npj | complexity

https://doi.org/10.1038/s44260-024-00020-0

Rebound in epidemic control: how

misaligned vaccination timing amplifies

Infection peaks
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In this study, we explore the dynamic interplay between the timing of vaccination campaigns and the
trajectory of disease spread in a population. Through modeling and comprehensive data analysis of
model output, we have uncovered a counter-intuitive phenomenon: initiating a vaccination process at
aninopportune moment can paradoxically result in a more pronounced second peak of infections. This
“rebound” phenomenon challenges the conventional understanding of vaccination impacts on
epidemic dynamics. We provide a detailed examination of how improperly timed vaccination efforts
can inadvertently reduce the overall immunity level in a population, considering both natural and
vaccine-induced immunity. Our findings reveal that such a decrease in population-wide immunity can
lead to a delayed, yet more severe, resurgence of cases. This study not only adds a critical dimension
to our understanding of vaccination strategies in controlling pandemics but also underscores the
necessity for strategically timed interventions to optimize public health outcomes. Furthermore, we
compute which vaccination strategies are optimal for a COVID-19 tailored mathematical model, and
find that there are two types of optimal strategies. The first type prioritizes vaccinating early and rapidly
to reduce the number of deaths, while the second type acts later and more slowly to reduce the number
of cases; both of them target primarily the elderly population. Our results hold significant implications

for the formulation of vaccination policies, particularly in the context of rapidly evolving infectious

diseases.

Global pandemics of infectious diseases are one of the greatest threats
that humanity faces and, as a consequence, the issue of how to control
them becomes increasingly more urgent as time passes. To rise up to
the challenge, traditional epidemic control offers two alternatives:
non-pharmaceutical interventions (NPIs) such as school closures,
quarantine, or mask mandates on the one hand, and pharmaceutical
interventions such as vaccination, drugs, or treatments on the other.
However, in the case of NPIs' as in that of vaccination®?, apparently
similar implementations can lead to different outcomes, hinting at the
fact that epidemic control is, at its heart, a complex problem that
requires a detailed understanding of the underlying mechanisms of
the epidemic.

Mathematical models have long been used to provide a framework to
gather such insights’. In the context of COVID-19, for instance, they have
proved to be a powerful tool for the description, prediction and prevention of
the ongoing pandemic™". Therefore, it comes as no surprise that the search
for an optimal strategy for the minimization of the cases is a well-researched

topic, in particular in the context of NPIs'“*". The reason behind this interest
is obvious: non-pharmaceutical interventions come with high social and
economic costs attached and it is therefore crucial to make them last as little
as possible, possibly to contain the epidemic until pharmaceutical treatments
are available. The same kind of optimization problem has been studied in
relation to vaccination, for example in connection to issues of economical
costs™, vaccination rates”, age prioritization™, boosters’ distribution'*****
and NPIs-vaccination synergy”. Following this literature, in this paper, we
will also focus on the optimization of vaccination strategies, especially from
the point of view of timing and duration. Unlike the previous works on this
subject” ™, we employ a SIRS model with a time-limited vaccination cam-
paign, which stands as the simplest model incorporating waning immunity
(a feature shared by vaccines of several respiratory illnesses™""). Addition-
ally, we assess the effectiveness of a vaccination strategy by measuring the
peak prevalence observed after the conclusion of the vaccination campaign.

From our analysis, a counter-intuitive rebound effect is observed: the
timing of vaccination and subsequent immunity waning can synchronize

"Departament d’Enginyeria Informatica i Matematiques, Universitat Rovira i Virgili, E-43007 Tarragona, Spain. 2Pacific Northwest National Laboratory, 902 Battelle

Blvd, Richland, WA, 99354, USA. e-mail: alexandre.arenas@urv.cat

npj Complexity | (2024)1:20


http://crossmark.crossref.org/dialog/?doi=10.1038/s44260-024-00020-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s44260-024-00020-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s44260-024-00020-0&domain=pdf
http://orcid.org/0000-0003-1820-0062
http://orcid.org/0000-0003-1820-0062
http://orcid.org/0000-0003-1820-0062
http://orcid.org/0000-0003-1820-0062
http://orcid.org/0000-0003-1820-0062
mailto:alexandre.arenas@urv.cat
www.nature.com/npjcomplex

https://doi.org/10.1038/s44260-024-00020-0

Article

with the increase in susceptible population, potentially leading to an infection
peak larger than what would be expected in the absence of vaccination. Earlier
attempts to model reinfections and waning immunity employing a SIRS
model exist™>”, but they primarily deal with the stability of such systems
under the assumption of an unlimited supply of vaccines, and therefore no
rebound was observed. The resurgence of infected individuals after the start of
a mass vaccination campaign has been documented and modeled in various
papers™, some of them pinpointing the gradual accumulation of the sus-
ceptible compartment as a key driver”. Additional factors include the sig-
ni cance of transient phases in the dynamics™ and the impact of declining
immunity within hosts™. In contrast, investigations into time-limited vacci-
nation strategies are relatively rare, often focusing on speci ¢ scenarios such
as pathogens with seasonal infectivity* or vaccinations administered in
pulsatile campaigns“. However, to the best of our knowledge, the effect has
not yet been mechanistically described in a simple compartmental model
depending only on the timing of the vaccination campaign.

Finally, we are interested in investigating whether the rebound effect seen
in simpler models persists when examining a speci ¢ disease and a more
advanced model. For this purpose, we expand upon the model by Arenas et
al’, originally developed for COVID-19, to include vaccination campaigns,
focusing on the effective management of vaccination timing to minimize the
second peak of infections and reduce cumulative hospitalizations and deaths.
The age-strati ed nature of this model also allows us to introduce an addi-
tional variable alongside the timing and duration: the age priority. Using data
from a recent wave of an infectious disease, our ndings provide key insights
for optimizing vaccination distribution, aiming to mitigate the effects of future
epidemic waves and inform public health policies.

Results

In the following, we outline our ndings about what separates a good vac-
cination strategy from a bad one, and in particular on how to get to an
optimal one. This section is divided into four parts: The rst part introduces
the SIRS model with vaccination and its basic features. The second part
focuses on the rebound effect (i.e., the unexpected growth of cases after a
vaccination campaign) and gives a mechanistic explanation on why it
happens. The third part outlines the importance of timing and duration of a
campaign to achieve an optimal result. Lastly, the fourth part shifts to a more
complex epidemiological model and deals with the problem of identifying
the Pareto-optimal solutions that simultaneously minimize both the second
wave of cases/hospitalizations and overall deaths.

The model

Let us consider a continuous-time mean- eld SIRS model with vaccination, a
compartmental model that divides the population into three groups: sus-
ceptible (S), infected (I) and recovered (R) individuals. In this model, sus-
ceptible individuals can become infected through contact with an infected
person at a rate of 3. Alternatively, they may gain immunity to the disease
through vaccination, occurring at a rate of 0(t), and consequently move into
the recovered category. Infected individuals transition to the recovered
compartment at a rate [, while recovered individuals lose their immunity at a
rate &, becoming susceptible again. Note that the vaccination process in this
model can be dynamically managed; it can be turned on and off at any
moment according to the employed vaccination strategy. The dynamics of the
model is sketched in Fig. 1.

The equations that describe the model are:
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Fig. 1| SIRS model with vaccination. A graphical representation of the SIRS
compartmental model with reinfections and vaccination described in Egs. (1)—(3).
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Fig. 2| Vaccination regimes. Illustration of the different vaccination regimes based
on the value of the vaccination rate a. Please note that the three regimes are shown
with identical lengths in this diagram, though their actual extents are governed by the
values of 0., and Q.

Here, variables S(t), I(t) and R(t) represent the fraction of individuals in their
corresponding compartments, which ful 11 S(t) + I(t) + R(t) = 1; we also
write the vaccination rate depending explicitly on time t, while the rest of the
parameters are constant. We begin by studying the behavior of the system of
Egs. (1)-(3) when a(t) = a, to understand what different levels of vaccination
have on the epidemic in the long term. We opted for a constant vaccination
rate because, in many real-world scenarios, the pace of vaccination rollout is
constrained by logistical factors and is independent of the number of
susceptible individuals. First of all, we recall that, if > |, the stationary states
S, I', R of the standard SIRS model with no vaccination (o = 0) are*:

o

1
S Ya—; | Y4 1 —
) ) up?d
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R, R, R Y 1 R, ups’
04p
The basic reproduction number of this modelis R, ¥4 B and does not change
once we add a non-zero vaccination term. In the case B < [ the system
rapidly reaches the “disease-free equilibrium”, where S=1and | =R =0,
which we consider uninteresting for the scope of this paper. Therefore, from
now on we will always assume that 8 > .

Depending on the rate of vaccination 0, we can identify three regimes:
the coexistence regime, the eradication regime, and the total immunity
regime, illustrated in Fig. 2. In the rst regime, which occurs when the
vaccination rate 0 [0, O], all compartments are present and the quali-
tative behavior of the system remains the same as the standard SIR but with

stationary values S_; 1 _;R_,:
1 a a
S, Yam: g ¥al  ——: R ViR p—x: 05
Ry Hp?d up?d

ds
at Vo BSIPOR  adth; a1p The critical vaccination rate for eradication 0. = (1 — 1/R;)d isde ned as the
value of the vaccination rate for which the endemic fraction of infected
dl individuals I goes to zero. Thus, the eradication regime, where no infective
—Y4BSI 62p  individuals are present, happens when 0 [0, O], where the stationary
dt values become
o a
dr Yapl 3R p adth: da3p S, a1 = I, Y40, Ry Ya<: dep
dt ) 1)
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Fig. 3 | Rebound of infections after vaccination in the coexistence and eradica-
tion regimes. Illustrative example of the effects of limited-time vaccination in
two different vaccination regimes. On the left, the vaccination rate o falls in the
coexistence regime (0 = 0.003), while on the right it is in the eradication regime
(o0 = 0.008). The shaded area denotes the time period when the vaccination

strategy is active. In both regimes, when the vaccination stops, a resurgence

wave is observed, but with a different magnitude: in the coexistence regime, the
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wave is relatively modest, whereas in the second scenario, it is more pro-
nounced, comparable in size to the initial wave. This observation suggests thata
higher intensity of vaccination efforts may paradoxically exacerbate the
rebound effect. Simulation with § = 1, y = 0.5, 8 = 0.01 and a vaccination
campaign taking place between t = 400 and t = 600. The initial conditions are
1(0) = 0.01 and S(0) = 0.99.

The critical vaccination rate required to achieve total immunity, denoted ay;
=9, is de ned as the vaccination rate at which the fraction of susceptible
individuals also vanishes. If 0 exceeds this threshold, the system transitions
into the third regime-the total immunity regime—characterized by the
presence of only recovered individuals. Finally, during all of our numerical
simulations we never allow the fraction of susceptibles to drop lower than
0.005 due to vaccination, in order to avoid pathological behaviors with
unrealistically small numbers for the fraction of individuals in any
compartment.

The rebound effect of misaligned vaccination

In the previous section, we assumed that the rate of vaccination of the SIRS
model is constant over time; however, this is far from a realistic scenario. In
many real-world emergency situations, vaccine supplies are constrained and
distributed within speci ¢ timeframes. Consequently, vaccination efforts
extend over de ned periods known as vaccination campaigns. These cam-
paigns have a designated start date and follow a daily schedule for dis-
tributing vaccine doses.

Building upon this premise, to incorporate a vaccination campaign
into the previous model, we propose to use a piecewise function for the
vaccination rate 0(t). This function is de ned for the duration of the cam-
paign, with a starting time denoted as ty,, and an ending time denoted as
tstops as follows:

h i
a ift2 teot

stop

odth ¥a a7p

0 otherwise :

Let us begin our analysis by simulating the previous epidemic model
using two different values for the vaccination rate o, thereby placing the
model in two distinct vaccination regimes (Throughout all our numerical
simulations, we maintain the fraction of susceptibles above 0.005 following
vaccination to prevent pathological behaviors associated with unrealistically

small numbers in any compartment.). Concerning timing, we will let the
model reach a stable equilibrium before initiating the corresponding vac-
cination campaign. We simulate the system of Egs. (1)—(3) with a value of a
= 0.003 (corresponding to the coexistence regime) and o = 0.008 (corre-
sponding to the eradication regime), see Fig. 3.

Inthe gure, we observe that initially, without any vaccination strategy
in place, the system experiences uctuations until reaching a stable equili-
brium. Following this, the initiation of the vaccination campaign leads to a
reduction in the number of infected individuals. This reduction also involves
the susceptibles if the strategy falls under the eradication regime.

Then, after ending the vaccination campaigns, we observe the antici-
pated “rebound effect”, characterized by a signi cant peak in the number of
infected individuals, which is particularly evident in the eradication regime.
This phenomenon hints that vaccination, despite its bene ts, can have
complex and sometimes unexpected effects on disease spread dynamics, and
deserves a deeper investigation into its origins and underlying mechanisms.

This counter-intuitive phenomenon, like many aspects of epidemic
modeling, can be understood through the availability of susceptible indi-
viduals. A disease can only spread if there are susceptible individuals to fuel
its transmission. In this light, the ef cacy of a vaccination campaign lies in its
ability to transfer people directly from the susceptible category to the
recovered one, thereby reducing the pool of individuals available for con-
tagion. However, once the campaign concludes and assuming vaccine-
induced immunity wanes over time, vaccinated individuals gradually revert
to susceptibility. If the campaign was highly effective, a signi cant portion of
the population might become susceptible simultaneously, lacking natural
immunity from recent infections and becoming available for new infections.
This synchrony can lead to an increase in infection numbers. Analogous to
pulling and releasing a spring, the vaccination campaign initially lowers
infection rates, but their subsequent increase can lead to a sharp rise in cases.

It is important to note that the extent of this rebound varies sig-
ni cantly depending on the vaccination strategy employed. In the co-
existence regime, the rebound is small and can simply be seen as the system

npj Complexity | (2024)1:20


www.nature.com/npjcomplex

https://doi.org/10.1038/s44260-024-00020-0

Article

settling from one equilibrium (with vaccines, Eq. (5)) to another (without
vaccines, Eq. (4)). On the other hand, in the eradication and total-immunity
regimes, the rebound can be very large (depending on the duration of the
vaccination campaign).

To mathematically understand the mechanism behind the rebound in
the latter case, we must return to the modeling approach. As we mentioned,
the eradication regime starts at the value of 0, where the number of infected
individuals goes to zero. This allows us to develop a perturbation theory
framework that gives us an approximated solution for the unfolding of the
epidemic just after the end of the vaccination campaigns. At zeroth order in
this approximation the contagion term Sl and the recovery term pl vanish
so the system of Egs. (1)=(3) can be approximated by:

ds,

Y, 3R, a8p
< 7R
dr
—dto Yi B8Ry d9p

whose analytical solutions are governed by exponential functions. The full
calculationsat rst order together with all the de nitions can be found in the
Methods section. The full solution for t  ty, then reads:

SotbYal  Rity,pbe * e” o ASHIHD; th; 810p
RAtD ¥a Rity,0e * ter® o ARIGD; tb; a11p
Rt
18t ¥a 18t Pexp OB pbBt  t,P B%m e %t twfp .
012p

where 85315tp; tb; MRaI3th; tb and I(t) are the rst-order contributions, and
S(tstop)> R(tsiop) and I(typ,) are the value for each compartment right after the
end of the vaccination process (the agreement between these equations and
the numerical solution is shown in Fig. S1 of the Supplementary Material). It
is important to note that these equations are applicable only for a certain
period after t,,. Indeed, as long as the number of infected I(t) stays low, the
contributions of Eélﬁtb; th and mélétb; tp also remain small, allowing for
the zeroth order of Eqgs. (10)—(11) to dominate and the susceptible
compartment to approach its limit S — 1.

Despite their limitations, these equations provide valuable insights and
allow us to draw a causal connection between the strength of the vaccination
campaign and the height of the rebound. For instance, we know that the
approximation stops working at the time t, where the number of infected,
Eq. (12), reaches its theoretical upper bound, ie., I(tp) = 1 — /. A closed,
although complicated, expression for t, exists and thanks to that it is still

. t ot . .
possible to demonstrate that gz"— <0 and 33> <0 (see proof in Section
S1 of the Supplementary Material}. This impliesﬁﬁlat the smaller the number
of susceptible and infective individuals remaining after vaccination, the
larger t, will be; thus, the validity of the exponential solutions to Egs.
(10)—(11) extends over a longer time period. Since t,, is connected to the
growing phase of the zeroth order susceptible in Eq. (10), a larger t; also
means a larger build-up in the susceptible compartment and therefore a
larger peak of susceptibles S, .. Finally, one can prove, albeit based on other
simplifying assumptions (see Section S2 of the Supplementary Material),
that alarger S, . results in a taller epidemic peak (i.e., the height of the rst
peak of infectives following vaccination). This, therefore, demonstrates that
a robust vaccination campaign can cause the rebound peak to be taller.

Timing as a fundamental feature to avoid the rebound

In the preceding section, we exclusively examined scenarios where the
vaccination campaign commenced after the standard SIRS model had
reached its equilibrium. Furthermore, the campaign had a designated
duration intended to allow the system enough time to stabilize into a new

equilibrium state under the in uence of vaccination before returning to its
initial condition upon the campaign’s completion. However, vaccination
campaigns frequently overlap with epidemic waves that are still far from
equilibrium, and their durations may differ. This highlights the importance
of identifying the optimal timing and duration of vaccination campaigns to
reduce the rebound effect while the epidemic is still ongoing.

To address this challenge, we have developed a simulation framework
to systematically evaluate a broad spectrum of vaccination strategies,
spanning various starting times and durations. Our objective is to nd the
strategy that most effectively counters the rebound effect by speci cally
aiming to minimize the height of the next largest peak (which usually
coincides with the second peak, but that is not always the case, as shown in
Fig. $4 in the Supplementary Material.), which de nes our optimal criterion
in this context.

To achieve this, we initially conduct a simulation without any vacci-
nation to establish a baseline that serves as a reference point for comparing
all subsequent vaccination scenarios. In simulations that incorporate vac-
cination, we preserve the baseline scenario’s parameters and initial condi-
tions. A vaccination campaign is characterized by a speci cstarting day and
duration. Note that the duration of the campaign is inversely proportional to
the rate of vaccination 0. We perform a separate simulation for each
potential start day, ranging from day 1 to the day when the baseline scenario
reaches its second peak (indicated by the second vertical line in Fig. 4(a)).

Additionally, we vary the duration of the vaccination campaign,
exploring periods between 30 and 150 days. In all simulations, the total
number of vaccines is  xed, equal to 30% of the population. This quantity
ensures that, under the fastest rollout scenario of 30 days, the daily vacci-
nation rate reaches 1% of the population. We select this rate as the max-
imum feasible daily coverage in a realistic scenario. The decision to use a

xed total quantity of vaccines was driven by our aim to optimize the use of a
resource we consider to be nite.

Our goal is to identify the strategy that maximizes the bene ts derived
from the limited number of vaccines available. This approach is based on the
understanding that having access to additional vaccines would be advan-
tageous, as a greater quantity of vaccines generally leads to more favorable
outcomes. This assumption is corroborated by the data presented in Fig. S2
in the Supplementary Material, which illustrates the inverse relationship
between the total number of vaccines and the cumulative number of cases.
However, it is critical to recognize that merely increasing the vaccine supply
does not unequivocally resolve all challenges. Speci cally, as the vaccine
allocation escalates, the rebound effect may become more pronounced, as
evidenced in Fig. S3 of the Supplementary Material. This observation
highlights the need to develop strategies that not only make the most of the
existing vaccine supply but also minimize the risk of a rebound effect. By
doing so, we can improve the overall effectiveness of vaccination campaigns
in controlling epidemic outbreaks.

Our ndings are illustrated in Fig. 4b, where we present the outcomes
of vaccination campaigns that start on different days. Each bar in these plots
corresponds to a speci ¢ start day for the vaccination, with the bar’s color
indicating the campaign’s duration and the height indicating the relative
reduction or increase in the size of the subsequent peak compared to the
baseline scenario. A bar extending upwards signi es an increase in the next
peak, indicating a rebound effect, whereas a downward extension suggests a
reduction in peak size, indicating no rebound effect. It is important to note
that although multiple scenarios with varying durations were analyzed for
each start day, the plots only display the outcome of the optimal strategy,
de ned as the one resulting in the smallest subsequent peak.

From our analysis, we nd that if the vaccination roll-out starts around
the time of the st peak, even the most successful vaccination strategies will
suffer from the rebound effect. This can be seen in Fig. 4b, where we see that
those simulations that consider a starting time around the rst peak
experience the rebound effect, indicated by bars with positive heights, sig-
nifying an increase in the epidemic’s peak magnitude. In turn, strategies that
start after the rst peak have a better chance of avoiding any resurgence,
particularly when vaccines are administered over an extended period (i.e.,
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Fig. 4 | Best vaccination strategy for each possible starting day before the
second peak. a Illustrates the proportion of infectious individuals over time in the
baseline scenario, i.e., without vaccination. The vertical dashed lines indicate the
peaks of the epidemic and act as reference points in the subsequent panels. b The
variation in the height of the subsequent largest peak relative to the baseline (vertical
axis) due to the most effective vaccination strategy initiated on each day (horizontal
axis). Here, the term “best” strategy refers to the approach that results in the greatest
reduction in the height of the subsequent largest peak. The color of each bar indicates

the vaccination rate of that strategy. ¢ The same quantities as (b) but, instead of using
a constant vaccination rate @, we have used a vaccination rate a(t,S) ©(S—9S"),1i.e.,
a vaccination that is only active when the susceptible compartment exceeds its
stationary value. The horizontal black dashed lines in panels b) and c) correspond to
the maximum possible reduction, obtained when the second peak is just as tall as the
equilibrium value. In this case, the strategy that comes closer to achieve the optimal
value is the one in panel b) that starts on day 89 with speed o = 0.002.

with vaccination within the coexistence regime). The optimal strategy
observed occurs just a few days following the rst peak and is the only
approach that achieves a complete attening of the infectious curve. This is
evident from its proximity to the dashed line in Fig. 4b, which indicates a
reduction making the second peak equivalent to the equilibrium value.
Outside of this optimal strategy, determining a straightforward rule for how
soon before the second peak to start and the ideal length of the campaign
proves challenging.

To test the idea introduced in the previous section, i.e., that the rebound
effect is caused by an excessive departure of the susceptible and infected
from their equilibrium values S” and I”, we introduce a new kind of vacci-
nation campaign. Previously, our model used constant, nonzero vaccination
rates O(t) during a speci ¢ time frame, with rates dropping to zero outside of
this interval. To avoid pulling the number of susceptible too far away from

their equilibrium and thus cause the rebound effect, we test a new vacci-
nation strategy. Here we introduce a new formula for the vaccination rate
at,S) O(S —S"), where O indicates the Heaviside function. This func-
tional form ensures that the vaccination will only be active when the sus-
ceptibles are above their equilibrium number. The vaccination nally stops
at the moment in time when all the doses at our disposal (30% of the
population in this case) run out. Please note that this strategy is character-
ized by intermittent activation, as the susceptible population’s numbers
oscillate around the equilibrium point. This uctuation causes the vacci-
nation campaign to switch on and off, until it nally ceases when the supply
of vaccines is fully depleted. It can be seen in Fig. 4(c) that this “ ne-tuned”
strategy works wonderfully, resulting in a consistent relative reduction
across a wide range of starting times and almost always outperforming the
constant strategy. The only exception to this rule are the truly optimal
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solutions leading to the total attening of the second peak, that can only be
obtained with the constant strategy.

Adding complexity: rebound effect in an age-strati ed
metapopulation model

In the preceding section, we explored how the rebound effect is in uenced
by two factors: the vaccination start day and its duration. To verify the
rebound effect’s consistency in more complex scenarios, we transition to the
model by Arenas et al.’, which was developed to simulate the spread of
COVID-19 during its initial outbreak. A brief overview of this model’s key
components is provided here, with a comprehensive explanation available
in the Methods section and further details in Sections S3 and $4 of the
Supplementary Material, while a discussion of the rebound effect in this
model can be found in Fig. S9.

Building upon the conventional SIRS framework, this model integrates
further phases of the infection cycle, notably the exposed (E) and asymp-
tomatic (A) stages, in addition to hospitalization (H) and death (D).
Additional compartments were introduced to accurately represent the
timeframes leading to hospitalization and death. An illustration of the
compartmental model is provided in Fig. 5. The model employs a meta-
population approach, incorporating the movement-interaction-return
mechanism®. This implies that the population is distributed across var-
ious patches, with individuals moving to adjacent areas and then returning
to their original locations, without permanent migration. Moreover, the
model incorporates age strati cation, categorizing individuals as young,
adult, or old, to account for the infection’s outcome varying signi cantly
with age. However, the original model in’ does not account for vaccination
and waning immunity. Therefore, we adapted the model to include these
aspects, as shown in Fig. 5.

As with the SIRS model, we start by running a baseline simulation
without vaccination (see Fig. S5 in the Supplementary Material). Then, we
run an extensive number of simulations where we systematically explored
various combinations of durations, starting days, and age priorities, all while
maintaining a constant total number of vaccines. We vary the starting day of
the vaccination, considering all days between the beginning of the simula-
tion and the midpoint between the rstand second peak. For the duration of
the vaccination, we use 30, 60, 90, and 120 days and we keep the total
number of doses xed (so that all strategies deliver the same amount of
vaccines). To explore the age group priority, we used all the possible com-
binations of strictly positive values that are multiples of 10% and that sum up
to 100%. The resulting strategies are then categorized as young, adult, old, or
mixed based on the priority levels of each age group. For instance, a strategy

labeled “young” means that the priority given to the young group is higher
than any of the priorities given to the two remaining groups. The mixed
strategies are those that do not ful 1l the previous condition.

This time, to determine the optimal strategy, we employ two metrics:
the relative variation of the height of the second peak, as in the previous
section, and the relative variation of cumulative deaths compared to the
baseline simulation. Our objective is to minimize both metrics simulta-
neously by identifying Pareto-optimal solutions. These are solutions where
improvements in one metric would lead to worsening the other. The latter
metric, introduced due to the inclusion of age structure in our model,
accounts for varying risk levels across different age groups, making it crucial
for evaluating the impact of prioritizing one age group over another in
vaccination plans. However, this metric is signi cantly affected by the total
runtime of the simulation. To circumvent arbitrary decision-making, we
conclude the simulation after the epidemic’s transient phase.

The results are shown in Fig. 6. It can be seen that most of the simu-
lations (each represented by a point) fall on positive values of the difference
in cases, meaning that they perform poorly or are counterproductive, so we
restrict our attention to those solutions that are able to improve the baseline
scenario. Among those, the optimal ones are the ones that satisfy the
aforementioned Pareto condition. Such points lay at the left-most side of the
scatter plot and taken together lay on a line called the Pareto front, which we
highlight in Fig. 7, where we also show a detailed description of the features
of each of these optimal solutions. From this gure, it emerges that there are
two kinds of optimal strategies, each distinctly different from the other. The

rst type, that we mark as Type 1, contains all those strategies that are better
at reducing the number of deaths while overlooking the height of the next
largest peak. In order to achieve this the vaccination has to start before the

rst peak is reached, it must be fast and must prioritize old people. On the
other hand, the second type performs better at lowering the height of the
next largest peak while allowing for a larger number of deaths. In this second
case the vaccination has to start well after the rst peak, must have a longer
duration, and should also prioritize old people.

An analogous analysis optimizing the number of hospitalizations
instead of cases can be found in Figs. S6 and S7. This analysis demonstrates
similar behavior, as the strategies are divided into the same two groups.
However, the transition between Type 1 and Type 2 strategies is much
smoother and does not present the characteristic right angle that we see in
Fig. 6. This can be attributed to the fact that hospitalizations’ peak and
cumulative deaths are closely connected and therefore the strategies to
optimally reduce the rst are bound to have a deep impact on the second as
well. Furthermore, in the case of daily hospitalization, the rebound effect
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