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A key question in evolutionary epidemiology is to determine differences in the conditions that may allow some
mutant strains to spread in a population where a resident strain is already circulating. Evolutionary invasion
analyses assume that the immunity is long-lasting for previously infected individuals making it difficult to study
traits such as immune escape. We relax this last assumption and allow the environment faced by the mutant to
fluctuate outside of any epidemiological equilibrium. We introduce an original two-strains non-Markovian model
that accounts for realistic immunity waning and cross-immunity, inspired by the case of SARS-CoV-2 variants.

We show that mutants with increased contagiousness or with some immune escape abilities are more likely to
invade the population. We also show that the timing of the introduction of mutant strain in the population is
key because it is associated with the population’s immunisation status. Our results underline the importance of
immune waning and non-equilibrium dynamics on infectious disease evolution.

1. Introduction

Evolutionary and epidemiological processes frequently overlapped
during the SARS-CoV-2 pandemic. It started as soon as mid-2020 with
the D614G strain, which was associated with increases in viral loads
(Volz et al., 2021) and continued with the evolution of the variants of
concern (VOCs) (WHO, 2023). These VOCs had increased contagious-
ness (e.g. Davies et al. (2021)), higher virulence (e.g. Fisman and Tuite
(2021)), and vaccination or infection-derived immune escape (e.g. An-
deweg et al. (2022); Faria et al. (2021)). Years later, many variants with
different phenotypic traits continue to impact the overall epidemiolog-
ical dynamics (Markov et al., 2023; Lythgoe et al., 2023), as seen for
other infectious diseases such as HIV (Wymant et al., 2022).

As illustrated by the case of SARS-CoV-2, a variant’s evolutionary
success can stem from different life-history traits, such as an increase in
contagiousness (the number of secondary cases and the generation time
distribution (Blanquart et al., 2022)) or some immune escape properties
(Markov et al., 2023). Interactions between these traits or with the envi-
ronment in which variants evolved can further contribute to increasing
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invasion fitness. Prospective SARS-CoV-2 evolutionary epidemiology
works mainly focused on competition between variants on a short-term
scale (e.g Park et al. (2022); Blanquart et al. (2022); Otto et al. (2021))
as the adaptive landscape was remodelled by each new variant, vaccine
campaigns, or non-pharmaceutical intervention. It is possible to retro-
spectively explain the appearance of new VOCs if there is data available
(e.g. Benhamou et al. (2023)), although the analyses are rapidly
quantitatively limited when immune escape is at play (Pearson et al.,
2021). However, determining in advance what will be the phenotypic
characteristics of a future circulating variant is less obvious and remains
highly prospective. Yet, this endeavour is necessary to anticipate the
emergence of future variants to optimise public health decisions.
Evolutionary invasion analyses are often used to determine under
which conditions a variant can spread in a population as a function of
its traits. These typically consider a population where an already es-
tablished strain, the ‘resident’, circulates and assesses the ability of a
newly introduced strain, generally called the ‘mutant’ (or variants in
the SARS-CoV-2 case), to replace it (Geritz et al., 1998; Brannstrom
et al., 2013). One of the strong assumptions made by many of these
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frameworks that we need to alleviate is that of the separation between
epidemiological and evolutionary timescales, meaning that the resident
is assumed to reach an epidemiological equilibrium before the mutant
appears (Brannstrom et al., 2013; Buckingham and Ashby, 2023). In
the SARS-CoV-2 pandemic, for example, such an equilibrium has not
yet been reached since variants with different traits still emerge fre-
quently (Fig. A.5). Furthermore, each epidemic wave, whether or not
it was caused by a new variant, reshaped the population immunisation
level (Hozé et al., 2021).

Modelling population immunity is challenging for two main rea-
sons. First, quantifying immunity is not feasible per se. In particular,
we may only observe correlates of protection at the individual level
(e.g. antibody titres), which are highly variable (Zachreson et al., 2023)
or differences between different groups at a population level (through
hazard or risk ratios) where observational studies may fail to identify
causality (Monge et al., 2023). Some SARS-CoV-2-focused studies even-
tually provided efficacy estimations (at a population level) of vaccine
and infection-derived immunity two or three years after the beginning
of the pandemic (Powell et al., 2022; Stein et al., 2023). Second, in-
corporating empirical decline of immunity in mathematical models re-
quires having a formalism that accounts for the time since clearance to
make the immunity efficacy function of that time. We have previously
shown that non-Markovian formalisms are convenient to capture dy-
namics of within-host processes showing non-stationary rates (Sofonea
et al., 2021; Reyné et al., 2022), and these are well-adapted to model
immunity efficacy.

In addition to immunity waning, it is important to also take into ac-
count immune escape to anticipate mutant invasion. The evolution of
this phenotypic trait has been extensively studied at the molecular level
(Vossen et al., 2002; Schmid-Hempel, 2008), including for SARS-CoV-2
(Starr et al., 2022; Volz et al., 2021), but it can have major epidemiolog-
ical consequences. In the case of SARS-CoV-2, this was again illustrated
by the high prevalence provoked by Omicron first sub-variants, which
was mainly attributable to immune escape abilities that were later doc-
umented (Stein et al., 2023).

Here, we study how the interplay between population immunity
and the timing of a mutant appearance shapes its evolutionary success
using an evolutionary invasion analysis model that accounts for non-
equilibrium phenomena. For simplicity, we consider two broad cate-
gories of infection life-history traits, namely intrinsic transmissibility
and immunity, each encompassing a variety of sub-traits. An advan-
tage in contagiousness can be due to a shorter generation time, a higher
growth rate, or a higher reproduction number. Note that the latter two
are commonly used as fitness metrics (Keeling and Rohani, 2008; Blan-
quart et al., 2022). Regarding immunity, a strain advantage may orig-
inate from different levels of immune waning. The strains are also dis-
tinguished by their immune escape properties from one another.

We define mutant evolutionary success as the ability to produce the
next epidemic wave following its introduction. This departs from the
canonical choice for the usual fitness metrics, which assumes that resi-
dent epidemiological dynamics are at equilibrium, thereby guaranteeing
an equivalence between having the mutant reproduction number higher
than one and its growth rate being non-negative (Hurford et al., 2010).
We chose to depart from this core assumption because in the context we
study, the population immune landscape is perpetually changing. These
changes over time can be seen as environmental feedbacks, which are a
key component in evolutionary epidemiology (Lion and Metz, 2018).

Our model allows us to show that contagiousness and immune escape
both impact the risk of mutant emergence, providing an adequate timing
in the mutant arrival regarding the population immunisation status.

2. The model
We assume a compartmental model with two strains, the resident

and the mutant, respectively referred to by subscripts 1 and 2, using par-
tial differential equations (PDEs, Fig. 1). This allows us to implement a
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Fig. 1. Model flowchart. Susceptible individuals .S are infected by an individ-
ual infected with resident strain I, or the mutant strain I,. We record the time
since infection z for infected individuals. They eventually recover and end up
in the recovered compartments R, or R,. We record the time since clearance s
for recovered individuals, which might be reinfected depending on the age of
their immunity. Grey arrows show the demography-related transitions (births
or deaths).

non-Markovian structure of the infected (/; and I,) and recovered (R,
and R,) compartments to account for time since infection in the for-
mer and since clearance in the latter. Practically, we define parametric
generation time distributions in the infected compartments and time-
dependent immunity efficacy in the recovered compartments. Based on
longitudinal studies of patients infected by SARS-CoV-2 (Lind et al.,
2023), we further assume immunity to be ‘leaky’, meaning recovered
individuals may be reinfected by the two strains, although at a lower
rate than susceptible individuals.

Mathematically, if we denote the time since infection by 7, infected
individuals enter the I, compartment according to the following bound-
ary condition

L(t.t=0) = Al(t)[S(t)+/0 R, (4, 5)[1 — & (s)]ds

+ / Ry(t,5)[1 — 52,1(s)]ds], (€8]
0

where 4, is the force of infection of the resident strain, S the susceptible
individuals, R, (resp. R,) individuals that were previously infected by
the resident (resp. the mutant). The function s — 1 —¢&, ,(s) represents
the decrease in susceptibility against strain y provided by a previous
infection by strain x, s days after the clearance. Put in another way, the
integral

/ Ry(t,5)[1 - 62’1(5)]ds
0

represents individuals previously infected by strain 2 (the mutant),
weighted by the efficacy of cross-immunity against the resident strain.

Symmetrically, individuals enter the I, compartment under the fol-
lowing boundary condition

L(t.t=0) = A1) [S(r>+ / Ry (1, 9)[1 = & 5(5)Ids
0

+ / R, (t,s)[1 — éz’z(s)]ds]. 2)
0

Infected individuals clear the infection with a recovery rate, y; or
7, depending on the strain, and enter recovered compartments at time
s = 0 (i.e., newly recovered individuals), as formalised by the boundaries
conditions

Ri(t,s=0)= / 1,(t,7) y,(z)dr, 3)
0

Ry(t,s =0) = / I,(t,7) yp(v)dr. 4)
0
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These boundary conditions Egs. (1)—(4) are coupled with a dynami-
cal system for the departures of the different compartments:

B0 — N W =40 S@) = w0 SO,
<a1 g ,T) oI, ‘r)) o L) - p .
(alzéi ,T) aIZ(z r)) ) ) — L),
(aRa(: S) OR, (t s)) RO - ELy IR )
= @[ =& ()R (t,5)
- uR(@,9),
<% %) = -4 (Ol =&, (IR, (. )

=A@ [1 =& ()R, (1, 5)
- H R, ),

where u is the birth/death rate, N(¢) the population size, and A the over-
all force of infection. In particular,

N@) =S+ / [, 7) + L@, o)]dr + / [Ri(t.$) + Ry(1, 5)|ds
0 0
and

A0 =P, / h o DL dr, A = A0 + Ay(0),
0

where g, is the transmission rate for strain x and w,(-) is the generation
time for strain x.

2.1. Model parameterization

2.1.1. The resident strain

The resident strain’s key parameter values are chosen to reflect those
of Omicron BA.2. This is justified by the fact that this sub-variant was
the first to circulate in populations with high immunity (induced by
past infections, vaccination or both) and limited non-pharmaceutical
interventions. Based on estimates from empirical distributions ((UKHSA,
2022), see Appendix B and Fig. B.8), we assume a Gamma distribution
for the generation time,

®; ~ Gamma(shape = 1.67, scale = 1.94). 5)

We also assume a basic reproduction number (R, ;) of 4 for the resident
(cf. Appendix C). Importantly, we introduce an upper limit to the force of
infection to account for the fact that, in the majority of countries, health
policies were implemented to mitigate the propagation and avoid the
collapse of the healthcare system (more details in Appendix C). As shown
in Fig. 2(a), the resident strain infection-derived immunity against itself
(i.e. the immunity waning) is modelled with linear decreasing functions:

&1.1(s) > max {1 —s-ap X, € },
with «; ; = 0.001, X,; ~1[0.85,1.15], and ¢ € [0; 0.37],

where « ; is a coefficient chosen to qualitatively reproduce the immu-
nity waning reported in Stein et al. (2023), X, ; a random variable to
allow up to 15% variations around the baseline value to conduct later
the sensitivity analysis and ¢ represents the long-term residual immu-
nity efficacy, which is observed in longitudinal follow-ups (Stein et al.,
2023) (see Appendix B for details).

The resulting dynamic for the resident strain alone is shown in
Fig. 2(c).

2.1.2. The mutant strain

We explore three different basic reproduction numbers for the mu-
tant, with R, € {2,3,4}. We assume the mutant generation time fol-
lows a generation time that may differ from that of the resident and is
defined by

®, ~ Gamma(shape = 1.67 - G, scale = 1.94-G,), with
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G,,G, ~ U[0.75,1.25].

For parsimony reasons, we assume the same parametrization for the
mutant’s immunity waning than for the resident, namely:

&a(s) —max {1 —s-a,- Xa5, ¢ },
with a,, = 0.001, X,, ~ U'[0.85,1.15], and ¢ €[0; 0.37].
2.1.3. Cross-immunity and immune escape

One of the reasons why investigating the role of immune escape in
variant emergence is so delicate is that, in addition to capturing waning
immunity, it requires defining how this immunity reacts to the different
strains.

For simplicity, we assume cross-immunity to be the protection
against a strain conferred by the immunity developed after the infection
by another strain (the blue curve in Fig. B.9). Inmune escape can then
be defined as the difference between the level of immunity provided
by the strain that originated the last infection and the cross-immunity
provided against the other strain.

Regarding the parameterization of the level of protection conferred
by a mutant infection against the resident, we assume the same function
as for the natural waning:

&,.1(s) —> max {l -5y X510, € }
with ay; =0.001, X,; ~V'[0.85,1.15], and ¢ €[0; 0.37].

Finally, for cross-immunity derived from a resident infection, we
again assume the same general form of immunity efficacy decay:

fl,z(s) — max {1 =5 ayp- X1, € },
with X, , ~ 1°[0.85,1.15], and ¢ € [0; 0.37].

We explore three scenarios for the parameter «; , to account for immune
escape possibilities suggested by empirical data (Stein et al., 2023). We
name each scenario according to the level of immune escape subse-
quently implied: None («; , = 0.001), Moderate (&, = 0.003) and High
(@) , = 0.006). The different levels of protection conferred by immunity
are summarised in Fig. 2(b) and our assumptions are further detailed in
Appendix B.

2.1.4. Mutant introduction

The mutant is introduced after the resident’s first wave but before
the population reaches an endemic equilibrium. This assumption is im-
portant to understand the role of waning immunity and is consistent
with the fact that no SARS-CoV-2 variant has yet reached an equilib-
rium before being replaced by another variant.

We further assume that the mutant is introduced once the immunity
in the population is below the herd immunity threshold, given by 1 —
1 /Rg’. This threshold is purely theoretical (see Appendix C) and should
be considered as transient in a population with waning immunity. The
level of immunity in the host population against a mutant strain m at
time ¢ is

() 1=1-S8() —/ [1 =& ,()IR; (2, 5)ds,
0

and, by definition, the mutant cannot theoretically invade if it is intro-
duced when p,, (1) > 1 — 1/R,,. Practically, we first perform a run with
only the resident strain (Fig. 2(c)) to identify the time when p,, passes
below the herd immunity threshold (Fig. 2(d)). Mutants are then intro-
duced at that time by default.

There are many ways to define the evolutionary success of a strain,
often with respect to another. Here, we define mutant success as the
ability to produce the next epidemic wave.

2.2. Sensitivity analyses
To further delineate the relative importance of the studied parame-

ters, we perform global sensitivity analyses on the ones that drive the
phenotypic traits, namely the mutant generation time and the immunity
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for the two strains. To this end, we use Sobol indices that decompose
the output’s variance according to each input parameter (Saltelli et al.,
2008). More specifically, the Sobol index

5. _ VarE[Y|X))
X~ Var(Y)

5

corresponds to the variance of the output Y which is due solely to the
parameter X. In our case, Y is the mutant density and X can be any of
the input parameters related to the strains’ phenotypic traits. These in-
dices are computed at each time point and for each scenario. Additional
details are provided in Appendix B & Appendix D.

Given that the mutant introduction date is fixed in our default sce-
narios, we also test different timings for the mutant introduction with
respect to the resident’s dynamics.

3. Results
3.1. Temporal herd immunity

The nature of the environment experienced by a mutant is essen-
tial to predict its ability to invade. Before the mutant introduction in
the population, the level of immunity it faces depends on the level of
population immunisation status (against the resident) which vary over
time. In our model, the immunity waning (Fig. 2(a)) induces various
epidemic waves in the resident population dynamics (Fig. 2(c)) that
generates temporal variation in this environment through the level of
cross-immunity against a mutant (Fig. 2(d)). The intensity of the varia-
tions in the temporal immunity against the mutant (Fig. 2(d)) depends
on the level of cross-immunity assumed (Fig. 2(b)). This implies the
requirement for a mutant to invade are dependant of the introduction
date.

Theoretically, to invade, a mutant must face a host’s herd immunity
below some threshold at the time of invasion. If it has high immune
escape properties, the mutant may invade the population with an R, , of
2 during extended time windows (purple line in Fig. 2(d)). Conversely,
without immune escape, even with an R, of 4, the mutant can only
invade the population during very small time window (yellow line in
Fig. 2(d)).

Points in Fig. 2(d) indicate the timing of mutant introductions in the
default scenario for varying levels of cross-immunity with the resident.
As explained in the methods, we assume that the mutant is introduced
as soon as the (maximum) immunity it faces crosses the herd immunity
threshold.

3.2. Next epidemic wave

We study the ability of a mutant to produce the next epidemic wave,
which is our metric of evolutionary success, under three immune es-
cape scenarios (None, Moderate, High) and three mutant reproduction
numbers R, € {2,3,4}. As expected, mutants with a lower reproduc-
tion number that do not present any immune escape properties do not
produce any epidemic wave (Fig. 3(a) and (b)).

Conversely, if its reproduction number is high enough (R, = 4), the
mutant is always present, but it may not be dominant in the epidemic
wave if its immune escape is limited (Fig. 3(c)).

Finally, mutants with immune escape produce the next epidemic
wave, even with a low reproduction number (Fig. 3(g) and (h)).

In all the scenarios, the uncertainty is high among the replicates,
i.e. depending on the parameter combinations used (see Appendix B for
the origin of the variance and quantiles intervals construction). The sen-
sitivity analyses further show the variance is explained by different pa-
rameters depending on the scenario (see Appendix D).

Finally, note that in some cases, even though the mutant gener-
ates the second epidemic wave, the resident may produce later waves
(e.g. Fig. 3(d) and (g)).
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3.3. Impact of the timing of mutant introduction

Until now, we assumed that the introduction of the mutant occurred
as soon as the population immunity it would face waned below the herd
immunity threshold. We now introduce the mutant each day between
day 66 (the earliest introduction date previously considered) and day
350 (during the resident’s second wave in the absence of the mutant),
with the baseline parameters.

The timing of introduction strongly impacts the height of the mutant
density peak, as well as its date of occurrence (Fig. 4). A sub-optimal
date of introduction, whether it is too early or too late, leads to a lower
epidemic peak in all cases (Fig. 4, top panel). In some cases, at the time
of the mutant peak, the resident has a higher density, suggesting that
the mutant did not succeed although it did in the baseline scenario (e.g
when R, =2 with high immune escape).

The time for the mutant to reach its epidemic peak also depends on
its introduction date (Fig. 4, bottom panel). In particular, if the mutant
is introduced too late, there is an interference with the resident second
wave that strengthens the competition between strains. If the resident
second wave happens, the mutant may be delayed and produce its epi-
demic peak only after the resident’s second wave, leading to disconti-
nuities (high immune escape with R, = 2 or moderate immune escape
with R, = 3).

Note that these results cannot capture the initial mutant density de-
crease that can be observed when the mutant is introduced before the
immunity crosses the herd immunity threshold. This numerical phe-
nomenon is also responsible for the increase in the date of epidemic
wave when introductions occur before 100 days (it is especially visible
for low R ,). Additional details about deterministic modelling can be
found in Appendix C.

4. Discussion

The ability of a viral mutant to invade a population already exposed
to a resident strain depends on several life-history traits. Among these,
the immunological state of the population is particularly important but
has rarely been investigated because it raises methodological challenges
and requires specific biological data. Here, we use models and data
generated during the SARS-CoV-2 pandemic to determine how mutant
emergence timing and host immunity interact to shape invasion proba-
bilities.

We used numerical simulations to assess the ability of a mutant to
invade a population with realistic waning immunity. We considered mu-
tants with a variety of traits and different timing of their introduction to
determine how mutant traits and the timing of their introduction affect
their evolutionary success.

One of our first findings is that variable immunity in the SARS-CoV-2
case could be explained by the sole effect of immunity waning, which
induces recurrent epidemic waves (Fig. 2(c)) that would perpetually re-
shape the population immunisation level. This variable resident-derived
immunity provides different levels of immunity against potential new
mutants depending on the level of cross-immunity assumed (Fig. 2(d)).
Overall, an increase in reproduction number or a decrease in cross-
immunity level favours the mutant invasion fitness.

In our framework, the timing of the arrival of a mutant determines
the environment it faces, thereby impacting the evolutionary outcome
(Lion and Metz, 2018). The presented results could only be obtained
thanks to a non-Markovian formalism with a realistic modelling of the
immunity component. The use of PDEs to account for immunity wan-
ing dates back to the early days of infectious disease modeling (Kermack
et al., 1932), and continued over the following decades (White and Med-
ley, 1998) up to the present day (Reyné et al., 2022). A comparison be-
tween our model and a Markovian model is available in Appendix E).
However, the importance of the timing must be minimised in a real-
world setting where the immunisation status of the different popula-
tions has no reason to be synchronised, meaning the same mutant could
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be reintroduced at many dates in a given population. Nevertheless, this
work could provide a way of assessing the invasion of a mutant in a
given population depending on the population’s immunisation status
and the potential need to strengthen hypothetical non-pharmaceutical
interventions.

The choice of the fitness metric is always question-dependent but
needs to be clearly stated (Roff, 2008). Two classical metrics in evo-
lutionary epidemiology are the reproduction number and the epidemic
growth rate. In fact, when considering the canonical framework of evo-
lutionary invasion analysis, the resident reaches an endemic equilibrium
before the mutant is introduced, which guarantees an equivalence be-
tween a positive growth rate and reproduction above unity (Hurford
et al., 2010). However, we assumed a setting outside the equilibrium

regime, which imposed an arbitrary choice. We opted for the ability to
produce the next epidemic wave, which was motivated by the dynam-
ics of SARS-CoV-2 variants since Omicron BA.1 (Fig. A.6). It seemed
more appropriate than the instantaneous growth rate at the time of in-
troduction (there may not be a peak) or reproduction number (we work
out of equilibrium). Our criterion to assess evolutionary success remains
nonetheless debatable. It is not sufficient to determine a winner strain as
there are some patterns of co-circulation. For example, in some settings,
the mutant and the resident can produce an epidemic wave at the same
time (Fig. 3(f)). It occurred during the SARS-CoV-2 pandemic in some
countries, e.g with the shared epidemic wave between Omicron BA.5
and Omicron BQ.1 (Fig. A.6). Another issue is that in some other cases,
although the mutant produces the second epidemic wave, the resident
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causes the third one (Fig. 3(g)). Our success metric does not deal with
these two cases.

Comparisons with other SARS-CoV-2 evolutionary modelling stud-
ies can help to anticipate how some assumptions we made (or did not
make) could impact our results. For instance, Bushman et al. (2021)
found that a variant with higher transmissibility was more likely to in-
fect more people than a partial immune escape. It could be explained
by a differentiated level of immunity in their model, with a distinction
between infection-derived immunity and vaccination, the latter being
assumed to be perfect. We did not make this assumption in our model
because, since then, both vaccine and infection-derived immunity effi-
cacies have been shown to decline over time (Powell et al., 2022; Stein
et al., 2023).

On another note, Blanquart et al. (2022); Park et al. (2022); Ben-
hamou et al. (2023) assumed a perfect immunity for infected individu-
als, but these works focused on the Alpha VOC earlier in the pandemic
when there was less than 15% that had been infected (Hozé et al., 2021).
Three years later, this assumption is not realistic any more. Our results
are different and less focused on the differences in growth rates as the
immune escape completely changed the nature of the implicit ‘limited
resources assumption’.

Day et al. (2022) assumed a structured population between vacci-
nated and unvaccinated individuals. By doing so, they can differentiate
the ability of mutants to invade, given differences in uptake in the two
sub-populations and the level of vaccination in the population. They did
not consider any waning properties regarding immunity. In comparison,
our work neglects the differences between recovered and vaccinated in-
dividuals in favour of the age of immunity that presents empirically a
disparity between newly immunised individuals and the ones that de-
veloped immunity weeks ago (cf. Fig. B.10). More generally, our work
neglects any structure (besides age of immunity) in the population that
might allow a strain to subsist in sub-populations before establishing
itself in the overall population.

All the above-cited studies, ours included, make some additional
simplifications such as the lack of spatial structure, the homogeneity
in contact rates, or the lack of stochasticity that could happen in the
establishment of a strain (see also Appendix C). The consequence of al-
leviating these assumptions on mutant invasion has been investigated
in simpler contexts, i.e. without immune waning and at equilibrium,
which could be used as a basis to study their effect on these results in the
future.

All the works discussed so far considered only two strains, where
there were always many strains competing in reality. Some frameworks
allow for the whole diversity of strains to coexist. It is the case, for
instance, of work building on the Price equation that allows an arbitrary
number of strains to evolve in a population (Price, 1970). Some of these
models have focused in particular on variations in hosts (Gandon and
Day, 2009; Day et al., 2020). However, we do not believe it is adapted
in our case because it assumes traits to be defined by a parameter where
we considered functions for immunity.

Another future approach could be to focus on antigenic drift (Sasaki
et al., 2022; Haraguchi and Sasaki, 1997) and to define the pathogens
on an immunity continuum. A strain’s immune evasion properties are
determined by its antigenic distance from the particular strain that pre-
viously infected the hosts. This could explain the flu epidemics over the
years (Gog and Grenfell, 2002) and could be of interest in the case of
SARS-CoV-2.

In the line of Starr et al. (2022), improving evolutionary predictions
could benefit from estimating phenotypic changes caused by specific
mutations. It could allow us to assess the uptake of new mutants almost
instantaneously provided the current characteristics of the population,
such as the level of immunity in the population. Furthermore, assessing
the level of immunity of the population could be the first step through
robust surveillance system, because, as shown in this study, the adap-
tive landscape is evolving rapidly and yet important in the ability to
invade.
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Appendix A. Supplementary figures
Appendix B. Technical details
B.1. Parametrization

We detail here the parameters used to perform the results presented
in this study. We distinguished the parameters into two categories: the
ones with a direct interest in our topic that are allowed to vary to take
into account the variability in the results and some parameters that are
fixed in all simulations.

In the following, we try to list the different parameters in the same
order as they appear in the dynamical system.

B.1.1. Fixed parameters

The demography y is fixed to 1/(365 x 80) which corresponds to an
average lifetime of 80 years for an individual. Notice that given the
duration of the runs (700 days), it has very little impact on the dynamics.
The population size N (¢) is fixed to one, for all 7 € [0;700].

The recovery rates y,(-) and y,(-) are the same from a previous study
of ours, which already applied to SARS-CoV-2 (Reyné et al., 2022). The
median infection duration is ~7.4 days and all individuals recover in a
maximum ~26 days.

The resident generation time «; follows a Gamma(shape =
1.67, scale = 1.94). It reproduces roughly the empirical serial interval
provided by UKHSA (2022) shown on Fig. B.8. Note our formalism could
have benefited from the empirical generation time without using a regu-
lar distribution function. We choose a parametrical distribution to allow
the mutant generation time to be close to the resident’s, with on top the
possibility to vary.
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B.1.2. Immunity

The immunity in our model is considered leaky, which seems appro-
priate for SARS-CoV-2 (Lind et al., 2023). That implies that recovered
individuals will benefit from a decrease in susceptibility compared to
susceptible individuals; they may however be infected again.

We consider two levels of protection for an individual: the immu-
nity provided by the strain which infected the individual and a cross-
immunity for the other strain. The infection-derived immunity is higher
than the cross-immunity, as schematized on Fig. B.9.

We assumed a linear decay for the immunity efficacy to remain sim-
ple:

E(s) — max{l —s-a,{},

where s is the time since clearance, « the decay slope and ¢ a resid-
ual immunity. However, we used values for our decay that are close to
values reported by Stein et al. (2023), as illustrated by Fig. B.10.

B.1.3. Varying parameters and confidence intervals
We list here the different parameters that vary in our simulations.
We have:

w, ~ Gamma(shape = 1.67 - x,scale = 1.94 - x,),
with x;, x, ~ U[0.75,1.25],

&) — max{l —s-a; ;- x3, ¢},

Ei2() — max{l —s- a5 x4, {},

&) — max{l—s-ay; x5, {},

&ro(s) — max{l —s-ay, - x4, ('},

with x3,x,, x5, X ~ U'[0.85, 1.15] and ¢ ~ 17[0,0.37],

and ) = ay| = ay, = 0.001. The coefficient «;, depends on the sce-
nario chosen: 0.001 (Immune escape: None), 0.003 (Moderate), 0.006
(High).

The parameters x,, x,, X3, x4, X5, X4, { are sampled with a Latin Hy-
percube Sample of size n = 900. (We draw n.sim = 100 unique values
for each one of the 7 parameters, and the total number of runs is given
by n =n.sim X (nb.params + 2).) Note the selected ranges are arbitrary,
and chosen according to what we believe could be a good compromise
between not having too much variance (which would be uninformative)
and high enough variability to assess the impact of each parameter on
the output through the sensitivity analyses.

We then perform 900 runs for each pair of scenarios (None, Mod-
erate, High) and mutant reproduction number (2, 3, 4), hence we per-
formed 9 batches of 900 runs. Confidence intervals are the 2.5% and
97.5% quantiles from the 900 runs, and the median run is the 50 %
quantile. The same 900 runs will be reused to compute the global sen-
sitivity analyses (which are Sobol indices performed at each time step,
see below).

B.2. Numerical implementation

The code is available on the git repository https://gitlab.com/reyb/
sc2_invasion_analysis.

The model is implemented in R v4.3.2 (Team, 2023). We used the
following R packages:

¢ here for file managing/reproducibility (Miiller, 2020),

¢ data.table for managing data (Barrett et al., 2025),

¢ Rcpp for implementing the dynamical system (Eddelbuettel and Bal-
amuta, 2018),

ggplot2 and cowplot for graphics (Wickham, 2016; Wilke, 2024),
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o |hs for generating the latin hypercube sample (Carnell, 2022),

e multisensi and sensitivity for performing the sensitivity analyses
(Lamboni et al., 2011; Iooss et al., 2024),

o fitdistrplus for fitting the generation time on UKHSA data
(Delignette-Muller and Dutang, 2015).

Appendix C. Model limitations and assumptions criticisms

Beyond the classical limitations/assumptions that come with com-
partmental models (homogeneity in contact, no spatial structure, no het-
erogeneity in immunity profile), we list hereafter the main caveats we
think are related to this study.

C.1. Reproduction number

We mention throughout this study the basic reproduction number,
Ry, for both the resident (R, ;) and the mutant (R, ,). Note this does
not make much sense since the R, is defined in a completely suscep-
tible population. Many epidemic waves later in many countries, popu-
lations around the world developed at least a partial immunity against
SARS-CoV-2. The notion of R is no more than a convenient way to
parametrize the model and define “simply“ a phenotypic trait quantify-
ing an “intrinsic transmissibility“, even if it interplays with others such
as the immunity waning baseline. We assumed an R, := 4 for the res-
ident strain and R, € {2,3,4} for the mutant. It simply means if the
strains were hypothetically introduced in a completely susceptible pop-
ulation, they would have the defined basic reproduction numbers.

Note also that R, :=4 is an assumption since there are no esti-
mates for the Omicron BA.2 reproduction number in the literature for
the reasons listed hereinabove. This value is then arbitrary. However, it
remains informative relative to the mutant reproduction number (that
could hence have an advantage or disadvantage in its “intrinsic trans-
missibility*).

10

C.2. Force of infection

As mentioned in the main text, we limit the force of infection to 0.04
in our model. The true formula of the force of infection for the strain x
implemented is

}’;rue(t) = min{},x(l), 004}

It is done to be realistic, reflecting the non-pharmaceutical implementa-
tions that would occur if too many individuals were infected altogether.
It then prevents everyone from being infected at the same time and
smoothing the age of clearance after the first epidemic wave. However,
the selected value is arbitrary and reflects a force of infection that was
never topped during the first epidemic wave according to one of our
previous SARS-CoV-2 transmission models (in Reyné et al. (2022) to
be precise, even if the force of infections were never published). In this
study, it results that there are always less than 25 % individuals infected
at the same time (cf. Fig. 2(c)). We show on Fig. C.11 what would have
been the baseline resident’s dynamic (without the mutant) if our upper
limit (0.04) was decreased or increased up to 20 %. It does not appear
to be determinant in the overall dynamic shape. Ideally, this parameter
would have been included in the sensitivity analysis, but it would have
increased the number of simulations. We believe it would not change
qualitatively the results nor their interpretation.

C.3. Herd immunity threshold and mutant introduction

In our simulations, we introduced the mutant strains as soon as the
herd immunity against the mutant passes below (if it happens) the cor-
responding threshold. We state it wouldn’t be possible for a strain to
invade if it were introduced when above the said threshold. However,
it is not what happen in a deterministic model. When introduced above
the threshold, the mutant strain density decreases until the herd immu-
nity against the mutant diminishes below the threshold. In particular,
the mutant instantaneous growth rate remains below 0 and the mutant
temporal reproduction number remains below 1 as long as the immu-
nity against the mutant is above the herd immunity threshold (see an
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Fig. C.11. Impact of the force of infection upper limit on the resident’s dynamic. The bold line represent the baseline parameter (0.04). Thin lines represent

decrease or increase of respectively -20 %, -10 %, +10% & + 20 %.

Mutant metrics

600

0 200 400
Time (in days)
Metric — Temporal reproduction number — Instataneous growth rate — Immunity

Fig. C.12. Illustration of different metrics taken from a run where the mutant is introduced when the immunity is above the herd immunity threshold. The
red line shows the immunity against the mutant, and the shaded areas show when this immunity is above the herd immunity threshold. The mutant is introduced at
time 66 (black line). The instantaneous growth rate (in blue) remains below 0 and the temporal reproduction number (in green) remains below 1 while the immunity
is above the threshold, meaning the strain is decreasing as expected. However, due to the deterministic nature of the model the strain never goes extinct.

example on Fig. C.12). There are then some cases where it happens, and
the mutant still provokes an epidemic wave as shown on Fig. 4. It can
be explained by the fact any strain goes extinct in our model and there
is an epidemic reprisal as soon as the immunity against the mutant cross
the herd immunity threshold.

Appendix D. Sensitivity analyses

We performed global sensitivity analyses for each scenario. We com-
pute Sobol indices for each time point of our dynamics, thus decompos-

11

ing the variance output according to the input parameters (see the Ap-
pendix of Reyné et al. (2022) or the vignette of the multisensi package
for more details). The Sobol indice for the input parameter X is given
by

S = Var(E[Y | X])
X7 T var(Y)

’

where E[Y| X] is the conditional expectation of Y with respect to X. We
recommend interested readers to read Saltelli et al. (2008) for further
explanations.
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Fig. D.13. Sensitivity analyses for the different scenarios shown on Fig. 3.
There was not enough variance to compute Sobol indices in the first two scenarios. The total curve represents the total variance at the given time
and the colors represent the fraction of variance explained by each variable. Note the x-axes differ from one panel to another since the Sobol indices

were computed only where there was variance.

We present the results on Fig. D.13. There is a diversity of patterns
in the variables creating more variance given the different scenarios.
It does not allow a global interpretation. We may still interpret some
scenarios if taken on their own. For instance, Scenario A with R, = 4,
clearly indicates that the immunity of both strains against the resident
drives the variance (and probably the evolutionary success). It can be
explained by the fact that the two strains have the same mean parametri-
sation in this scenario, and deviating from the mean immunity base-
line might confer an advantage or a disadvantage against the other

Appendix E. Comparison between Markovian and non-Markovian
models

We aim in this section to highlight the usefulness of non-Markovian
formalism (PDEs in our case) compared to a simple ODEs-based Marko-
vian model.

We consider the following ODE model

strain. % = — A1) SU) — uS@) + uN(@),
020 i
015
=l Model
g ODE
o _
= 0101 PDE
0,051 P
0004 4 e -
0 200 400 600

Time

Fig. E.14. Illustration of non-Markovian (PDE) and Markovian (ODE) models.

12
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dr

T A0 S® + A [1 - &1 RO —yI(@) — pul(@),
dR

o~ V1O = A0 1= ¢l RO - uR@),

where 4 is the force of infection, N(r) the total population, u the
birth/death rate, ¢ the reduction of susceptibility conferred by an im-
munity, y the recovery rate.

Regarding the parametrisation, we tried to choose parameters close
to the ones selected in the PDE model :

A() = min{0.04, pID)},

Ry =4,

u=1/(365x80),

E=08,

y=1/7.

The Fig. E.14 shows the resident dynamics (without mutant) for
both the non-Markovian (with the default parameters) and Markovian
models. Particularly, the Markovian model shows only one epidemic
wave whereas the non-Markovian shows three epidemic waves. This
difference is mainly due to the way immunity is modelled in the non-
Markovian model (leaky immunity with a temporal decay) compared
with the Markovian model (leaky, but a constant efficacy). Other dif-
ferences play a role in these two simulations: a constant recovery rate
in the Markovian model or a deSolve implementation against Euler
scheme handcrafted-implementation.

Please note that an ODE-based model could be non-Markovian pro-
vided chaining compartments (e.g various infected compartments be-
fore getting recovered) and a good choice for the parameters associated
with each compartment.
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