of Alpha introductions and
the beginning of local transmission, we considered a total of ~ 300,000 stochastic simulations generated
by GLEAM. Specifically, we only focused on the arrivals, in the target countries, of exposed individuals
within each age group. Indeed, at the time of Alpha’s emergence, travellers were required to exhibit
a negative test and other checks to prevent symptomatic individuals from travelling were conducted in
airports. The first two specimens of the Alpha variant were collected on September 20 and 21, 2020 in
London and Kent areas, respectively. Since UK sequenced about 5% of positive cases [37], we assumed
an initial cluster of Alpha variant infections in week 38 of 2020 drawn from a Poisson distribution with
a mean value of 40. As a second step, we modeled the local evolution of the newly emerged VOC once
community transmission had started. We set the relative transmissibility 7 = 1.5 based on the available
evidence at that time [26, 27], while maintaining the same generation time as the previously circulating
strain(s). In the Supplementary Information, we include a sensitivity analysis exploring different 7 val-
ues. The analysis reveals that lower values of 7 result in a slower replacement of the wild type (WT)
by the Alpha variant, whereas higher values of n lead to a faster replacement. Here with term wild
type we indicate the previously circulating strain with respect to the VOC under examination. However,
it is noteworthy that n = 1.5 generally yields more accurate results in terms of capturing the actual
progression of the Alpha VOC in the target countries. As discussed below however, for two countries
higher values of 7 lead to better results.

We used this parametrization and initialization to model the growth of Alpha in seven European
countries (Denmark, Germany, Greece, Italy, Poland, Portugal, and Spain). The choice of countries was
dictated by the risk of importing the VOC. Indeed, Germany, Greece, Italy, Poland, Portugal, and Spain
are the six top countries with highest number of trips originating from London airports in October 2020.

Additionally, Denmark was the first country to report an Alpha infection after United Kingdom [38].



Fig. 2C shows the evolution of the percentage of infections due to Alpha in the target countries as
simulated by our models (median, 50%, and 95% confidence intervals) and as reported by official genomic
surveillance [25]. As for Omicron, we note how not only we did not use the genomic data in the calibration,
but many of the data points shown in the plots have been released only after our initial work. Indeed,
our calibration stopped on 14/02/2021. Here, we assume that after this date, contacts remained at the
level observed in the last calibration week. In the Supplementary Information, we explore alternatives
where NPIs are relaxed, finding that the different NPIs scenarios considered have very limited impact
on the estimated date of dominance. Fig. 2C also includes the weighted mean absolute percentage error
(wM APE) between model’s median and reported data. Overall, the model reproduced the rise of Alpha
in the countries considered, with wM APE values ranging from 7% in the case of Denmark to 35% in
the case of Poland and Portugal (average wM APFE is 23%). Despite some clear deviations (see Poland,
Ttaly and Portugal), most of points fall within the confidence intervals of our simulations. Fig. 2D,
instead, shows the dominance dates as estimated by our model (50% and 95% confidence intervals) and
as estimated from genomic surveillance. For Denmark, Germany, Greece, Portugal, and Spain the date
of dominance estimated from genomic data falls in the 50% confidence intervals of our model. The dates
of dominance for Italy, and Poland precede the model’s median but nonetheless fall within the 95%
confidence intervals. Lower accuracy of the model for this two countries is also confirmed by the higher
wMAPFE between simulated and reported Alpha percentage incidence discussed above. The accuracy
of the model in some instances might be less reliable due to several factors. For instance, the model
imposed a higher transmissibility rate for the Alpha variant, characterized by n = 1.5. As mentioned,
this value was derived from preliminary findings in the UK. However, it is crucial to note that the
establishment of the Alpha variant occurred in considerably diverse epidemiological contexts and under
different non-pharmaceutical interventions (NPIs). Consequently, relative transmissibility 7 may well
vary across countries. A sensitivity analysis on plausible values of 7 is presented in the Supplementary
Information. The results indicate that higher values of 1 yield more accurate estimates for both Italy
and Poland. Secondly, sequencing data may contain biases resulting from alterations in testing policies,
sample methods, and sample sizes. Specifically, enhanced testing efforts directed towards the detection of
a VOC could potentially skew estimates towards higher values. Third, it is important to acknowledge the
inherent stochasticity of events like the initial emergence of a new VOC within a country. Such events
can be influenced by a multitude of factors, random occurrences, and shifts in population behavior.
Finally, as shown in the Supplementary Information, it’s important to highlight that the proportion of
sequenced cases differs considerably among the countries under consideration. It is encouraging to see
that our model performs particularly well in Denmark, a country that managed to sequence nearly half of
all reported infections during the period in question. Conversely, our model’s performance was lower in

Italy and Poland, the countries with the lowest sequencing rates. Both countries sequenced less than 1%



of reported infections, which may have contributed to higher noise in reported sequencing and therefore

lower performance of our model in these contexts.
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Figure 2: Path to dominance of Alpha and Omicron VOC:s in selected countries. A) Percentage
of new infections due to the Omicron VOC in South Africa as reported by genomic surveillance (grey
dots) and as estimated by our model (median, 50%, and 95% confidence intervals). B) Date when
Omicron was responsible for at least half of new cases as estimated from genomic surveillance (grey dot)
and as projected by our model (50% and 95% confidence intervals). C) Percentage of new infections
due to the Alpha VOC in seven European countries as reported by genomic surveillance (grey dots)
and as estimated by our model (median, 50%, and 95% confidence intervals). D) Date when Alpha
was responsible for at least half of new cases as estimated from genomic surveillance (grey dot) and as
projected by our model (50% and 95% confidence intervals).

3 Discussion

The emergence of new SARS-CoV-2 VOCs has represented pivotal moments in the evolution of the
COVID-19 pandemic. Characterizing the behavior of these variants is vital, yet the high degree of
uncertainty at the early stage of their emergence has presented substantial obstacles to formulating

effective responses. In these circumstances, computational epidemic models emerge as essential tools,



Median CI 50% CI 95% Estimated on Data
Poland  2021-11 [2021—10; 2021—12] [2021—07; 2021—14] 2021-07
Greece  2021-07  [2021-06; 2021-08]  [2021-03; 2021-09)] 2021-06
Denmark  2021-07 [2021—05; 2021—09] [2020—53; 2021—11] 2021-07
Alpha Portugal  2021-07  [2021-06; 2021-08]  [2021-03; 2021-10] 2021-06
Germany 202109  [2021-07; 2021-11]  [2021-03; 2021-14] 2021-08
Italy  2021-10  [2021-09; 2021-11]  [2021-07; 2021-12] 2021-07
Spain  2021-08  [2021-07; 2021-08]  [2021-06; 2021-10 2021-07
Omicron South Africa  2021-45 2021-44; 2021-45 2021-44; 2021-46 2021-46

Table 1: Date when VOC was responsible for at least half of new cases as estimated from genomic
surveillance and as projected by our model (median, 50% and 95% confidence intervals). Dates are
reported in the format year, ISO week.

offering critical insights that combined with genomic data and phylodynamic analysis can contribute to
the development of better informed strategies for containment and mitigation [39].

The retrospective analysis of the early, and in real-time, results obtained with our modeling ap-
proach offers valuable insights and lessons. The results presented here show that our modeling approach
provided the correct probable ranges for two key epidemiological aspects of Omicron: its heightened
transmissibility and potential for immune evasion. Moreover, the models were effective in projecting the
expansion of the Alpha variant across seven European nations. Notably, the actual dates when Alpha
became dominant were within our model’s 50% confidence intervals for five of these countries and within
the 95% confidence intervals for the remaining two. Similarly, our models precisely captured the rapid
surge of the Omicron variant in South Africa by matching both the observed growth and the date of
dominance.

Computational epidemiological models are not without limitations. Indeed, they operate on certain
assumptions and simplifications that may not always capture the complexity of real-world dynamics. One
such challenge lies in the reliance on detailed data regarding epidemiological metrics and behavior, such
as mobility or contact patterns, to accurately isolate the impact of a new variant of concern from other
factors. In our study, we employed data from the COVID-19 Community Mobility Report published
by Google LLC [40], to characterize shifts in behavior induced by NPIs and the spread of the disease.
Nevertheless, this data may be biased due to variations in smartphone usage. Indeed, the availability and
quality of such data have exhibited heterogeneity across countries, geographical resolutions, and stages of
the pandemic [41]. In addition, we assumed that a given level of mobility translated into specific contact
levels, thus overlooking changes in the adoption of other NPIs, such as the use of face masks, which
could potentially influence the spread of the disease. Furthermore, due to lack of data across all the
countries studied, our modeling of NPIs translated only in a modulation of the intensity of interactions.
We did not consider possible changes in the overall structure of contact patterns possibly resulting from
the adoption of social distancing measures. Our models operate at the national level, which limits

their ability to account for heterogeneity at more localized levels in factors such as the epidemiological



situation, prevalence of variants, and the adoption of NPIs. Lastly, while our compartmentalization
setup is commonly used [35, 42, 43], it is relatively simplistic and does not explicitly account for factors
such as asymptomatic individuals. In addition to these limitations, modeling choices can also influence
the results. As shown in the Supplementary Information, variations in epidemiological parameters (e.g.,
increased transmissibility of Alpha, generation time of Omicron) and assumptions about the impact of
NPIs on contact patterns (in the case of Alpha) can affect the outcomes of the model.

It is also worth acknowledging the fundamental role of accurate sequencing data, which delineates
variant prevalence. Our model’s assumptions were largely based on the analysis of such data, which also
underpinned several key studies informing public health responses [39]. This was particularly evident
with the Alpha variant, where our model performed better in countries with more robust sequencing
capabilities. Finally, let’s stress that this type of data is also essential for conducting retrospective
analyses like the one presented here.

Despite potential limitations, it is crucial to highlight that the models we proposed yielded satisfactory
results with minimal information and assumptions about the VOCs under study. For the Omicron
variant, we determined a credible range for its key epidemiological characteristics by using a two-step
Approximate Bayesian Computation calibration technique, relying solely on reported deaths and cases
data. Similarly, for the Alpha variant, our model relied only on VOC importation estimates derived from
GLEAM and assumed a reasonable range for increased transmissibility based on available evidence at
the time. Despite the lack of precise data allowing a more detailed model structure and initialization,
our results exhibited considerable accuracy in both cases, effectively capturing the growth dynamics of
the VOCs and identifying valid ranges for essential epidemiological parameters. When interpreting these
results, it is worth remarking that the models have not been re-calibrated to incorporate information that
became available later, such as revisions and data backfills. This approach ensures a truly retrospective
evaluation of real-time analyses. The success of our approach can be attributed to its mechanistic nature,
which enabled us to dissect various factors influencing the VOCs’ growth, including transmissibility,
immune escape, generation time, and behavioral changes. As we transition away from the emergency
phase of the COVID-19 pandemic, retrospective evaluations like ours acquire even more importance,
demonstrating how mechanistic epidemiological models can offer crucial insights into the initial growth

of future VOCs, and better equip the response to upcoming health threats.

4 Materials and methods

4.1 Epidemic model

We consider a SEIR compartmentalization setup. Healthy and susceptible individuals are placed in

compartment S and can get infected by interacting with infectious individuals. When this happens,
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they transition to the compartment of the Exposed (E). These are infected but not yet infectious.
Only after the latent period (e~!) they become infectious themselves and transition to compartment I.
Infected individuals remain infected for the duration of the infectious period (u~!), after which they
transition to the compartment of the Recovered (R). Additionally, we divide individuals into 10 age
groups ([0 — 9,10 — 19,20 — 24,25 — 29,30 — 39,40 — 49,50 — 59,60 — 69,70 — 79, 80+]), therefore we
use the notation X}, to indicate individuals in compartment X and age group k. We also introduce the
contact matrix C, whose elements C}; indicate the number of contact that, on average, an individual in
age group ¢ has with individuals in age group j in a given time. We consider country specific synthetic
contact matrices from Ref. [44]. While the structure of C is not modified throughout our simulation
period, the overall intensity of contacts is modulated using proxy data on the impact of mitigation
policies, as explained in Sec. 4.2. Nonetheless, we acknowledge that non-pharmaceutical interventions
implemented during the COVID-19 pandemic may have induced structural changes in contact matrix as
well.

In this context, the per capita rate at which susceptible individuals in age group k get infected (i.e.,
the force of infection) is given by Ay = 8, Cki I /Ni, where B is the transmission rate of a single
contact. Finally, we also calculate the number of deaths by applying the age-stratified Infection Fatality
Rate (IFR) from Ref. [45] on the number of daily recovered (i.e., individuals transitioning from I to
R). To account for delays between the transition I — R and actual death due to hospitalization and
reporting lags, we record deaths computed on recovered of day ¢t on day t + A. The model has also
a seasonality term s(¢) which is multiplied by Ar to account for variations in humidity, temperature,

and other factors which might affect transmissibility and contact patterns [46]. The seasonality term

ACmax Amax

is equal to s;(t) = % Kl — ami") sin (327”5(15 — U+ %) +1+ O"’“‘"]here i refers to the hemisphere
considered [34]. The value t,44,; is the time corresponding to the maximum of s(¢). It is fixed to
January 15%" in the northern hemisphere and six months later in the southern one, while we assume
s(t) = 1 in the tropical region (i.e., no seasonal modulation). We set qq, = 1 and consider ay,y, as free
parameter.

We extend this framework with specific compartments to consider the emergence of a VOC and
vaccinations. First, we add specific compartments for individuals infected by the VOC, namely Ly oc,
Ivoc, Rvoc and the related compartments for vaccinated individuals. The VOC can have a different
transmission rate Sy oc, latent period (1/eyoc), infectious period (1/uyoc), and infection fatality rate
(IFRyoc). More in detail, we use the parameter 7 to describe the increased transmissibility of the VOC
with respect to the wild type circulating (n = Ry ¢ /R¥V'T).

Second, we model vaccinations as follows. Individuals who have received the first vaccine dose are
moved into a novel compartment designated as S¥'. The susceptibility of V! individuals to infection

is attenuated by a factor of 1 — V ES], where V ES; is vaccine efficacy against infection. Upon infection,
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their IFR is also reduced by a factor 1 — VEM;. Thus, the overall efficacy of the first vaccine dose
against death is VE; = 1 — (1 — VES;)(1 — VEM,;). Subsequent to receiving the second dose, SV!
individuals transition to the compartment SY2. The second administration has an efficacy against
infection and mortality, denoted as V ESs and V E M, respectively, and its overall efficacy against fatality
is VEy = 1— (1 —VESy)(1 — VEM,). Additionally, all vaccinated individuals present a decreased
infectiousness by a factor of (1 — VEI) [47]. We assume that S, L, and R individuals are eligible for
vaccination, and a delay of Ay days is considered between the administration of the vaccine (both first
and second doses) and the emergence of the vaccine’s actual effect. We consider the number of doses
administered daily from Ref. [48] and we assume that the vaccine rollout proceeded prioritizing the
elderly. More in detail, in the simulations we assign doses in decreasing order of age (starting from 80+).
Once all individuals aged 50 and above have received vaccination, we proceed by uniformly distributing
doses among those under 50, while excluding those under 18.

It is important to underline that vaccinations are considered only in the case of Omicron and not
Alpha. Indeed, Alpha emerged prior to the initiation of vaccination campaigns and reached dominance
in Europe at the outset of COVID-19 vaccination efforts. Furthermore, when we introduce the first
Omicron infection we also move R individuals (i.e., individuals previously infected by the wild type) to
a new compartment R. We use a parameter v to describe the ability of Omicron to escape natural and
vaccine acquired immunity. We assume that individuals in SV, SV2, and R compartments see their
protection against Omicron provided by immunity reduced by a factor (1 — v). We assume also that
initial protection of R is equal to that of V5 individuals.

A schematic representation of the full model (with deaths, VOC, vaccinations) is provided in Fig. 3.

4.2 Modeling of mitigation policies

We measure the temporal variations in contacts influenced by non-pharmaceutical interventions utilizing
the COVID-19 Community Mobility Report published by Google LLC [40]. The dataset provides, for
various regions, the percentage change, denoted as r;(t), in total visits to specific locations ! on day ¢,
compared to a pre-pandemic baseline. We convert this percentage into a contact rescaling factor, denoted
as wy(t) = (1+7(t)/100)2, under the assumption that the potential number of contacts per location scales
proportionally to the square of visitor numbers. When considering the Omicron variant, we calculate a
single w(t) by averaging the fields for workplaces, retail and recreation, and transit stations, which we then
apply to the overall contact matrix C. In the case of the Alpha variant, instead, we consider the different
layers of the contact matrix—home, workplaces, school, and the general community setting—separately.
The workplace contact layer is multiplied by w;(¢) computed from the workplaces field of the report,
while the general community settings are adjusted by w;(t) derived from the average of the retail and

recreation and transit stations fields. For school contacts, we use the ordinal index C1 School closing
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Figure 3: Model compartmental structure.

from the Oxford Coronavirus Government Response Tracker [49]. This index spans from a minimum
of 0 (no measures) to a maximum of 3 (all levels required to close). We translate this into a contact
reduction coefficient, represented as wschoor(t) = 1 —C1 School closing/3, which we then apply to the

school layer.

4.3 Modeling the introduction of VOCs

We model the introduction of the Alpha VOC in the countries considered using GLEAM, a global stochas-
tic metapopulation model that simulates the mobility of people across more than 3,300 sub-populations
in about 190 countries and territories [33-36]. Sub-populations correspond to the catchment area of
major transportation hubs. Mobility among them accounts for both long-range movements related to
global air travel and short-range commuting between adjacent sub-populations. For international airline
travel, we used 2020 origin-destination data provided by the International Air Transport Association
and Official Airline Guide (OAG) [50]. GLEAM was calibrated using early international importations
of SARS-CoV-2 from China as well as the unfolding of COVID-19-related deaths in each country. The
model also accounted for travel restrictions, mobility reductions, and government interventions adopted
during the pandemic [36]. We use GLEAM to estimate the arrivals of Alpha exposed individuals, in the
target countries, within each age group considering ~ 300, 000 stochastic simulations. Since the first two

specimens of the Alpha variant were collected on September 20 and 21, 2020 in London and Kent areas
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and since UK sequenced about 5% of positive cases [37], we assumed an initial cluster of Alpha variant
infections in week 38 of 2020 drawn from a Poisson distribution with a mean value of 40.

In the case of Omicron, instead, we assumed an initial seeding in the first week of October 2021,
as suggested by preliminary evidences from phylogenetic analysis [51]. We sampled from a flat prior
distribution (¢ = [10 — 1000]) the number of initial seeds and distributed them in different age groups

proportionally to their size (more details in Sec. 4.6).

4.4 Model initialization

In the case of the Alpha VOC we start simulations on 01/09/2020. The initial distribution of individuals
in S, Ly (wild type latent), Iy (wild type infected), and R compartments, in each country, is obtained
from GLEAM.

In the case of the Omicron VOC, our approach is as follows. First, we consider I, as the number of
infections reported in the week prior to 01/05/2021 (our simulation starting date). The initial number
of infected individuals in the model (distributed between I and E proportionally to the time individuals
spend in each compartment), say I;n;, is calibrated within the uniform range [I¢p, 101,.p] to account for
under-reporting. Similarly, for the R compartment, we place a total number of individuals between 1
and 20 times the cumulative infections reported up to 01/05/2021, which is also calibrated. We do not
initialize individuals in vaccinated compartments, as South Africa had administered approximately 0.5

doses per 100 as of 01/05/2021.

4.5 Model implementation

Model implementation is stochastic and transitions among compartments are modelled through chain
binomial processes. In practice, the number of individuals transitioning from compartment Xj to Y
at time ¢ is sampled from a binomial distribution PrP™(Xy(t),px, v, (t)), where px, v, (t) is the
transition probability. In case of multiple possible transitions from compartment X (e.g., X — Y and
X — Z) we consider a multinomial distribution PrM**( Xy (t), px, v, (1), px,— 2z, (t)), where px, v, (t)

and px, — z, (t) are the two transition probabilities. We consider an integration step ot of 1 day.

4.6 Model calibration

The proposed epidemic models are calibrated using an Approximate Bayesian Computation (ABC)
technique [52, 53]. In particular, we use a rejection algorithm that works as follows. First, we define
a prior distribution P(€) on model’s free parameters 8. Then, at each iteration, a parameter set 0" is
sampled from P(0) and an instance of the model is generated from it. An output quantity ¢’ of the
model is compared to the corresponding real quantity ¢ via a distance metric d(¢,¢’). If d(¢,d’) is

smaller than a predefined tolerance &, then 8 is accepted, otherwise is rejected. This process is repeated
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until n parameter sets are accepted. The distribution of accepted 8" will be an approximation of the
true posterior distribution. Here, we consider the weighted mean absolute percentage error (wM APE)
as distance metric.

With regards to the Alpha variant, we conducted model calibration for the seven countries under
consideration during the time frame 01/09/2020 — 14/02/2021 considering weekly deaths as output
quantity. This allowed us to estimate posterior distributions of key free parameters including the re-
productive number, seasonality, and initial conditions (see Tab. 2) for a fixed value of Alpha increased
transmissibility 7. Following this calibration, we generated out-of-sample projections on the growth of
Alpha up to 08/05/2021 sampling from the obtained posterior distributions. In the out-of-sample period,
we assumed three different NPIs scenarios. The one presented in the main text, assumes a status quo
situation in which contact remains unchanged with respect to the last calibration week. In the Sup-
plementary Information, we propose two additional scenarios describing a conservative and a moderate
relaxation of social distancing and other NPIs.

With regards to the Omicron variant, we conducted a two-stage calibration process. We first fitted
the model to weekly reported deaths in South Africa allowing just for one strain in the period May
15t 2021 — November 237¢, 2021. As mentioned, starting in May 2021, the country experienced a
third pandemic wave fueled by the Delta VOC [19]. This variant was able to replace the Beta VOC,
which was responsible for the second wave. Through this first calibration step we obtained the posterior
distributions for transmissibility, delay between deaths and their reporting, initial conditions, seasonality,
infection fatality rates multiplier respect to the estimates from Ref. [45], and under-reporting in deaths.
We then studied the impact of Omicron by assuming an initial seeding in the first week of October 2021.
Preliminary evidences from phylogenetic analysis suggested the median date of the common ancestor,
of all available Omicron samples, in early October (90% CI: [30 September - 20 October 2021]) [51].
As we did not have information about the number of initial seeds, we sampled a flat prior distribution
of initial Omicron seeds. We distributed them in different age groups proportionally to their size. We
defined Omicron’s transmissibility advantage by setting n = R$™ " / RPe"*e as the ratio of the basic
reproductive numbers for Omicron and Delta. The immune evasion of Omicron was introduced with
a single factor v which describes the reduction of vaccine efficacy and protection from reinfection, as
described in Sec. 4.1. We explored the 1 X v X o parameter space and applied a second ABC calibration
to select values compatible with the number of confirmed cases up to December 14*", 2021. This choice
was made because deaths, as a lagging indicator, had not yet fully reflected the impact of Omicron at
that time. For n and v we explore, uniformly, the range [0.5,3.0] and [0%, 100%)] respectively. For o, we
explore uniformly the values 10, 50, 500, and 1000.

In Table 2, we provide a list of parameters considered in our models for both the Omicron and

Alpha VOC, including values from existing literature as well as those calibrated for the study along with
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Alpha Omicron
Rytart U(0.8,2.0) U(1.0,2.5)
Qi U(0.5,1.0) U(0.5,1.0)
A U(12,25) (10, 30)
T 1 to 10 times infections reported
initial infected GLEAM in week prior to start simulation
initial recovered GLEAM 1to 2{?;;?2?;?22?32 tlirgﬁorted
% deaths reported N/A U(25%, 100%)
IFR multiplier N/A U(0.5,2.0)
s 1.5 (main text)
Increased transmissibility (v) 1.3, 1.7 (1) U(0.5,3.0)
Immune escape potential (1) N/A U(0%,100%)
Initial VOC seeds (o) GLEAM U (10,1000)

Latent period | WT, Alpha: 4 days WT: 3 days, Omicron: 3 and 2 days
Infectious period | WT, Alpha: 2.5 days | WT: 2.5 days, Omicron: 2.5 and 1.5 days
Infection Fatality Rate

(age-stratified) Ref. [45] Ref. [45]
VE; N/A 80%
VES, N/A 70%
VE, N/A 90%
VES, N/A 80%
VEI N/A 40%
Ay N/A 14 days

Table 2: Model parameters. WT stands for wild type, that we use to indicate the previously circulating
strain with respect to the VOC under examination. N/A stands for not applicable reflecting some
additional parameters used for Omicron but not for Alpha.

their prior distributions. For a more in-depth discussion of the model’s parameters, we direct readers
to the Supplementary Information, where we also report the estimated posterior distributions of key
free parameters for both Alpha and Omicron. In the Supplementary Information, we also show fitted
deaths and cases resulting from the calibrations. We note how, in the case of Alpha, we consider a latent
period of 7! = 4 days and an infectious period p~! = 2.5 days for both Alpha VOC and the previously
circulating strain [54, 55]. When studying the emergence of Omicron instead, we consider e~ = 3

days and p~!

= 2.5 days for the previously circulating strain (Delta) [56], while we test two possible
parameters combination for the Omicron VOC (i.e., the second strain): e ! = 3 days and u~! = 2.5
days (i.e., same as Delta) and e~ = 2 days and p~! = 1.5 days (shorter generation time as suggested

by some works [21]).

4.7 Estimating the date of dominance from sequencing data

We considered sequencing data obtained from GISAID [25], accessed through the ECDC website [57] for
the Alpha VOC, and from CoVariants [58] for the Omicron VOC. This data provides information on the
proportion of processed samples attributed to each specific virus variant in each country. Let syoc(t)
represent the fraction of samples associated with the VOC of interest at time ¢. To obtain more accurate

estimates of the date of dominance and reduce the impact of noise, for each country we fitted a logistic
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curve of the form §y-0c(t) = 1/(1+e~7(t=11/2)) to the actual fractions of VOC samples sy-oc(t). Similar

approaches have been widely applied in the context of SARS-CoV-2 VOCs growth modeling [59, 60].

The fitting process was performed via least square using the python library scipy [61]. By employing

this approach, we determined the estimated value of ¢,/ (the time at which the VOC achieves 50%

dominance) as the actual date of dominance.
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