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As SARS-CoV-2 has transitioned from a novel pandemic-causing pathogen
into an established seasonal respiratory virus, focus has shifted to post-
acute sequelae of COVID-19 (PASC, colloquially ‘long COVID’). We
use compartmental mathematical models simulating emergence of new
variants to help identify key sources of uncertainty in PASC trajectories.
Some parameters (such as the duration and equilibrium prevalence of
infection, as well as the fraction of infections that develop PASC) matter
more than others (such as the duration of immunity and secondary vaccine
efficacy against PASC). Even if newer variants carry the same risk of PASC
as older types, the dynamics of selection can give rise to greater PASC
prevalence. However, identifying plausible PASC prevalence trajectories
requires accurate knowledge of the transmission potential of COVID-19
variants in the endemic phase. Precise estimates for secondary vaccine
efficacy and duration of immunity will not greatly improve forecasts for
PASC prevalence. Researchers involved with Living Evidence Synthesis,
or other similar initiatives focused on PASC, are well advised to ascertain
primary efficacy against infection, duration of infection and prevalence of
active infection in order to facilitate predictions.

1. Introduction
Post-acute sequelae of COVID-19 (PASC), colloquially long COVID, comprise
a wide array of syndromes characterized by systemic inflammation [1]. There
are many different hypotheses for the underlying cause of PASC (including
the existence of a persistent viral reservoir), but most are consistent with some
amount of autoimmunity [2–4]. Some aspects of the condition are becoming
more clear: women appear to be at greater risk of PASC than men [5], and
immune imprinting from the seasonal coronavirus OC43 may contribute to
a dysfunctional immune response against SARS-CoV-2 with autoimmunity
the end result [6]. Chronic inflammation in the gut appears to interfere with
absorption of tryptophan (a precursor of serotonin), resulting in fatigue and
neurologic disorders [7]. Ongoing clinical trials aim to assess the potential for
immunologic treatments [2]. In the meantime, PASC may be responsible for
contributing nearly 80 disability-adjusted life years per 1000 unhospitalized
individuals with COVID-19 infection (greater than 600 disability-adjusted
life years (DALYs) for hospitalized cases) [8]. Its future impact on human
populations is unclear [9].

Compounding the uncertainty surrounding PASC aetiology is the fact
that evolution of new variants will continue [10]. Historically, new scien-
tific findings have translated into practice via the systematic review, which
synthesizes and consolidates information from a (sometimes quite large)
primary scientific literature into a single document accessible to practitioners
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in fields such as medicine and public health [11]. However, systematic reviews are time-consuming to produce, and conse-
quently may be too infrequent to be useful [12]. Living Evidence Synthesis (LES) is an alternative process that creates more
regular but less comprehensive reports (typically not published in journals, and maintained online) to help ensure that the
practice of medicine and public health is in line with current science [12,13]. During the COVID-19 pandemic, LES played
a prominent role in developing guidelines and recommendations on a variety of topics, such as mask use and vaccine
effectiveness, and was important in the face of variant evolution [13,14]. Despite some duplication of efforts by different
groups of researchers, LES were useful for consolidating information from the massive primary literature [14]. Some LES
programs continue to assess characteristics of COVID-19, like the likelihood of adverse outcomes of vaccination [15], and
vaccine effectiveness against newer variants [16,17]. Without clear treatments useful for PASC, vaccination remains one of the
surest ways to control its prevalence. Thus, understanding how vaccines protect against PASC seems essential.

Vaccination protects against PASC by preventing infection in the first place (primary efficacy), and possibly also by reducing
the risk of PASC in breakthrough infections (secondary efficacy) [16]. Randomized control trials (RCT) can measure both
quantities, but are expensive and time-consuming, so most estimates come from observational data [16]. One method to
accomplish this (adapted from studies of influenza vaccine effectiveness) is the test-negative design (TND), a special type of
case–control study [18,19]. Although the TND is particularly well suited for estimating influenza vaccine efficacy [19], the TND
has also been used for COVID-19 to varying degrees of success [20]. For example, in assessing secondary vaccine effectiveness
against PASC, most estimates come from observational studies relying on serological data to indicate prior infection status [16].
However, as we proceed further into the endemic phase of COVID-19, these types of studies may also become increasingly
difficult to implement because reduced testing will limit our ability to characterize prior infection status. It should still be
possible to estimate a ‘total vaccine efficacy’ confounding the primary and secondary mechanisms, but the utility of such an
estimate is questionable.

Predicting future PASC prevalence in the face of continued variant emergence presents several challenges. Under the
hypothesis that new variants elicit PASC with the same probability as older ones, selection for more transmissible variants could
increase the incidence of infection, and therefore the number of opportunities to develop PASC. However, selection for new
variants probably will alter levels of immunity in the population, possibly so that a greater number of exposures are offset by
more individuals with protection. Also, uncertainty in the transmission potential of resident types (that is, in the duration of
infection, the reproduction number and/or the prevalence of infection by resident types) means that a range of outcomes might
be consistent with a new variant’s estimated selection coefficient. Whereas primary efficacy helps characterize the transmission
potential of resident types, secondary efficacy against PASC in breakthrough infections informs the baseline probability of
PASC. Are these quantities equally important as far as trajectories for PASC are concerned? What other aspects of the disease
are important to know?

To address these questions, we use mathematical models to identify the most important sources of uncertainty that affect
forecasts of future PASC prevalence. Specifically, we assess the relative importance of primary effectiveness against infection
and secondary effectiveness against PASC conditional on infection, and whether an estimate for total vaccine effectiveness
against PASC that combines the two mechanisms can be useful for constraining the range of future prevalence. We also assess
how uncertainty in characteristics of COVID-19 infection—such as the duration of infection, the duration of immunity, the
prevalence of active infection and the baseline probability of developing PASC—affects forecasts. By identifying the most
important sources of variability, we identify those aspects of the disease that shape the trajectory of PASC. We do so in the
hope of empowering future LES efforts. Faced with a wide array of uncertain characteristics of COVID-19, it can be difficult
to identify the most critical aspects of the disease. Our aim here is to identify the ones that are most important to know if
predicting PASC prevalence is the goal.

2. Methods
We study a simple mathematical model for PASC prevalence incorporating (i) primary efficacy against reinfection, (ii) secon-
dary efficacy against PASC, (iii) PASC duration, (iv) infection duration, (v) underlying prevalence of active infection, and
(vi) the emergence and selection of new variants. We will use the model to understand which of these factors affect PASC
prevalence the most (and should therefore be measured) as new variants emerge. A central focus is exploring how nonlinear
effects from primary efficacy of vaccination interact with other characteristics of the disease to limit PASC prevalence. All
simulations of the model are carried out using the deSolve package in R version 4.4.0 [21,22].

2.1. Transmission dynamics model
The transmission model incorporates information about primary efficacy against infection, duration of infection, duration of
immunity, the transmission rate and the vaccination rate, to calculate the prevalence of active infection. We first describe how
transmission dynamics operate without accounting for new variants or PASC, and then modify the model to incorporate PASC.

We ignore vital dynamics because we are interested in studying PASC changes over relatively short spans of time (1−2 years).
The population is divided into three parts, consisting of the fraction infected and transmitting to others (I), the fraction with
lapsed immunity who are susceptible to infection (S) and the fraction with protective immunity (P). Primary efficacy (η) is
the relative reduction in the force of infection experienced by people with protective immunity. Because antibody titres wane
over time [23], we assume individuals have temporary immunity (with mean duration δ−1) before lapsing back to susceptible.
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We assume that all infections transmit equally (at rate β), and last for the same average amount of time (γ−1), regardless of
immunologic status, although there is some evidence to suggest that breakthrough infections in vaccinated people could be
less infectious [24]. The equations for the baseline susceptible-infected-protected (SIP) model on which PASC dynamics will be
superimposed are

(2.1)dSdt = − βSI + δP − αS,

(2.2)dIdt = (βS + β(1 − η)P)I − γI,
(2.3)dPdt = γI − β(1 − η)PI − δP + αS .

The basic structure of this model does not change if there is a difference in efficacy (or duration) between immunity from
vaccines and infection (appendix A.1), nor if there is a heterogeneous subpopulation at higher risk of infection (appendix A.2).
The basic reproduction number is

(2.4)R0 = βγ ,

and the real-time reproduction number is

(2.5)Rt = β S + (1 − η)Pγ .

We model vaccination of susceptibles at a constant rate (α), and assume that immunity derived from vaccines is identical to
infection-derived immunity because doing otherwise only alters the model slightly. While vaccine-derived immunity is known
to differ from infection-derived immunity in terms of antibody specificity and binding affinity for particular proteins, they both
confer qualitatively similar types of protection against the same variants, with infection-derived immunity having somewhat
higher efficacy [25]. Immunity is ‘leaky’ in the model, meaning that individuals with immunologic protection can experience
breakthrough infections, but with a lower probability dictated by the primary efficacy, η. Additionally, breakthrough infections
in individuals with immunologic protection may have lower probability of developing PASC compared with infections in
susceptible individuals dictated by the secondary efficacy, ϵ (appearing in the next subsection, but not present in equations
(2.1)–(2.3)).

2.2. Post-acute sequelae of COVID-19 dynamics model
Superimposing PASC dynamics onto the transmission dynamics model requires keeping track of who acquires PASC and
how long it persists. We denote the fraction of the population with PASC by the variable u, and the probability susceptible
individuals develop PASC symptoms after infection by ϕ. Secondary efficacy (ϵ) is the relative reduction in the rate of PASC
acquisition experienced by individuals with protective immunity experiencing a breakthrough infection. We assume that
breakthrough infections in vaccinated individuals result in PASC with reduced probability (1 − ϵ)ϕ, where ϵ is the secondary
efficacy (0 < ϵ < 1), but that vaccination has no therapeutic effect once PASC manifests [1,2,4].

The total protective efficacy of immunity against PASC accounts for primary efficacy (η) and secondary efficacy (ϵ) according
to

(2.6)VET = 1 − (1 − ϵ)(1 − η).

Individuals with immunologic protection, P, experience two layers of protection from PASC: by being protected against
infection in the first place (primary efficacy, η), and by being less likely to develop PASC if they experience a breakthrough
infection (secondary efficacy, ϵ). The average duration of PASC is denoted by ρ−1.

While reinfections may increase the risk of PASC [2], it is unclear whether PASC affects susceptibility to reinfection, or viral
titres in reinfections. In the absence of this knowledge, we adopt two natural baseline hypotheses: (i) PASC does not affect
susceptibility to reinfection, and (ii) PASC does not affect transmission of SARS-CoV-2.

Under these hypotheses, (1 − u)S is the probability that an individual is susceptible and does not have PASC, and (1 − u)P is
the probability that an individual has immunologic protection and does not have PASC. If we assume PASC manifests upon
infection or shortly thereafter, and that it resolves at rate ρ, then the rate of change in PASC prevalence in the population is
described by the differential equation

(2.7)dudt = βϕ (1 − u)S + (1 − VET)(1 − u)P I − ρu.

The diagram in figure 1 shows how these assumptions serve to link transmission dynamics with PASC prevalence.
If the dynamics of infection equilibrate, then the steady state PASC prevalence will be

(2.8)u∗ = ρ−1βϕ S∗ + (1 − ϵ)(1 − η)P∗ I∗ρ−1βϕ S∗ + (1 − ϵ)(1 − η)P∗ I∗ + 1
.
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This formula also holds for non-exponetial PASC duration. In appendix A.3, we show that if PASC onset occurs with a
distributed delay after infection, and exhibits non-exponential duration, the steady-state PASC prevalence depends on the
average duration of PASC (equal to ρ−1 under the assumptions we have adopted here), but not on any higher order moments.

2.3. Model calibration
In our model, eight parameters control PASC prevalence (table 1). Some of them can be measured or estimated from data, but
others cannot. Information that constrains parameter values includes the fraction of cases that develop PASC (F ), the prevalence
of active infections (I*), as well as some epidemiological characteristics such as the duration of infection (γ−1). There is also
information about vaccine efficacy against PASC, but sometimes this information pertains only to secondary efficacy (ϵ), or to
total efficacy (VET) against PASC, which combines primary and secondary efficacy. We envision that total efficacy will remain
relatively easy to estimate in coming years, whereas primary (η) or secondary (ϵ) efficacy may become more difficult to estimate
as testing declines. Collectively, these pieces of information place constraints on the model parameters, but do not determine
them all.

The duration of viral shedding is of the order of 0.5−2 weeks, so in our baseline parametrization we consider the infectious
period to be an average of γ−1 = 1 week [26–28]. The comprehensive surveillance system in the UK estimates the prevalence
of active infection in that country to be 1−4% of the population, with the higher prevalence in winter [32]. A prevalence near
2% and duration of infection of the order of one week means that individuals experience one infection per year, on average.
The average duration of immunity probably is not much longer than a year if individuals experience one infection per year
(indeed, immune protection appears noticeably diminished by six months [29,30]); we consider a mean duration of immunity ofδ−1 = 1 year in our baseline parametrization (so that roughly 40% of individuals lapse to susceptible after six months). However,
the primary efficacy of immunity against reinfection, η, is less well characterized for new variants than it was during the
pandemic when vaccines were first introduced, and that in turn makes it difficult to determine the basic reproductive number,ℛ0 (equation (2.4)), describing transmission in a completely susceptible population (distinct from the real-time reproductive
number describing transmission in the actual population characterized by high levels of pre-existing immunity, equation (2.5)).
If ℛ0 and η are considered uncertain, then a given prevalence of active infection can be attained through either (i) low primary
efficacy and low transmissibility, or (ii) high primary efficacy and high transmissibility. That is, different combinations of the
basic reproductive number, ℛ0, and the primary efficacy against infection, η, can be consistent with a prevalence of active
infection of I* = 0.02. In appendix A.4, we explain how to obtain ℛ0 in terms of η, the other known parameters, and the
prevalence of active infection. We consider a scenario where susceptible individuals in the population receive a booster vaccine
at a constant rate of α = 1 vaccine per year, on average, in line with vaccination trends seen in paediatric settings [31]. In doing
so, we are assuming that infection prevalence would be higher in the absence of vaccination.

In considering the value of information pertaining to vaccine efficacy, we examine model scenarios where only primary
efficacy is known, only secondary efficacy is known, or the combined total vaccine efficacy against PASC is known (but

Infection of Susceptible Breakthrough infection, reduced by primary efficacy

Breakthrough infection resulting in PASC, reduced by primary and secondary efficacyInfection resulting in PASC

Vaccination Recovery from PASC Recovery from infection

Susceptible Susceptible

Immunity loss

Infected by
Variant

Infected by
Resident

Infected by
Variant

Infected by
Resident

No long COVID

Protected Protected

long COVID

Figure 1. A compartmental model linking PASC to transmission dynamics. A fraction of the population, u, resides in the PASC state represented by the big grey circle.
They recover from PASC independent of their infection state. The rest of the population (fraction 1 − u) residing in the state without PASC can acquire it with baseline
per-infection probability ϕ if they become infected from the susceptible state, or lower probability (1 − VET)ϕ if they become infected from the protected state. If the
transmission dynamics are independent of PASC status, then it is easy to generalize the model to account for delayed onset of PASC some time after acute infection
resolves, as well as non-exponential duration of symptoms.
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primary and secondary efficacy are not known separately). We examine the range of PASC prevalences produced under these
constraints.

PASC prevalence is difficult to observe directly, but information is available about the fraction of infections that develop
PASC: the incidence of PASC as estimated from the US Department of Veterans Affairs (VA) national healthcare database
is 81−110 cases per 1000 individuals two years after confirmed infection [8]. In our model, the ratio of PASC incidence and
infection incidence is given by

(2.9)F = ϕβSI + ϕ(1 − ϵ)β(1 − η)PIβ(S + (1 − η)P)I ,

(2.10)= ϕ(S + (1 − ϵ)(1 − η)P)S + (1 − η)P .

This ratio is a time-dependent quantity in general, but we use equilibrium values to equate it to values similar to the VA data.
If ϵ = 0, meaning there is no secondary efficacy against PASC, then F = ϕ, the baseline probability of developing PASC without
protective immunity. In simulating PASC prevalence based on particular values of all of the parameters described up to now (in
particular, for given values of η and ϵ consistent with a given VET, as well as the equilibrium infection prevalence, I*), we choose
a value of ϕ consistent with a given fraction of infections developing PASC, F  (see appendix A.5).

2.4. Emergence of variants
To consider the effect of new variants on PASC prevalence, we augment the basic transmission model to include a new variant
emerging to compete with the current one (see appendices A.6 and A.7). We consider variants that compete with the resident
for hosts through enhanced transmission (appendix A.6) as well as immune escape (appendix A.7). In either case, we adopt
a hypothesis that the new variant has equal propensity to cause PASC as the resident, so that differences in PASC prevalence
stem from changes to immunity and incidence of infection occurring due to selection of newer variants in nonlinear fashion. By
contrast, variant-specific changes in PASC risk will change prevalence linearly.

Table 1. Model notation.

fixed parameters

parameter description baseline valueγ−1 mean duration of infection 1 week [26–28]δ−1 mean duration of immunity 1 year [29,30]α vaccination rate of susceptibles 1 vaccine per year [31]ρ−1 mean duration of PASC 1 year [2]η primary efficacy against reinfection 0−1ϵ secondary efficacy against PASC 0−1

calibration targets

quantity description baseline valueI* prevalence of infection before variant emergence 0.02 [32]

F fraction of infections developing PASC 0.02 (but may be as high as 0.081−0.110 [8])

parameters determined by calibration targets and fixed parameters

parameter description baseline valueβ transmission rate calibrated to I∗and fixed parameters

ϕ baseline probability susceptibles develop PASC after infection calibrated to I∗, F  and fixed parameters

state variables

variable description possible valuesS proportion susceptible 0−1I infection prevalence 0−1P proportion protected by immunity 0−1u PASC prevalence 0−1
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In the case of a variant with enhanced transmission, the transmission rate increases over time according to β(t) = β(1 + s0p(t)),
where β is the transmission rate before the variant appears, s0 is the selection coefficient of the variant measured when it is
rare, and p(t), the solution to the logistic differential equation, equation A 41, is the frequency of the variant at time t (see
appendix A.6 [33]). We treat the case of immune escape similarly, but alter the transmission model to describe an all-or-nothing
immunologic mechanism to study temporary disruptions to PASC prevalence in situations when the equilibrium prevalence of
active infection remains unchanged (appendix A.7).

3. Results
3.1. Steady state
We set the average duration of infection in our model to γ−1 = 1 week, the equilibrium prevalence of infection to I* = 0.02, and
the fraction of infections developing PASC to F = 0.1. If PASC symptoms last for ρ−1 = 1 year, then the prevalence of PASC isu* ≈ 0.094; a duration of ρ−1 = 2 years on average nearly doubles the prevalence to u* ≈ 0.172. In generating trajectories for PASC
prevalence in the subsection that follows, we show that pronounced variability in outcomes for PASC prevalence is possible
even under optimistic scenarios (where the fraction of infections that develop PASC is F = 0.05 or = 0.02).

In our model, knowledge of total efficacy against PASC (VET) without certainty in primary (η) or secondary efficacy (ϵ)
translates into uncertainty in the transmission potential of the virus (figure 2). We assume the prevalence of infection before
variant emergence is 2%, and find values of the reproduction number ℛ0 that accommodate this calibration target for various
values of primary efficacy, η (see table 1). This prevalence of active infection can be attained through a high primary efficacy
(η) that limits the transmission of a highly transmissible virus (ℛ0), or a virus with low transmission potential and low primary
efficacy (figure 2a). Likewise, knowledge of VET introduces a trade-off between primary efficacy (η) and the baseline probability
of developing PASC (ϕ) (figure 2b). As primary efficacy (η) increases, the proportion of the population susceptible to infection
decreases (figure 2c), but new infections become increasingly concentrated in susceptible individuals (S/(S + (1 − η)P)) (figure
2c,d). A longer duration of infection (γ−1) means that the prevalence of infection must be explained by a correspondingly lower
reproduction number (ℛ0), translating to higher levels of susceptibility in the population (compare the red and blue curves in
figure 2).

3.2. Primary versus secondary vaccine efficacy
We consider an optimistic scenario, where a variant with a higher transmission rate (Δβ > 0) has a relatively small selective
advantage (s = 0.1), and only a small fraction of infections (F = 0.02) develop PASC (figure 3). If the total efficacy against PASC
is known to be VET = 0.55 but primary (η) and secondary (ϵ) efficacy are not known with certainty (equation (2.6)), a wide
range of outcomes is attributed to the different combinations of primary and secondary efficacy consistent with the value of VET

(figure 3a). At one extreme, if all of the total efficacy against PASC stems from primary efficacy against infection (ϵ = 0, η = 0.55),
PASC prevalence rises to approximately 4% once the variant has replaced the older type, but alternatively if primary efficacy is
0% and all of the protective benefit stems from secondary efficacy against PASC, then the prevalence is expected to rise to just
over 8% once the variant has fixed in the population. The per cent change in PASC prevalence responds linearly to η/VET.

If secondary efficacy against PASC is known but primary efficacy is not (ϵ = 0.55, figure 3b), then the range of possible PASC
prevalences is even larger, and without ruling out high primary efficacy (η), PASC prevalence could plausibly remain similar
to pre-variant levels because immunity might limit transmission of the new variant. Alternatively, if primary efficacy against
infection is known (η = 0.55), but without any information placing constraints on total efficacy (VET) or secondary efficacy (ϵ),
PASC prevalence is always limited to a relatively narrow range of 50−100% above the pre-variant baseline (figure 3c). Increases
in primary efficacy (η) limit transmission to a greater degree, bringing PASC projections associated with low or high secondary
efficacy (ϵ = 0 or ϵ = 1) even closer together (not shown). If vaccine-derived immunity has lower efficacy and shorter duration
than infection-derived immunity, the results do not substantially change (appendix A.8, figure 9). Likewise, the presence of
subpopulations with elevated risk of infection does not greatly alter the prevalence trajectories for the overall population
(appendix A.9, figure 10).

3.3. Duration of infection
The mean duration of infection is also important for dictating PASC prevalence (figure 4). Our calibration targets impose a
fixed prevalence of active infections (2% of the population), as well as the proportion of new infections that develop PASC,
but not the prevalence of PASC (table 1). PASC prevalence rises with the number of infections people experience each year
(equation (A 30)). Halving the duration of infection from 1 week while holding infection prevalence fixed at I* = 0.02 means
people experience twice as many infections per year, and therefore have twice the probability of developing PASC each year,
so the PASC prevalence is higher before and after variant emergence (figure 4). Alternatively, a longer duration of infection of 2
weeks implies people experience one infection every 2 years, so the PASC prevalence is lower. While uncertainty in the duration
of infection greatly affects uncertainty in projected PASC prevalence, uncertainty in the duration of immunity (assumed to beδ−1 = 1 year in the baseline parametrization) does not because it has less impact on the number of infections people experience
each year (at least for the moderate values of primary efficacy (0 < η < 0.55) we consider, not shown).
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3.4. Prevalence of infection
The range of PASC prevalence consistent with VET = 0.55 after variant fixation (not long after week 200 in figure 3a) depends
on the underlying prevalence of active infection before the variant emergence (figure 5). At lower prevalence of active infection,
the range of outcomes based on different combinations of primary (η) and secondary (ϵ) efficacy consistent with VET = 0.55 is
wide, but narrows as infections (and PASC) become more common (figure 5). The calibration targets impose this relationship:
because we select the reproduction number (ℛ0) to accommodate primary efficacy (η) in a particular scenario (along with
the other parameters of the disease; see table 1), a larger prevalence (I*) before variant emergence must be explained by a
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immunity concentrating infections within susceptible individuals (S/(S + (1 − η)P) versus η (d)). Other parameters: vaccination rate of susceptibles, α = 1 vaccine
per year; mean duration of infection, γ−1 = 1 week; mean duration of immunity, δ−1 = 1 year; fraction of infections developing PASC, F = 0.05.
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Figure 3. Uncertainty in projected PASC prevalence after variant emergence depends on how estimated total vaccine efficacy (VET) is partitioned between primary (η)
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corresponds to higher primary efficacy (η). The variant has selection coefficient s = 0.1, attained through an increase in the transmission rate, β. The proportion
of the population with active infections initially is I* = 0.02, and the transmission rate β is initially chosen to accommodate I*, η and the other epidemiological
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larger reproduction number (ℛ0). Because the equilibrium fraction susceptible (S*) decreases with the reproduction number
(ℛ0) (panel (a) with panel (c) in figure 2), a higher prevalence of active infection implies fewer individuals at high risk (S*)
for PASC when the variant emerges. Alternatively, a smaller infection prevalence (I*) must be accomplished through a lower
reproduction number (ℛ0) before variant emergence, meaning there are more individuals at high risk (S*) who have not yet
been infected when the variant does appear. Thus, at low prevalence of active infection, PASC prevalence responds dramatically
to the transmissibility of a new variant. At higher prevalence of active infection, the duration of infection (γ−1) dictates PASC
prevalence in the post-variant steady state because the number of infections people experience each year becomes the dominant
effect (figure 5).

3.5. Variants with a larger ℛ0 usually increase long-term post-acute sequelae of COVID-19 prevalence
For the range of biologically plausible parameter values we considered, the emergence of a new variant with a higher repro-
duction number typically increases PASC prevalence. We identified situations where PASC prevalence can decrease, but the
parameter values are biologically unrealistic. As an example, if pre-existing immunity has high secondary efficacy against PASC
(ϵ ≈ 1) and primary efficacy against reinfection is moderately high, but the virus is so transmissible that the infection prevalence
is near 10%, then a variant with an even larger transmission rate (Δβ > 0) can decrease PASC in the long run by a small amount
(through further depletion of susceptible (S) individuals) (figure 6). Otherwise, variants with a transmission advantage appear
likely to increase PASC prevalence because people will experience slightly more infections per year (figures 3–5).

3.6. Immune escape variants temporarily increase post-acute sequelae of COVID-19 prevalence
A transmission advantage is not the only way newer variants can replace older ones, however; immune escape is one prominent
example [10]. In the idealized situation where a newer variant is identical to the resident in every way, except that it can infect
individuals with acquired immunity from the resident virus, while also conferring cross-immunity against the resident, then the
newer variant will replace the older one; if it has the same transmission rate, duration of infection, and duration of immunity,
it will do so without altering the equilibrium prevalence of infection (see appendix A.7, as well as [10]). However, fluctuations
in infections produced by selection can temporarily increase the prevalence of PASC, and it is in these situations that deviation
from exponentially distributed PASC duration would be most readily apparent in data.

A Gamma-distributed duration of PASC ensures that the rise in PASC prevalence is sustained for a longer amount of time
than in the exponential model before returning rapidly to baseline levels (figure 7). Peak PASC prevalence is also higher in
the model with Gamma-distributed PASC. Increasing the variability in the latency distribution smoothes PASC prevalence by
obscuring fluctuations in incidence, and the relative changes to PASC prevalence become smaller as the average duration of
PASC increases (not shown).

3.7. Interactions between the duration of infection, the prevalence of infection and the fraction of infections that
develop post-acute sequelae of COVID-19

We also examine how deviations from a baseline parametrization for duration of infection (γ−1 = 1 week), prevalence of infection
(I* = 0.02), and fraction of infections resulting in PASC (F = 0.02) interact to affect the prevalence (figure 8; the ‘baseline’ is
represented by the black spread of trajectories in the centre panel). For a combined vaccine efficacy against PASC of VET = 0.55,
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Figure 4. A larger mean duration of infection (γ−1) restricts PASC increases, and decreases the range of possible outcomes following a novel variant emergence. At
longer infection duration, the observed infection prevalence is maintained by a lower incidence, so fewer individuals develop PASC each week (assuming the same
fraction of infections (F = 0.02) develop PASC). Darker shading corresponds to higher primary efficacy (η). Scenarios assume total vaccine efficacy VE = 0.55 as
in figure 3a, for infection lasting, on average, either γ−1 = 2 weeks, or for γ−1 = 0.5 weeks. PASC duration is modelled by an exponential distribution with meanρ−1 = 1 year. All other parameters as in figure 3.
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the duration of infection, γ−1, and the fraction of cases developing PASC, F , are more responsible for variation in levels of PASC
than the prevalence of infection, I*, although the latter always increases the prevalence of PASC.

4. Discussion
Uncertainty in primary efficacy of vaccination against reinfection is responsible for producing a wide range of plausible
PASC trajectories associated with variant emergence, whereas uncertainty in secondary efficacy against PASC conditional on
breakthrough infection is relatively unimportant. Likewise, it is very important to characterize the duration of infection and the
fraction of cases that result in PASC, whereas precise estimates for the duration of immunity are less important. LES can help
facilitate predictions for PASC prevalence by focusing on primary effectiveness against infection to characterize transmission
dynamics in the endemic phase. While consensus on secondary effectiveness is desirable for a number of reasons, it does not
greatly facilitate predictions for PASC prevalence.

As we proceed further into the endemic phase and testing becomes less regular, estimating primary efficacy against infection
may become more challenging because infection and immunization status will be more obscured than they already are.
Studies that measure secondary effectiveness may become rarer for the same reason, but will probably be easier to carry
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out. On the other hand, studies that measure a combined efficacy against secondary outcomes such as PASC by examining
differential vaccine uptake among groups with and without the secondary condition, but without controlling for infections, will
be straightforward to carry out. Obviously a measurement of this sort combines different mechanisms of vaccine protection,
and seems undesirable for that reason. For developing predictions for PASC, however, our results show that a combined
effectiveness estimate may actually be more useful because it places an upper bound on primary effectiveness. Although it is
best to know primary effectiveness accurately, given the choice between secondary effectiveness and combined effectiveness, the
latter is slightly more useful for predictions and is therefore worth measuring.

Our findings show that strategies for controlling PASC prevalence in the overall population are well aligned with existing
strategies for controlling infection. Even though vaccines may confer secondary protection against PASC in breakthrough
infections, their optimal allocation is likely to be dictated by their ability to prevent transmission (primary efficacy), which has
a nonlinear effect on individual risk. Unless a vaccine is close to 100% effective at preventing PASC, the most effective way to
protect people is to reduce their chance of becoming infected in the first place. Future studies intending to identify correlates
of PASC risk or duration have the potential to revise forecasts for prevalence. If risk decreases with subsequent reinfections,
then PASC prevalence is expected to decrease over time. On the other hand, it is unclear whether PASC alters susceptibility to
reinfection, and likewise whether reinfection worsens PASC. If they interact in a positive feedback loop, then cases may become
increasingly concentrated within the subset of individuals who experience repeated rounds of reinfection and increasingly
morbid symptoms. For future studies aimed to characterize correlates of PASC, it will be important to test the hypothesis
that it resolves independent of reinfection. An accurate assessment of the transmission potential of new variants is likely to
remain essential for reliable forecasts regardless of the details of interaction, and this will require a reliable understanding of the
primary efficacy of vaccination against infection.

Considering a wider array of combined effectiveness measurements for a variety of secondary outcomes besides PASC
may help further constrain estimates of primary effectiveness against infection. Any combined effectiveness measurement
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has the form VE = 1 − (1 − ϵ)(1 − η), where ϵ represents secondary effectiveness, and η represents primary effectiveness. Com-
bined vaccine effectiveness estimates for a collection of secondary conditions share the same primary effectiveness against
infection, η, but have different secondary effectiveness, ϵ. In the most naive setting, the smallest from a collection of combined
effectiveness measurements constitutes the best estimate for η, assuming no other information about primary effectiveness
is available. Hence, augmenting LES initiatives studying secondary effectiveness against PASC with complementary ones
studying secondary effectiveness against other conditions of interest (unemployment due to complications from COVID-19,
death, hospitalization, etc.) may help accomplish the difficult task of constraining estimates for primary effectiveness.

Predicting future PASC prevalence is one goal, but not the only one that benefits from LES. In particular, consensus about
secondary vaccine effectiveness against PASC, or other conditions, is important for characterizing vaccine safety, which we have
taken as given. We have also considered the probability of PASC to be similar across variants in line with evidence that suggests
similar conditions manifest in immunocompromised individuals infected by other kinds of pathogens [2], the assumption being
that the probability of PASC onset is greater if immunity has lapsed. Assessing variant-specific secondary effectiveness against
PASC is an important test of that assumption.

We developed our model to capture key aspects of COVID-19 as they pertain to PASC. We do not account for coinfection
with variants because we do not expect that effect to greatly change the number of infections people experience, and we are not
aware of evidence that coinfection plays any particular role in PASC symptoms. We used a leaky model of immunity because
it seems consistent with what is currently known about breakthrough infections, although we do not expect results from an
all-or-nothing model of immune protection to change our conclusions. We did not explore the consequences of age, sex or other
forms of population heterogeneity in detail because the relative importance of transmission over secondary efficacy applies
to all demographics. Average prevalence of PASC is useful for understanding the burden on large healthcare systems and
economies, but is not a useful descriptor of individuals or in small populations. We did not include asymptomatic infections in
our model because it is unclear whether they carry a different risk of PASC to symptomatic infections. We do not account for
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space in our model because we are not aware of evidence that geography plays a role in PASC, other than its role as proxy for
recent transmission.

Simplifying assumptions that facilitated our analysis include (i) that immunity reduces susceptibility to infection, but has
no effect on transmission in breakthrough infections; (ii) that PASC occurs after infection with some probability, but does not
affect susceptibility to further infection or transmission; (iii) that over time, immunity can lapse, potentially increasing the risk
of reinfection and PASC; and (iv) that immunity does not elevate the risk of PASC. The first of these will have only minor
impact on our results because our finding that primary efficacy and duration of infection dictate PASC prevalence depends on
the average level of transmission in the population. The remaining assumptions could have greater impact on PASC prevalence,
but seem to be plausible hypotheses.

In order to investigate plausible scenarios, we reduced a vast parameter space by making simplifying approximations. In
the main text, we treat vaccine-derived and infection-derived immunity as identical, but in appendix A.1 and appendix A.8
we show that the effect of a vaccine with lower efficacy and shorter immune duration compared with immunity from natural
infection is minor. The primary efficacy (η) becomes a time-dependent quantity, and is reinterpreted as the average primary
efficacy of immunity, taken with respect to the relative proportions of people with immunologic protection from vaccines
versus people with immunologic protection derived from infection. However, the changes in primary efficacy due to variant
emergence are too slight to change our main conclusions. Likewise, the model in the main text considers a homogeneous
well-mixed population and is useful for demonstrating the main effects of primary/secondary effectiveness, infection duration,
etc. on PASC prevalence in the population as a whole, but is not appropriate for forecasting prevalence experienced by
subgroups having higher risk of infection than the general population. We did not include demographics such as sex [5] nor did
we include comorbidities which are known correlates of PASC risk [8]. However, we show in appendix A.2 that the effect of a
subgroup with higher susceptibility to infection is to introduce time-dependence into the transmission rates for individuals who
are susceptible (S) and individuals with immunologic protection (P). Individuals at high risk will experience a larger share of
the total PASC burden because they experience more infections per year, but prevalence in the overall population is dictated by
the average level of transmission. Even in a situation where PASC cases arise out of a small minority of individuals (appendix
A.9), our main conclusions about the relative importance of primary and secondary efficacy hold.

Our study has additional limitations. We treated PASC as a homogeneous secondary condition manifesting temporarily
after infection when it instead seems that PASC constitutes a heterogeneous collection of different syndromes, potentially with
unique risk factors, and different risks with respect to immune status [2]. The risk of PASC could also increase with the total
number of infections a person has experienced in their lifetime [9]. If one wishes to predict PASC prevalence with great accuracy
for particular groups of people, then all of these forms of heterogeneity must be accounted for (and measured accurately);
our goal, however, has been to highlight the connection between PASC and transmission to support such an endeavour in
the future. Although the transmission dynamics of COVID-19 may receive less attention than the more immediate problem of
PASC, the former dictate the latter. PASC trajectories produced by the model are more sensitive to the transmission potential of
new variants than the ability of vaccines to prevent PASC in breakthrough infections.

Newer variants may carry different risk of PASC, aside from their potential for immune escape or increased transmission
potential. In our analysis, we have presented scenarios based on the hypothesis that all variants have equal propensity to elicit
PASC, and these show it is difficult to generate reliable predictions unless basic characteristics of infection are known with
some precision. Measuring variant-specific PASC risk in real time is likely to be even more difficult for a variety of reasons, not
the least of which is the fact that PASC can take months to manifest. As PASC becomes better characterized, it may become
clear that the condition depends on the characteristics of individuals’ immune systems to a greater extent than on novel viral
characteristics, in which case knowledge of a selection coefficient and the most probable mechanism of variant advantage (e.g.
greater transmission potential versus immune escape) will help inform predictions. However, PASC does not manifest without
COVID-19 infection in the first place, by definition. Even if infections themselves diminish in stature compared with PASC, their
epidemiology retains central importance.
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Appendix A
A.1. Immunity from vaccines versus infection
The basic form of the model in equations (2.1)–(2.3) is not affected by differences between immune protection derived from
infection (PI) and protection derived from vaccines (PV). If infection trains broader immune recognition than vaccination and
can supplement the vaccine, then the interaction between the two forms of immunity may be approximated as dominance of
infection-derived immunity over vaccine-derived immunity. In this case, all infections may be treated equal, and recovery from
infection always flows into the protection from infection (PI) compartment. The model equations are

(A 1)dSdt = − βSI + δP − αS,

(A 2)dIdt = β(S + (1 − ηP)PI + (1 − ηV)PV)I − γI,
(A 3)dPIdt = γI − β(1 − ηI)PII − δIPI,

(A 4)dPVdt = αS − β(1 − ηV)PVI − δVPV .

Introducing the variables P = PI + PV, x = PV/P, along with

(A 5)η = xηV + (1 − x)ηP,

(A 6)δ = xδV + (1 − x)δP,
gives rise to equations (2.1)–(2.3), as well as

(A 7)dxdt = −β((ηP − ηV)I + (δP − δV))x(1 − x) + αS(1 − x)P − xγIP .

Thus, differences in vaccine-derived and infection-derived immunity introduce time dependence into the primary efficacy (η)
and the duration of immunity (δ), where these quantities now are interpreted as averages taken with respect to the relative
proportions of individuals with vaccine-derived and infection-derived immunity.

A.2. Heterogeneous susceptibility to infection and post-acute sequelae of COVID-19
The basic form of the model in equations (2.1)–(2.3) is also not affected by heterogeneous susceptibility to infection within the
population. We assume the fixed population of size N consists of two subpopulations, one with individuals at high risk, NH, the
other with individuals at low risk, NL, and that the proportion of individuals at high-risk, σ = NH/N, is fixed. If individuals at
high risk are more susceptible than the rest of the population by a factor of ζ > 1, the model presented in the main text can be
modified to

(A 8)dSLdt = − βSL(IL + IH) + δPL − αSL,

(A 9)dILdt = β(SL + (1 − η)PL)(IL + IH) − γIL,

(A 10)dPLdt = γIL − β(1 − η)PL(IL + IH) − δPL,

(A 11)dSHdt = − ζβSH(IL + IH) + δPH − αSH,

(A 12)dIHdt = ζβ(SH + (1 − η)PH)(IL + IH) − γIH,

(A 13)dPHdt = γIH − ζβ(1 − η)PH(IL + IH) − δPH .

where NH = SH + IH + PH and NL = SL + IL + PL. Introducing the variables S = SL + SH, I = IL + IH, P = PL + PH, x = SH/S, y = IH/I andz = PH/P, gives rise to the system

(A 14)dSdt = − β(x)SI + δP − αS,

(A 15)dIdt =(β(x)S + (1 − η)β(z)P)I − γI,
(A 16)dPdt =γI − β(z)(1 − η)PI − δP,
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(A 17)dxdt = − β(1 − ζ)Ix(1 − x) − 1 − IS δx − δyI − σS ,

(A 18)dydt = −β(1 − η)(1 − ζ)Iy2 − β(1 − ζ)Sxy + ηζβSx +

(A 19)β (η − 1)((I + σ)ζ − I + (1 − σ)) − ηS y + σ(1 − η)ζβ
with β(x) = xζβ + (1 − x)β and β(z) = zζβ + (1 − z)β where z = σ − xS − yI. Thus, heterogeneous susceptibility in the population
introduces time dependence into the transmission rates, which now differ between individuals who are susceptible (S) and
individuals who have immunologic protection (P). The time-dependent transmission rates are now interpreted as averages
taken with respect to the relative proportions of high- and low-risk individuals within the S, I and P compartments.

A.3. Integral equation model for post-acute sequelae of COVID-19
The model in §2.2 treats PASC as manifesting immediately upon infection, so that the prevalence changes according to

(A 20)dudt = βϕ (1 − u)S + (1 − VET)(1 − u)P I − ρu.

This also assumes that PASC duration is exponentially distributed. While these assumptions greatly facilitate our analysis,
PASC arises in some individuals long after the acute phase of infection according to a distributed delay. Additionally, once it
manifests, the duration of PASC may not be well described by an exponential distribution. Hence, we modify the model for
PASC dynamics presented in the main text. We still use the same model for transmission dynamics. In general, the probability
that sequelae appear within t weeks of infection could be described by a probability density function (PDF), denoted by ℎ(t),
defined for positive durations (t > 0). This captures variability in sequelae latency across individuals, but without regard to
protective immunity pre-infection. Sequelae duration likewise may not be exponentially distributed. The probability of recovery
within t weeks of the first appearance of PASC symptoms could be described by an arbitrary cumulative distribution function
(CDF), F(t), defined for positive times t > 0. Aside from the restriction that t > 0, the distributions F and ℎ might have any form.
At this point, it is convenient to introduce a new variable corresponding to the coefficient of (1 − u) appearing in the ODE for u(t)
(equation (A 20)),

(A 21)Σ = βϕ S + (1 − VET)P I.
The quantity Σ(1 − u) is the incidence of PASC on the assumption that symptoms manifest upon infection. Accounting for a
distributed delay between infection and onset of the secondary condition modifies the incidence of PASC at time t through a
convolution,

(A 22)ξ(t) =
0

t
Σ(τ)(1 − u(τ))ℎ(t − τ)dτ =

0

∞
Σ(t − τ)(1 − u(t − τ))ℎ(τ)dτ,

where ℎ is a PDF capturing describing latency between infection and PASC onset. In the limiting case where the latency is
exactly L weeks, ℎ could be a Dirac delta distribution centred at L, ℎ(τ) = δ(τ − L), and then the incidence of PASC at time t, isξ(t) = Σ(t − L)(1 − u(t − L)).
Given the incidence of PASC, ξ, and a CDF for PASC duration, F, the fraction of the population with active secondary
conditions at time t becomes

(A 23)u(t) =
0

∞ξ(s)(1 − F(t − s))ds.
Substituting the pieces so far, we obtain

(A 24)u(t) =
0

∞

0

∞
1 − u(s − τ) Σ(s − τ)ℎ(τ)dτ 1 − F(t − s) ds.

This can be rearranged into a Fredholm integral equation of the second kind for the function u(t),
(A 25)(I + K)u = f,

with

(A 26)Ku =
0

∞

0

∞u(s − τ)Σ(s − τ)ℎ(τ) 1 − F(t − s) dτds,
(A 27)f =

0

∞

0

∞
Σ(s − τ)ℎ(τ) 1 − F(t − s) dτds,

and I the identity. Whenever ‖K‖ < 1, there is an alternating Neumann series solution

(A 28)u = (I − K + K2 − K3 + ...)f.
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Equivalently, we can iterate equation (A 24) (a contraction mapping whenever ‖K‖ < 1,) starting from u0(t) = 0. The Banach fixed
point theorem guarantees iterates will converge to a unique time-dependent solution u(t). This is the method we opt to use in
obtaining the trajectories in figure 7. We use the convolve function in R version 4.4.0 [21] to evaluate the integrals.
If the transmission dynamics approach a steady state so that limt ∞

Σ(t) = Σ*, the long-term behaviour of u(t), given by
limt ∞

u(t) = u*, satisfies

(A 29)u*
1 − u* = Σ*

0

∞
1 − F(τ) dτ,

which clearly does not involve the latency distribution, ℎ.
Because 1 − F(t) is a survival probability, the integral in the previous expression is the mean duration of PASC, T‾. Thus, the
steady-state level of PASC in the population depends only on Σ*, and the mean duration of PASC, T‾, according to

(A 30)u* = ΣT‾
1 + ΣT‾.

Thus at equilibrium, the prevalence of PASC depends on its mean duration, not on any other moments of its distribution.
When PASC duration is exponentially distributed, so that F(t) = 1 − e−ρt, the equilibrium prevalence is the familiar formulau* = Σ*/(ρ + Σ*) (equation (2.8)).

A.4. Susceptible-infected-protected model steady state
In the SIP model (equations (2.1)–(2.3)), the steady-state number of active infections is a root of the quadratic

(A 31)(1 − η)β2 (I*)2 + β(β(−1 + η) + (1 − η)α + δ + γ) I* − (β(1 − η) − γ)α − δ(β − γ) .

Instead of solving for the fixed point in terms of the parameters, we calibrate the model to a known value of I*, and assume
values for γ, δ and α are known (table 1). This leaves β and η undetermined. Because η is the primary efficacy against infection,
it is restricted to values between 0 and 1, but reasonable values for the transmission rate, β, are less obvious a priori. However,
equation (A 31) is quadratic in β, so we can solve for β in terms of η. Then, we can use equation (2.4) to calculate the values of ℛ0

consistent with the assumed values for η, the infection prevalence, and the other parameters.
For fixed values of I*, γ, δ and α, but leaving η a free parameter,

(A 32)S*(η) = (1 − I*) δβ(η)I* + α + δ ,

(A 33)P*(η) = (1 − I*) β(η) + αβ(η)I* + α + δ .

For fixed duration of infection, of immunity, and a known vaccination rate, a given prevalence of active infection, I* enforces a
positive relationship between β and η if they are considered to vary along a single degree of freedom. Thus, a given prevalence
of active infection can be explained by a high transmission rate and a high primary efficacy of immunity against reinfection
(SIRS dynamics), or by a low transmission rate and little to no primary efficacy against reinfection (SIS dynamics). The
bottom-left panel of figure 2 plots the ratio of equation (A 32) relative to the sum of equations (A 32) and (A 33) as a function ofη.
The total incidence is β S + (1 − η)P I. If the dynamics are at steady state (so that vaccination is maintaining rather than disrupt-
ing a given level of transmission), then a clinical trial or test-negative study spanning a limited time frame (so that individuals
are unlikely to experience more than one infection) measuring vaccine effectiveness against infection obtains a direct estimate ofη.

A.5. Model calibration for ϕ
The primary efficacy against infection, η, controls the relative proportion of S* and P* (equations (A 32) and (A 33), figure
2). Rearranging equation (2.10), we obtain the baseline probability of PASC, ϕ, in terms of η and the fraction of all infections
developing PASC, F ,

(A 34)ϕ(η) = F S*(η) + (1 − η)P*(η)S*(η) + (1 − VET)P*(η) , 0 ≤ η ≤ VET.

If the total vaccine efficacy VET (equation (2.6)) is assumed known, but the primary and secondary efficacy (η and ϵ) are
not, then ϕ could be larger than F , but not smaller. For example, if η = VET and ϵ = 0, so that immunity does not confer any
additional protection against PASC, then ϕ = F , and all individuals are at equal risk of developing PASC. If, on the other hand,η = 0 and ϵ = VET, individuals in S are at higher risk of PASC than individuals in P, so that ϕ > F .
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A.6. Enhanced transmission
We can augment the basic transmission model from the main text to account for a variant with a different transmission rate. In
an idealized situation where the variant (Iv) and the resident (Ir) are identical in every way, except that the variant has a slight
transmission advantage, the model equations from the main text change to

(A 35)dSdt = − (β + Δβ)SIv − βSIr + δP − αS,

(A 36)dIvdt = (β + Δβ)(S + (1 − η)P)Iv − γIv,

(A 37)dIrdt = β(S + (1 − η)P)Ir − γIr,
(A 38)dPdt = γ(Iv + Ir) − (1 − η)P((β + Δβ)Iv + βIr) − δP + αS.

Setting dIv/dt and dIr/dt simultaneously equal to 0 shows that either S* + (1 − η)P* = γ/β and Iv* = 0, or S* + (1 − η)P* = γ/(β + Δβ)
and Ir* = 0. The first condition cannot be satisfied if Iv(0) > 0 and Δβ > 0, so the second condition, where the resident virus
is extinct, describes the long-term behaviour of the system whenever the variant is present. Thus, the competitive exclusion
principle ensures that whenever there is a steady-state level of infection, the variant drives the resident virus extinct (provided
Δβ > 0). It is convenient to write I = Iv + Ir for the total fraction of the population infected, with p = Iv/I the probability that an
infection is caused by the variant. Then, we see that

(A 39)dIdt = (β + Δβ)p + β(1 − p) (S + (1 − η)P)I − γI,
(A 40)= E[β](S + (1 − η)P)I − γI,

where E[β] = (β + Δβ)p + β(1 − p)  is the average transmission rate in the population.
The probability an infection is caused by the variant changes over time according to

(A 41)dpdt = Δβ(S + (1 − η)P)p(1 − p).

The coefficient of this logistic differential equation is the difference in growth rates between the two variants. As time proceeds,
the system approaches p* = 0 if Δβ < 0, p* = 1 if Δβ > 0, or holds steady at p* = p0, 0 < p0 < 1, if Δβ = 0.
The selection coefficient is calculated as the ratio of the difference in the growth rates of the two types, divided by the average
growth rate,

(A 42)s(t) = Δβ(S + (1 − η)P)
(p(β + Δβ) + (1 − p)β)(S + (1 − η)P) .

When the variant is rare (p≪ 1), the selection coefficient is approximately equal to

(A 43)s0 = Δββ .

If the variant appears when the resident virus is at its equilibrium, then (S(0) + (1 − η)P(0)) = (S* + (1 − η)P*) = γ/β. If we adopt this
steady-state approximation to treat the coefficient of the logistic differential equation as a constant, we obtain an approximate
solution for the fraction of infections caused by the variant,

(A 44)p(t) =
p0es0γt

1 − p0 + p0es0γt ,
with p0 ≪ 1 the initial frequency of the variant Iv at t = 0, and s0 = Δβ/β the selection coefficient as measured when the variant is
rare.
Feedbacks with S and P change the selection coefficient as p changes in the full system, but (A 44) yields a close approximation.
Hence, to simulate the emergence and selection of a new variant with a given selection coefficient s0, and the impact it has upon
PASC prevalence, we simulate the basic transmission model from the main text with time-varying parameters,

(A 45)β(t) = β + s0βp(t),
using (A 44).

A.7. Immune escape
Whereas the previous model assumes symmetric cross-immunity between variants, we also consider a model that can describe
variant replacement solely through immune escape,

(A 46)dSdt = −βS(Ir + Iv) + δ(Rr + Rv),

16

royalsocietypublishing.org/journal/rsif 
J. R. Soc. Interface 21: 20240438

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//r

oy
al

so
ci

et
yp

ub
lis

hi
ng

.o
rg

/ o
n 

11
 D

ec
em

be
r 

20
24

 



(A 47)dIrdt = βSIr − γIr,
(A 48)dIvdt = β(S + (1 − η)Rr)Iv − γIv,

(A 49)dRrdt = γIr − δRr − β(1 − η)RrIv,

(A 50)dRvdt = γIv − δRv,

subject to the initial conditions S(0) = γ/β, Ir(0) = (1 − γ/β)δ/(δ + γ) − y, Iv(0) = y, y≪ 1, Rr(0) = (1 − γ/β)δ/(δ + γ) and Rv(0) = 0.
This model is the same as that described in [10]. Whenever 0 < η < 1, the second variant replaces the first, but leaves the
equilibrium unchanged. To illustrate the contribution of immune-escape-mediated variant turnover to PASC prevalence, we
ignore reinfection in this context, describing immunity through an all-or-nothing mechanism instead. We also assume that the
variants carry identical risk of PASC.
Similar to the previous section, we can parametrize η in terms of a selection coefficient. In this case, p = Iv/I changes according to

(A 51)dpdt = β(1 − η)Rrp(1 − p).

Parametrizing the system in terms of a selection coefficient, s0, obtained in the linear regime when p≪ 1, we have

(A 52)η = 1 − s0 1 + δγβγ − 1
.

Arriving at an approximate solution for the probability an infection is caused by the variant, p(t), is more complicated in this
situation, so we simulate the full model to produce the trajectories in figure 7.
In calibrating the reproduction number of this model (ℛ0 = β/γ) to an equilibrium value of Ir* and a known duration of infection
(γ−1) before variant emergence, it is necessary that
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(A 53)δ > I*
1 − I*γ.

For I* = 0.02 and γ−1 = 1 week, the average duration of immunity δ−1 cannot be longer than 49 weeks in this model.

A.8. Results for immunity from vaccines versus infection
Prior to variant emergence, we set the efficacy of vaccine-derived immunity to half the average efficacy, and the average
duration of vaccine-derived immunity to half of the average duration. Efficacy of immunity from infection and duration of
immunity from infection are chosen so the average efficacy and the average duration match the corresponding averages from
the trajectories shown in figure 3. In figure 9, the results are concordant with those shown in figure 3. The time-dependent
average primary efficacy (η) and averge rate of immune loss (δ) change over time by a small amount in response to the variant
emergence (not shown), so approximating them with constants as in the main text incurs a small amount of error.

A.9. Results from heterogeneous susceptibility to infection and post-acute sequelae of COVID-19
We examine the impact of population heterogeneity by considering a highly susceptible subpopulation comprising 20% of
the total population. We select their susceptibility ζ (see appendix A.2) so that they experience an infection rate four times
higher than the rest of the population. The results shown in figure 10 are similar to those shown in figure 3 of the main text.
Accounting for population heterogeneity is necessary for developing accurate prevalence trajectories for particular groups, but
is less important in generating predictions for the overall population.
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