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Abstract

The advent and distribution of vaccines against SARS-CoV-2 in late 2020 was thought to
represent an effective means to control the ongoing COVID-19 pandemic. This optimistic
expectation was dashed by the omicron waves that emerged over the winter of 2021/2020
even in countries that had managed to vaccinate a large fraction of their populations, raising
questions about whether it is possible to use scientific knowledge along with predictive mod-
els to anticipate changes and design management measures for the pandemic. Here, we
used an extended SEIR model for SARS-CoV-2 transmission sequentially calibrated to data
on cases and interventions implemented in Florida until Sept. 24™ 2021, and coupled to sce-
narios of plausible changes in key drivers of viral transmission, to evaluate the capacity of
such a tool for exploring the future of the pandemic in the state. We show that while the intro-
duction of vaccinations could have led to the permanent, albeit drawn-out, ending of the pan-
demic if immunity acts over the long-term, additional futures marked by complicated repeat
waves of infection become possible if this immunity wanes over time. We demonstrate that
the most recent omicron wave could have been predicted by this hybrid system, but only if
timely information on the timing of variant emergence and its epidemiological features were
made available. Simulations for the introduction of a new variant exhibiting higher transmis-
sibility than omicron indicated that while this will result in repeat waves, forecasted peaks
are unlikely to reach that observed for the omicron wave owing to levels of immunity estab-
lished over time in the population. These results highlight that while limitations of models cal-
ibrated to past data for precisely forecasting the futures of epidemics must be recognized,
insightful predictions of pandemic futures are still possible if uncertainties about changes in
key drivers are captured appropriately through plausible scenarios.

Introduction

The steady pace of vaccine roll outs against severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) beginning from late 2020 had raised hopes that the pandemic may soon be
controlled in many economically advanced countries by as early as late 2021 or the beginning
of 2022. This optimism was buttressed by falling cases and hospitalizations observed or
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reported during the fall of 2021 in countries and settings that had vaccinated the largest shares
of their populations by that time [1, 2], and by the expectation that the available vaccines were
protective against both infection and the development of clinical symptoms requiring hospital-
izations from the then dominant virus variants [3-5]. It was also thought that population
immunity was approaching herd immunity levels in many of these settings such that it left
behind declining fractions of susceptibles that would be available to re-ignite high intensity
community outbreaks [6].

The expectation that the pandemic may have reached a turning point and that we may be
entering its ending phase at least in countries and settings that have been able to vaccinate a
large fraction of their populations was of course dashed by the advent of the omicron variant
during the winter of last year that saw the largest waves of cases observed throughout the
course of the pandemic in many parts of the world [7-9]. This dramatic resurgence of the pan-
demic following the decline in cases observed after the delta wave has had two consequences.
First, it reinforced realization of the forbidding complexity of the transmission dynamics of
SARS-Cov-2, and the continual need for refining knowledge regarding the effects of changes
in the biological, behavioral, and epidemiological processes that affect disease transmission at
different stages of the spread of the pandemic in a given setting [10-14]. Such gaps in knowl-
edge after the delta wave included gaining a better understanding of the likely outcomes aris-
ing from continuance of transmission among unvaccinated subpopulations for pandemic
persistence as well as for the emergence and spread of virus mutants [15, 16], uncertainties
regarding the protective efficacy of individual vaccines against different variants, including the
impacts of breakthrough infections among vaccinated individuals [17], and critically the
impact of a less than permanent operation of anti-viral immunity [18-20]. Further, under-
standing how these factors interact among themselves and with reductions in public obser-
vances of social mitigation measures [21] were also considered essential for determining if we
will be able to halt virus transmission using mass vaccinations, or if we should expect to see
additional resurgences of the pandemic going forward even in populations that had received
high levels of vaccinations [22].

The resurgence of the pandemic over the winter of 2021 and early 2022 has, secondly, also
refocused attention on whether it is possible to forecast the future stages of a contagion reliably
using mathematical models [10, 11]. Thus, while some workers have highlighted the difficulty
of anticipating and accommodating novel, unknown, or previously unsuspected changes in
the drivers of future viral transmission to allow the making of reliable long-term projections
by models [10, 11], others have pointed to the value of these models as tools for being able to
integrate information on the diverse structures and processes related to transmission dynamics
in order to propagate forecasts that are more accurate than predictions afforded by common
sense alone [12, 23]. Such assessments have also, for example, pinpointed the need for contin-
ual model refinement and for the use of data for making predictions to counter the effects of
changes in local risk factors [12, 14, 24]. These studies ultimately suggest that, as for other stud-
ies investigating socio-ecological futures, the better use of models for forecasting the plausible
futures that could be followed by the pandemic is to combine simulations within a scenario
framework in order to focus on explorations of possible trajectories in the evolution of the sys-
tem as a result of changes predicted for key drivers rather than employing them to make pre-
cise predictions about the extent or duration of disease burdens [25, 26].

Here, our goals are twofold. First, we consider the ability of our previously developed data-
driven socio-epidemiological SEIR-based COVID-19 model [21, 27, 28] that includes vaccina-
tion, social mitigation and variant-specific transmission dynamics and fit to sequential data, in
order to determine the ability of this type of compartmental model to predict the future paths
that could be followed by the COVID-19 pandemic. We do this by using the model fitted to

PLOS ONE | https://doi.org/10.1371/journal.pone.0277521 November 15, 2022 2/23


https://doi.org/10.1371/journal.pone.0277521

PLOS ONE

Forecasting COVID-19 futures

data prior to the omicron-related pandemic resurgence observed in the state of Florida and
determining its predictability for the actually realized omicron wave that followed in the state
under different variant emergence, transmissibility, social mitigation and vaccination scenar-
ios. This allowed us to inspect the capacity of such models, whose parameters are essentially
conditioned on past data, to capture and forecast the outcomes of novel, generally unknow-
able, system risks. At its philosophical core, therefore, our goal was to assess where this type of
model that is inductively identified using past and present data may have the exchangeable
information required within its structure and parameters to allow insights into possible, even
anticipated, futures that might be followed by the pandemic in a particular location [25, 26, 29,
30]. We show in this regard that while additional information regarding the timing of variant
emergence and transmissibility was critical for propagating the realized resurgence of the pan-
demic due to omicron, our data and scenario-based model can nonetheless offer valuable qual-
itative insights into how the pandemic might behave post-omicron under conditions of
impermanent immunity and the emergence and spread of new escape mutants. More gener-
ally, the results of this work imply that if procedures to prevent significant depletions in
parameter variance are implemented during model updating [31-33], then models like ours
that are fitted sequentially to data and used in combination within a scenario-based framework
can offer a useful tool for generating projections that can allow reasonable assessments to be
made regarding the plausible future paths that may be followed by the current pandemic.

Methods
Basic SEIR model

Our previous data-driven SEIR-based COVID-19 model was extended to include the dynam-
ics of imperfect vaccines, new genetic variants, and impacts of social mitigation measures to
perform the present simulations [21, 27, 28]. Briefly, the basic model simulated the course of
the pandemic in a particular setting via the adaptive rate of movement of individuals through
various discrete compartments, including different infection and symptomatic categories as
well as immune, vaccination and death classes. The basic model includes three COVID-19 var-
iants (alpha, delta, and all others), and is further extended to simulate the emergence of new
variants. We also assume that the modelled population is closed and the population size
remains constant over the duration of the simulations reported here. The full set of equations
and description of the model are provided in a public GitHub repository (see link given
below). Here, we outline how the extensions are implemented in the basic model framework.

Vaccination/Breakthrough dynamics

The impact of vaccinations is simulated by first moving susceptible Individuals into the vacci-
nated compartment (V) according to the reported daily vaccination rate (§,.). We also note
that as recipients of vaccines are not first tested to determine their immune status, vaccines
will be provided also to individuals who are immune (R). We capture this wastage via the term
£,(1-R); this implies that such vaccine wastage will scale with the numbers of individuals who
are in the R classes at any given time. Vaccinated individuals are then moved from the V class
to the booster class (2™ dose, B) at a daily rate approximating a 6-week interval between vac-
cine doses. A further third dose of vaccine is given 1 month after waning of immunity, as dis-
cussed below, to generate a third vaccine class, T. The vaccines are also assumed to be
imperfect, which thus allow for breakthrough infections in some vaccinated individuals [34].
To model this, vaccinated individuals are simulated to acquire infection following effective
contact with individuals in the various I classes, at reduced rates controlled essentially multi-
plying the transmission rate (8) by the vaccine efficacy factor (1- €) that is assumed to vary
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Table 1. Vaccine efficacies used in the simulations.

1* dose efficacy
Original Variant 75%
Alpha Variant (B.1.1.7) 70%
Delta Variant (B.1.617.2) 65%
Omicron Variant (BA.1) 35%
Omicron Subvariant (BA.2) 25%

https://doi.org/10.1371/journal.pone.0277521.t001

2nd

90%
85%
80%
45%
35%

dose efficacy

Waned Immunity

80%
75%
70%
35%
25%

3" dose efficacy

99%
99%
99%
70%
60%

between vaccine doses and variants (see Table 1). Average vaccination rates estimated from

the last 7 days of the vaccination data up to Sept. 24™ 2021 in Florida were used to simulate

into the future. The vaccine efficacies used in this study [35-37] are given in Table 1 below. It
has been demonstrated [36] that the efficacy of a two-dose regimen of mRNA vaccines can
reach levels after 2 months, but decays to 67-80% after 7 months. In addition, protection
against the Delta and Omicron variants is also shown to be significantly lower than to the orig-
inal and alpha variants [36, 37]. We thus derived and used efficacy values mirroring these pat-
terns in this study.
Waning of vaccine-induced immunity was explored by allowing individuals in the B (or 2™
dose) state to move into a reduced efficacy state (W (see Fig 1 and Table 1)) over 5 months.
The waning of natural immunity was also explored over 1 year, 2.5 years, and 5 years. In this
case, individuals are simply moved from the recovered state back to into two fully susceptible
states (Fig 1). The first of these states (S) will be replenished with individuals who recover from
naturally acquired infection but are yet to vaccinated. We, however, consider that these indi-
viduals will be willing to be vaccinated following their recovery. The individuals who experi-
ence breakthrough infections after being vaccinated and subsequently become infected and
recover are moved into vaccinated-susceptible class (VS). Since the time between the 1 dose
of vaccine and the 3™ dose (8 months) is significantly shorter than the length of natural
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Fig 1. Expanded SEIR model flowchart. Each compartment represents a distinct state of infection, with arrows indicating flows between compartments.

https://doi.org/10.1371/journal.pone.0277521.g001
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immunity (1 to 5 years, depending on the scenario), these individuals are assumed to be fully
vaccinated after recovering from natural infection. Finally, we model a small proportion of the
population as vaccine-refusing, represented by the S2 class. (9% estimated for FL (https://
vaccine-hesitancy.healthdata.org/).

Adding variants

Since the alpha and delta variants were dominant at various points during the pandemic until
Fall 2021, we decided to model them explicitly. This was performed using the framework
described by Davies and coworkers [38], which essentially uses individual strain models fitted
to longitudinal viral sequence-derived variant case data to estimate variant-specific transmis-
sion rates. We also assume that previously dominant strains provide some level of cross-pro-
tection against emerging new variants [38, 39]. Each variant (alpha, delta, and all others)
therefore has a corresponding exposed (E), infectious (IA, IP, IM, IH, IC), recovered (R), and
death (D) compartments along with estimated variant-specific transmission rates, and a cross-
immunity parameter by which immunity generated by individuals against previous strains
confers a 10% level of protection against new emerging variants (see GitHub Repository for
equations). The proportionate data on each variant was taken from the Helix COVID-19 Sur-
veillance Dashboard (https://www.helix.com/pages/helix-covid-19-surveillance-dashboard),
which compiles longitudinal genetic surveillance data from each state. These proportions
along with Florida’s reported case data were used to estimate the corresponding time-depen-
dent changes in variant-specific cases, which allowed for the model to be fit to the cases of each
variant over time. In addition, the impact of future emergences of new SARS-CoV-2 variants
with higher transmissibility and immune evasion was also explored. To do this, we first com-
puted the average transmission rate of the original, alpha, and delta variants, and introduced a
new 4" variant with 50% and 100% increases in the transmission rate. We considered the pos-
sibility of emergence of these putative 4™ variants on Nov. 1* 2021 and Dec. 1** 2021 to investi-
gate if our model calibrated to data up to Sept. 24™ 2021 was able to reproduce the omicron
wave observed. A similar simulation strategy was also employed to evaluate the impact that
introductions of a 5™ future variant in 2022 would have on the path of the pandemic.

Sequential model calibration and selection

Calibration of the model to capture the transmission conditions of Florida was performed by
fitting the SEIR model sequentially to daily confirmed case and mortality data assembled from
the start of the epidemic until September 24, 2021, as provided by the Coronavirus App
(https://coronavirus.app). Similar sequential fitting procedures have been used in other simu-
lation studies of COVID-19, in order to capture the rapidly changing transmission conditions,
while at the same time retaining some information regarding the past [40]. A 7-day moving
average is applied to the daily confirmed case and death data to smooth out fluctuations due to
COVID-19 reporting inconsistencies. A sequential Monte Carlo-based approach was used for
carrying out the updating of the model by sampling 20,000 initial parameter vectors initially
from prior distributions assigned to the values of each parameter for every 10-day block of
data [24]. An ensemble of 250 best-fitting parameter vectors, based on a modified Normalized
Root Mean Square Error (NRMSE) between predicted and observed case and death data, is
then selected for describing these 10-day segments of data as described previously [24]. Updat-
ing of parameters is accomplished by using the best-fitting ensemble of parameter posteriors
as priors for the next 10-day block, and the fitting process is repeated. Importantly, we also
inserted 25% of parameter vectors drawn randomly from the initial prior distributions into the
priors at each updating episode to avoid parameter variance depletion [31-33, 41].
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Estimating social mitigation levels

The strength of social distancing measures imposed by authorities to limit contacts is captured
through the estimation of a scaling factor, d, which is in turn multiplied by the transmission
rate, 3, to obtain the population-level transmission intensity operational at any given time in a
population (Fig 1). This factor accounts for the effects of mask wearing, reductions in mobility
and mixing, working from home, and any other deviations from the normal social behavior of
a population prior to the epidemic. To set the priors for the social distancing parameter d,
Google Trends search data was leveraged. The Google Trends API provides a normalized mea-
sure of web searches for the phrases “covid” and “covid mask” in Florida on a particular day,
which we expect to correlate with levels of social distancing followed by the population. We
used a range of values 10% above and below the average of the Google Trends values for the
above phrases to serve as the priors for the social distancing parameter, d, before each model
updating period.

Full model

The coupled differential equations governing the evolution of the full extended system, the
model code used to perform the simulations, and all prior and posterior fitted parameter val-
ues for the best-fit models calibrated to data to Sept. 24™ 2021 are given in the Table provided
at https://github.com/EdwinMichaelLab/COVID-FL-Vaccination. The ensemble of best-fit-
ting models obtained from the sequential model calibrations was used to forecast the impacts
of the various future scenarios related to immunity durations and the advent and spread of
new variants explored in this paper. Fig 1 provides a flowchart of the full structure of the
extended SEIR model described above.

Fade-out probability calculations

The probability of pandemic fade-out was assessed via simulation as follows. First, we used the
ensemble of models that best it the latest data (Sept. 24™ 2021 in this case) to generate forward
trajectories for the pandemic. For a given timestep, we then computed the fraction of those tra-
jectories that showed strictly decreasing cases into the future. A trajectory is considered
decreasing if their predicted cases are currently higher than they will be one week in the future;
this weekly assessment also ensures that daily fluctuations in cases are ignored. The fraction of
such trajectories is used directly to calculate the probability of elimination of the pandemic
over the chosen timestep. This analysis was performed for the case of continued social distanc-
ing measures and vaccination, and under the conditions of full release of social measures.
These estimations of fade-out probabilities were carried out for the case of long-term immu-
nity and for immunity that persisted for at least 2.5 years (see results).

Estimation of population immunity under varying durations of immunity

The level of population immunity attained, and the date at which maximal immunity, is
achieved were also estimated through simulation. The fraction of total recovereds (R) pre-
dicted by the model at a given time includes both the fraction vaccinated and the fraction
recovering from natural infection (Fig 1). This allowed us to estimate the change in levels of
immunity due to natural infection versus that arising from vaccination. The impact of waning
of immunity is similarly evaluated by forecasting the changes in the total immune fractions
over time under conditions of continuance with extant social measures and a full release of
these measures.
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Results

Estimation of variant-specific models and consequences of long-term
immunity

Fig 2A shows the course of the COVID-19 pandemic in terms of daily confirmed cases (solid
lines) in Florida from early March 2020 when it first emerged to cases reported on Sept. 24™
2021. These data depict the typical wave-like trend expected for daily cases of pandemics due
to implementation of temporally varying public interventions and social behavioral changes
that are not strong or applied long enough to bring about the permanent breakage of commu-
nity transmission [42, 43]. It also shows the advent and spread of SARS-CoV-2 variants with
the alpha variant first emerging in late December 2020 and the delta variant first appearing in
June 2021 before becoming the pre-dominant variant from mid-July 2021 to Fall 2022 in the
state. The dotted lines show the ability of our variant-specific data-driven model to faithfully
capture the observed dynamics of these viral variants, including the overtaking of the alpha vari-
ant by the more transmissible delta variant (estimated rate of transmission being 1.8 for the
delta variant compared to 1.1 and 1.2 for the alpha and original variants respectively (Fig 2A)).

We examined the effect of long-term immunity on the future path (to end of 2022) that
may be followed by the pandemic by combining the models parameterized using data to Sept.
24" 2021 with scenarios that included the operation of long duration immunity but which dif-
fered in the levels of social protective measures and vaccinations implemented. These simula-
tions firstly show that the delta variant-induced wave of the pandemic peaked on Aug. 26™
2021 at 22,400 median daily cases in line with case reports (Table 2), with cases declining
thereafter under the levels of social mitigation (23%) and vaccinations (20,000/day) observed
to Sept. 24 2021 (Fig 2B). If immunity to SARS-CoV-2 is long-term, the predictions for this
scenario also indicate that the pandemic will fade out in early 2022 (see below). The solid blue
curve shows that fully releasing social protection measures from Sept. 24" 2021 will result in
only a small increase in cases (over those produced under maintaining the social protective
measures observed around Sept. 24™ 2021), which will subsequently decline to small levels
from July 2022. It is notable that in direct contrast, if social mitigation measures had been
released on Mar. 1* 2021, a major spike in cases would have occurred (blue dashed curve).
Increasing the vaccination rate 1.5x from Sept. 24™ 2021 (to approximately mimic the school
vaccinations that were being proposed then) under maintenance of the then observed social
protective measures would have resulted in lower future cases but not significantly so com-
pared to the predictions for the pandemic future given continuance with these social measure/
vaccination levels (green dashed curve). Releasing such social mitigation measures fully while
increasing the vaccination rate by 1.5x, however, would have resulted in an increase in cases
but this increase would only be slightly lower than that predicted for when the observed vacci-
nation rate is continued (dashed magenta curve and Table 2).These results indicate that releas-
ing social measures fully and increasing the vaccination rate from Sept. 24™ 2021 would have
only a moderate impact on the future course of the pandemic under conditions of permanent
immunity.

These results highlight the impact of the changed immunity or conversely the susceptibility
landscape that was established in Florida by Sept. 24™ 2021, whereby up to 90% of the popula-
tion was predicted to have developed immunity to the virus from both infection and vaccina-
tion (Fig 3A), with herd immunity (estimated at 91% under the operation of long-term
immunity) forecasted to be reached as early as Nov. 22"¢ 2021. The fraction of the population
immune was much lower in March 2021 (approximately just 30-35%), and thus formed the
primary reason for the large spike in cases predicted for a full release of social measures at that
stage compared to the small increase in cases resulting from the release of these measures from
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Fig 2. Model fits and long-term predictions. a) Median model fits to the 7-day moving average of daily confirmed case data, along with short-term
predictions, assuming long-term immunity. The cases due to the alpha, delta, and other variants are given in red, green, and blue, respectively. b) Long-term
forecasts of daily confirmed cases until February 2023. The 7-day moving average of confirmed case data is given in red. The median model predictions given
estimates of social distancing measures and vaccination rate as of Sept. 24™ 2021 are given by the black curve, while the model predictions given a full release of
social distancing measures are given by the blue curve. The yellow and blue shading represent the 90% confidence intervals for these two scenarios. If the
vaccination rate is increased by 1.5x, the median model prediction given social distancing measures estimated on Sept. 24" 2021 is given by the green dashed
curve, while in the case of full release of social measures, it is given in magenta. The blue dashed line represents a full release of social measures on Mar. 1*
2021, when the fraction of immunity was much lower than present, which produces a peak of 250,000 daily confirmed cases (assuming social measures are not
modified). ¢) Total proportion susceptible (blue), and total immune (black) over time. The proportion immune given estimates of social measures and
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vaccination as of Sept. 24 2021 is given by the solid black line, while a full release of social measures is shown as a dashed black line. If the vaccination rate is
increased by 1.5x, the proportion immune is represented by the red dashed line. The 90% confidence interval is shown as a yellow band. As of Sept. 24 2021,
9% of the population were susceptible, while 90% were immune. d) Proportion of the population with natural immunity (red) along with the proportion of the
population with vaccine-conferred immunity (blue). As of Sept. 24™ 2021, the fraction of the population with natural immunity is 34%, while the fraction with

vaccine-induced immunity is 56%.

https://doi.org/10.1371/journal.pone.0277521.9002

Sept. 24™ 2021. Interestingly, Fig 2D shows that by that stage, vaccinations had contributed to
56%, while naturally acquired immunity (ie immunity through infection) comprised 34% of
the population immunity generated against SARS-CoV-2 in Florida.

The forecasts of the models updated using data to Sept. 24" 2021 for the mix of social mea-
sures/vaccination levels investigated for hospitalizations and deaths are also shown in Fig 3
and Table 2. The results corroborate the findings for daily confirmed cases in that while no
peaks would have been seen or would emerge for the scenarios that maintained social mea-
sures into the future irrespective of vaccination rate, whether followed at the then rate
(~20,000 doses per day) or 1.5x the observed rate, new small peaks could develop in the future
(in Nov. 2021) for the two scenarios in which social measures are fully released from Sept. 24
2021 (Table 2; Fig 3). The impact of increasing vaccinations by 1.5x of the then achieved rate
would have only a small effect on these predicted peaks. Note although increases in these clini-
cal outcomes are predicted in the future for these scenarios, the daily numbers at peak will be
substantially lower than those which occurred (and predicted) in Aug. 2021 for the base sce-
nario investigated, viz in which social measures and vaccinations are held at their Sept. 24

2021 levels.

Table 2. Peak cases, hospitalizations, deaths.

Scenario

Estimated Social Measures as of
Sept. 24, 2021

Estimated Social Measures as of
Sept. 24™, 2021

Full release of social measures

Sept. 24", 2021

1.5x Vaccination Rate

Sept. 24™, 2021

Full release of social measures 1.5x Vaccination Rate

Scenario

Estimated Social Measures as of Sept. 24% 2021

Full Release of Social Measures

Scenario

Estimated Social Measures as of Sept. 24" 2021

Full release of social measures

Scenario

Estimated Social Measures as of Sept. 24", 2021

Full release of social measures

https://doi.org/10.1371/journal.pone.0277521.t1002

Estimated Vaccination Rate as of

Estimated Vaccination Rate as of

With Sustained Long-Term Immunity

Cases Hospitalizations Deaths
No peak No peak No peak
No peak No peak No peak
No peak No peak No peak
No peak No peak No peak
With Waning of Immunity over lyr
Cases Hospitalizations Deaths
16,900 cases on November 11,000 beds on November 200 deaths on November
20", 2021 23", 2021 28, 2021
54,000 cases on November 32,000 beds on November 560 deaths on November
1%, 2021 11", 2021 13", 2021
With Waning of Immunity over 2.5 yrs
Cases Hospitalizations Deaths
8000 cases on October 29, No peak No peak
2021
23,000 cases on November 14,000 beds on November 325 deaths on November
2", 2021 12, 2021 18", 2021
With Waning of Immunity over 5 yrs
Cases Hospitalizations Deaths
5000 cases on November No peak No peak
27,2021
17,000 cases on November 12,000 beds on November 230 deaths on November
17", 2021 21, 2021 24™, 2021
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Fig 3. Model predictions of hospitalizations and deaths. Median predictions of a) total hospitalizations and b) daily deaths over time. Several scenarios are
shown. Median model predictions given estimates of social distancing measures and daily vaccination rate as of Sept. 24™ 2021 are shown by the solid black
curve, while the median model predictions given a full release of social measures is shown in blue. The 90% confidence interval for these two scenarios (social
measures estimated on Sept. 24" 2021, and full release of social measures) are given by the yellow and blue bands, respectively. If vaccination rate is increased
by a factor of 1.5x, the median model predictions are shown by the green curve when applying estimates of social measures as of Sept. 24™ 2021 and shown in
magenta under a full release of social measures. The daily hospitalization and death data is shown by the red circles.

https://doi.org/10.1371/journal.pone.0277521.g003

Pandemic future under waning immunity scenarios

Fig 4 illustrates the likely paths of the pandemic if population immunity is not permanent or
long-term and were to wane over durations of 1 year (fast waning), 2.5 years (moderate wan-
ing) to 5 years (semi-permanent). Forecasts are show for the situation in which estimates of
social protective measures and vaccination rates as of Sept. 24™ 2021 are continued in the
future and when social measures are fully released from Sept. 24'™ 2021 onwards. We also
show results for increasing the vaccination rate by 1.5x the then rate, while maintaining esti-
mates of social measures into the future. It is immediately apparent as expected that if immu-
nity were to wane, the pandemic will settle into a cyclical pattern of rise and depletion in cases
with amplitudes (and peak cases) and inter-wave periods dictated by the duration over which
immunity wanes. Sizes of the oscillating waves would decline while lengths of inter-wave peri-
ods will increase with increasing duration of immunity (Fig 4). Under a scenario where the
then social measures/vaccination rate was to be maintained into the future, the pandemic will
recede and remain suppressed for a long period of time and any resurgence (beyond the period
of simulation shown) will be easily containable.

Full release of social measures, by contrast, can still be dangerous and could result in large
resurges particularly if duration of immunity is short (eg. 1 or 2.5 years). The predicted peak
cases, hospitalizations and deaths given in Table 2 for these two scenarios (ie. continuing the
then vaccination rate with estimates of social measures as of Sept. 24 2021 versus full release
of social measures) further buttress this conclusion. Increasing the vaccination rate, compared

PLOS ONE | https://doi.org/10.1371/journal.pone.0277521 November 15, 2022 10/23


https://doi.org/10.1371/journal.pone.0277521.g003
https://doi.org/10.1371/journal.pone.0277521

PLOS ONE

Forecasting COVID-19 futures

a) 1 Yr Waning Period

40000
@ 30000 |
wn
14}
3]
©
()
€ 20000
e
O
&)
=
8 10000 |
0 1 1 Il 1
RO R A g
R S S
W @ N (&
Qq)t Q/\/ Q(b' 6\/ QQ) Q@’
1 —
»
&
0.75
s
S
S 057
e
[a
0.25 |
[\ RO
/
O 1 1 1 1 L 1
Q N N AN AN %
PP
&I 7 QI Q’ A’ «/ Q/ Q’
§@ §9 NG ;p fp XS?gp ge
F I FLS

40000

30000 r

20000 r

10000 §

b) 2.5 Yr Waning Period

0
P
éﬂ/
,@ ’
&
1 I
-
N -~ 7
0.75
0.5}
0.25
Z N\
- 7 l
0 1 L 1 L 1 1
S P G @ G g P
DB BB D
W 8B SO o R
Q‘b’ 6\/ Q@ 6\ Q,\/ Q‘b 6\' Q@/

c) 5‘Yr V\(aning Pelriod

40000
30000
20000 r
10000 |
0 I L ! g
KOO A ARG
R R R
Q’b po @'b 0@ %,50 f<®
F &g QTP
1 —
Sy
x N
0.75 |
05}
0.25 |
— o
~ -
O 1 1 1 1 1 L
S B G @ P s G P
D BB D PP
NG 2 O e
FEFQL QI

Fig 4. Scenarios of waning immunity. (Top row) Scenarios of waning immunity, given waning intervals of 1 year, 2.5 years, and 5 years. The median model
predictions of confirmed cases given estimated social distancing measures as of Sept. 24™ 2021 and release of social measures are given by the black and blue
curves, respectively. The 90% confidence interval for the median case is given by the orange shading, while the confirmed case data is given in red. (Bottom
row) Forecasts for total proportion susceptible (blue), and total immune (black) are shown over time. Solid curves represent the impact of maintaining social
measures and vaccination rates as of Sept. 24 2021, while the dashed curve denotes the effects for a full release of social measures.

https://doi.org/10.1371/journal.pone.0277521.9004
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to maintaining the rate observed on Sept. 24™ 2021, will initially cause a decrease in daily con-
firmed cases, but will lead to a small peak above the cases forecasted for continuing with Sep-
tember 24" rate. This occurs only if immunity wanes quickly (over 1 year, Fig 4). However,
the cumulative cases generated are reduced by increasing the vaccination rate (see Supporting
information, S4 Fig), indicating that the increase in daily cases is a transient outcome of infec-
tion breakthroughs among the vaccinated individuals particularly when waning of immunity
is rapid. Fig 4 clarifies the primary reasons for the oscillatory dynamics forecasted for the pan-
demic under conditions of waning immunity; the results show that with waning of immunity,
herd immunity may never be reached leading to revivals of the susceptible fraction in the pop-
ulation with the negative impact on achieving population immunity and the increase of sus-
ceptibles more apparent as the duration of immunity declines.

We calculated and used the RMSE values of fits of our models to the case data observed
over a 4-week period around the peak of the 4™ (delta) wave to detect signals for the emer-
gence and operation of waning immunity. In this approach, we assume that better fits by mod-
els with waning immunity over the model with permanent immunity may allow us to
distinguish which of these types of immunity may be becoming operational and thereby offer a
clue as to the likely future path that might be followed by the pandemic in Florida. Table 3 dis-
plays the RMSE values and relative errors of the fits of the models without and with waning of
immunity. These show that models with waning immunity provided better fits (smaller RMSE
values) and reduced the model errors more relative to the model with no waning of immunity.
However, the model that gave the best fit and reduced modelling errors most was that which
incorporated the moderate waning duration (2.5 years) investigated in this study, indicating
that if waning of immunity is playing a role in describing the current state of the pandemic
then the future path of the pandemic will follow one in which immunity may act over a rela-
tively moderately long duration (eg. the path of the pandemic arising from immunity that
wanes over 2.5 years (Fig 5)).

Pandemic fade-out probabilities for different durations of immunity

We used projections from individual models belonging to our best fitting multi-model ensem-
ble to calculate the probability of pandemic fade-out (see Methods). This was carried out
under both the operation of long-term versus a 2.5 year waning of immunity. Fig 5A shows
that if the social measures and vaccination rates operating in Sept. 2021 are maintained into
the future, then we would have reached a very high probability of fade out (>99%) of the pan-
demic by Nov. 13™ 2021 if immunity operated long-term. However, releasing all social mea-
sures from Sept. 24 2021 under this immunity would have delayed the time to fade out of the
pandemic (Fig 5A). The results show that under this scenario, fade out at the corresponding
99% probability level will now only occur just after Nov. 22°¢ 2021. If the vaccination rate, on
the other hand, is raised from the Sept. 2021 level of 20,000 doses per day to 30,000 doses per
day (a 1.5x increase) while the social protection observed until then is continued, the fadeout
of the pandemic under such immunity would be achieved on Nov. 8" 2021, and Nov. 19"

Table 3. RMSE and relative error of models with and without waning of immunity, from July 27, 2021 to Sept.
16,2021 (delta wave peak).

Model RMSE Relative Error
No Waning 40.0 0

lyr Waning 41.7 +4.2%

2.5yr Waning 36.0 -10.0%

5yr Waning 39.8 -0.5%

https://doi.org/10.1371/journal.pone.0277521.t1003
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Fig 5. Model ensemble and probability of elimination over time, given long-term immunity. Ensemble of predictions of daily confirmed cases, and
probability of elimination over time, assuming long-term immunity, given a) estimated social measures as of Sept. 24", 2021 and b) after the full release of
social measures. The predictions of the model ensemble (250 in total, see Methods) are represented by the thin curves in the background of the figure. Given
the estimated social measures and vaccination rate as of Sept. 24, 2021, the probability of fadeout is given by the blue curves, whereas increasing vaccination to
1.5x is presented by the green curves, respectively. If estimated social measures are continued along with the vaccination rate as of Sept. 24 2021, 99%
probability of elimination will be achieved on Nov. 13" 2021, while if social measures are fully released, 99% probability of elimination will be achieved on Nov.
224 2021. With a 1.5x increase in vaccination, the corresponding 99% probability of pandemic fadeout will be achieved on Nov. 8" 2021 and Nov. 19" 2021
for continuing with estimated social measures and given a release of social measures, respectively. Even though there is a significant probability of resurgence
given a full release of social measures, the size of the wave is likely to be very small.

https://doi.org/10.1371/journal.pone.0277521.9005

2021 in the case of full release. These results again indicate that increasing vaccination by 1.5x
the rate observed in Sept. 2021 would have resulted in only a slightly earlier fade-out of the
pandemic under conditions of permanent immunity. This is primarily because very high levels
(90%) of population immunity had already been established in the state’s population by Sept.
24" 2021 (Fig 2).

Our investigation of fadeout probabilities if immunity were to wane (here modelled for 2.5
years) indicate a dramatically different pattern to that predicted above for the condition of per-
manent immunity. The results are depicted in Fig 6, and show firstly that if immunity to
SARS-CoV-2 is not permanent then compared to the scenario of permanent immunity (Fig 5),
fadeout probabilities for the pandemic will not only remain significantly low (eg. reaching 50%
only in 2023), but will also not reach the level smoothly as observed for the case of permanent
immunity. As shown in Figs 4 and 6 this outcome is instrumental to causing resurgences of
the pandemic until eventually a steady endemic state is achieved over the longer-term.

It is also instructive to compare the fadeout probabilities calculated at the time when the
model was last updated (ie Sept. 24" 2021) for the long-term versus impermanent immunity
scenarios to serve a metric for assessing the likely future paths of the pandemic. Our calcula-
tions showed that if long-term immunity was operation, then the fadeout probability achieved
given the social measures practiced up to Sept. 24™M 2021 was close to 82.4%, whereas it was
only 20.4% at that time under the same social conditions when immunity lasted for up to 2.5
years. This indicates that Florida was still at high risk for future pandemic resurgences from
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Fig 6. Model ensemble and probability of elimination over time, given waning of immunity. Ensemble of predictions of daily confirmed cases, and
probability of elimination over time, assuming waning of natural immunity over 2.5 years, given a) estimates of social measures as of Sept. 24" 2021 and b)

after the full release of social measures. The predictions of the model ensemble (250 in total, see Methods) are represented by the thin curves in the background
of the figure. For the estimated social measures and vaccination rate, the probability of fadeout is given by the blue curves. For these scenarios, the probability of
elimination does not reach 50% until 2023.

https://doi.org/10.1371/journal.pone.0277521.9006

Sept. 24™ 2021 if immunity to the virus was impermanent, and further that its population
would also be significantly vulnerable to the emergence of more transmissible new variants.

Impact of new variants

Our data-driven model is based on sequential assimilation of information from longitudinal
case/death data to both minimize initial condition uncertainty [30, 44] and to incorporate tem-
poral changes in external drivers of transmission (containment by social measures, vaccina-
tions, and arrival of variants). Such constraining of model parameters can preserve internal
stability in the predictions [30], but can lead to parameter depletion or invariance when mod-
els are sequentially updated through time whereby posteriors from a previous fit is used as pri-
ors for subsequent fits [32, 33, 41]. This can reduce the capacity of sequentially fitted models to
capture the effects of novel, anticipated, drivers, such as impacts of the advent of future vari-
ants. We have included a parameter variance maintenance mechanism by means of blending
in 25% of values from the original priors set for each parameter into the sequential priors used
to update our model to counter the problem of parameter depletion, and here, we inspected
the utility of this approach for the ability of our data-model framework for forecasting the
impact of the arrival of a new mutant post Sept. 24™ 2021 in Florida. We used the data depict-
ing the omicron wave that emerged mid Dec. 2021 and rose rapidly to peak around Jan. 9"
2022 in Florida to determine if and under what conditions our model that was estimated using
data to Sept. 24™ was able to forecast this future wave in this investigation. Four emerging vari-
ant scenarios were simulated, viz. a new variant that is either emergent on Nov. 1* 2021 or
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Fig 7. Simulations of emerging variants. a) Median model predictions (black) fit to the 7-day moving average of daily confirmed cases in Florida to Sept. 24
2021 (blue), given waning of immunity over 2.5 years. Confirmed case data from Sept. 24™ to Feb. 14™ 2022 is shown by the gray curve. Four scenarios of the
emergence of a 4 variant are shown: 2x transmissibility of the original variants, emerging on November 1* (red, solid line), 1.5x transmissibility, emerging on
November 1% (blue, solid line), 2x transmissibility, emerging on December 1* (red, dashed line), and 1.5x transmissibility, emerging on December 1* (blue,
dashed line). b) Simulations of a 5" variant, emerging on Mar. 1% 2022 (blue), May 1% 2022 (red), July 1 2022 (green), and Sept. 1** 2022 (magenta). Solid lines
represent the case of a 5x increase in transmissibility compared to the original variant, while the dashed lines represent a 3.5x increase in transmissibility.

https://doi.org/10.1371/journal.pone.0277521.g007

Dec. 1°2021, and is either 1.5x or 2x more transmissible than delta. These scenarios were fur-
ther conditioned on the expectation that immunity will wane over 2.5 years.

The results of the forward simulations for these scenarios are shown in Fig 7A. These high-
light that our model updated to data recorded to Sept. 242021 is able to predict the rise of
the large omicron wave observed for Florida from mid Dec. 2021. However, the predictions
for the observed omicron wave that occurred was highly sensitive to the future first emergence
date as well as the transmission rate of the modelled new variant. The best fitting model in this
regard was the one that incorporated a Nov. 1% 2021 emergence date and a transmission rate
that was 2x higher than that estimated for the delta variant (lowest RMSE value of 2338), fol-
lowed by the model in which the variant was simulated to emerge on Dec. 1** 2021 at the same
transmission rate (RMSE: 2913) (Table 4). These results indicate that while our sequentially fit-
ted model that included a mechanism to counter parameter depletion has sufficient variance
and capacity to predict the impact of future variants, it requires the timely provision of data on

Table 4. RMSE and relative error of various omicron scenarios.

Scenario RMSE
Nov. 1 2021 Emergence, 1.5x Transmission Rate 6002
Nov. 12021 Emergence, 2x Transmission Rate 2338
Dec. 1* 2021 Emergence, 1.5x Transmission Rate 6362
Dec. 1* 2021 Emergence, 2x Transmission Rate 2913

https://doi.org/10.1371/journal.pone.0277521.t1004
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the characteristics of these variants in order to generate reliable forecasts. Given that the best
prediction was afforded by the November 1** emergence model, the data also suggests that a
lead time of at least 6 weeks is required for the provision of such information to allow the reli-
able making of such a prediction.

Encouraged by the predictability of the Nov. 1** 2021/2x more transmissible model for the
omicron wave, we inspected the impact of another future 5™ more transmissible (3.5x and 5x
more transmissible than delta) variant emerging in Florida on Mar. 1*', May 1%, July 1* and
Sept. 1° 2022 on the course of the pandemic using this model. The results of these simulations
are shown in Fig 7B, and provide two major insights. First, it shows that while outbreak size
will depend on transmissibility of the new variant with higher transmissibility giving rise to
bigger outbreaks, their overall sizes will be much smaller than the omicron wave. This is pri-
marily due to the establishment of high levels of moderately long-lasting (over a duration of
2.5 years) population immunity in the population from both vaccinations and from previous
waves, including the omicron wave. The second finding is that although varying complexly
with changes in the fraction of the population that revert to being susceptible as a result of
waning of immunity, there will be a tendency for these waves to become comparatively larger
in size the longer out in the future a new variant arrives (best observed for the higher transmis-
sibility modelled here; solid lines in Fig 7B). This is primarily due to the long-term slow growth
in susceptibles as immunity wanes.

Discussion

While there are understandable expectations among both the public and governments that
vaccinations may finally portend the end of the COVID-19 pandemic, our data-driven model-
ling results reported here show that the pandemic could in fact follow different future paths
depending on how rates of vaccinations may interact with variants, levels of social mitigation
measures followed by a community, and critically on the effectiveness and durations of the
immunity generated by the current vaccines in a population. If the population immunity to
SARS-Cov-2 generated by vaccinations and from infections that had occurred in Florida oper-
ates over the long-term, then one future for the pandemic in the state with continuation of cur-
rent levels of vaccination and social distancing measures is for cases to decay steadily until the
pandemic fades out or ends with a high probability (Fig 5). Indeed, if a 99% fade out probabil-
ity is used, we estimate that this would have occurred as early as around Nov. 13 2021. We also
show that under such long-term immunity, a full release of social measures from Sept. 24™
2021, irrespective of whether vaccinations are maintained at the current rate or increased 1.5x
(Fig 2), will no longer result in large increases in cases as would have been the case if such a
release had occurred earlier in 2021 (Mar. 2021) because of the steady increase in this type of
immunity over time (Fig 2). Increasing the vaccination rate to 1.5x (for example by vaccinating
school-age children [45-47],while maintaining the estimates of social measures as of Sept. 24"
2021 into the future will also have only a little impact on this declining future path of the pan-
demic largely because a high level of population immunity (90%) had already been evolved by
Sept. 24 2021 in the state (Fig 2). Essentially, these outcome patterns are also forecasted for
hospitalizations and deaths (Fig 3 and Table 2), with only small increases in these outcomes
predicted for a full release of the currently observed social measures irrespective of increased
(1.5x) or whether the current vaccination rate is followed into the future.

Our forecasts for the course of the pandemic if immunity were to wane, however, project a
dramatically different future path for SARS-CoV-2 transmission (Fig 4). Such a future will be
complex but essentially the pandemic dynamics will be characterized by damped oscillations
or formation of repeat waves of infection with the size of repeat infections and the inter-wave
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periods or periodicity of the oscillations depending on how fast immunity wanes [48-50].
Faster waning could lead to sizeable infection waves and shorter inter-wave periods into the
future, but over the long-run the pandemic will shrink in size and tend towards an endemic
steady state (Fig 4). Our simulations further indicate that these effects will be accentuated if all
social protective measures are fully released at daily vaccination rates as of Sept. 24 2021, but
that if the social measures alongside present vaccinations are continued then it is possible to
not only curb peaks of the repeat waves but also lengthen the inter-wave period. If immunity
were to wane over a relatively long period of time (5 years in our simulations), then the later
interventions could even be optimal in curbing the oscillatory dynamics significantly to allow
practical control of the pandemic (Fig 4).

At the time of writing, it is still not clear how long immunity to SARS-CoV-2 lasts although
it is becoming apparent that immunity is likely to wane [18-20]. However, as shown in Table 3,
the best fit to the Aug. 2021 peak cases observed in Florida in our simulations is provided by the
model characterized by a moderately-long (2.5 years) duration of immunity, indirectly support-
ing the above findings from empirical studies that the overall population-level immunity (from
both vaccinations and natural infections) generated to SARS-CoV-2 is likely to wane but at a
rate that may not cause too rapid a decline in the achieved immunity. There is also growing evi-
dence, in this connection, that the effectiveness (and duration) of immunity from vaccinations
may differ from that induced by natural infections [51]. Such differences, if true, could indeed
be driving the present post-vaccination resurgence in cases observed for US states that have
achieved the highest vaccination rates relative to those that are yet to attain such levels, such as
Vermont (https://www.nytimes.com/interactive/2021/us/vermont-covid-cases.html). We con-
template future work addressing these differences for the course of the pandemic, including
assessing the optimal strategy (eg. introduction of 3™ booster vaccinations with or without min-
imal social mitigation measures [20]) for curbing any detected oscillatory dynamics in the trans-
mission of the virus in different control settings. Note that these impacts of waning immunity
could in reality also mean that policy makers might need to consider tuning and instituting
repeat measures, including retaining some of the least socially disruptive social measures, to
prevent the repeated flare-ups of the pandemic over a foreseeable future until some steady
endemic state in viral transmission is reached. As noted, such permanency in responses may be
seen as representing a new post-pandemic normal as it essentially involves fundamental longer-
term changes to how a society functions normally such that viral transmission over the near-
term future is contained within levels that may be safely tolerated [52].

It is also instructive to note that compared to permanent immunity, the probability of fade
out of the pandemic is unlikely to reach high levels if immunity were to wane (Fig 6). Our sim-
ulations for a 2.5 year waning period indicates that this probability might increase in a step-
wise fashion with each subsequent future wave, but will not reach 100% over the long-run. We
also show how such calculations can be used along with information regarding longevity of
immunity and future expected changes in compliance with social protective measures to indi-
cate how the pandemic could play out in societies. Thus, step-wise changes in fade out proba-
bilities that will not reach 100% over the long-term can be used to infer that the pandemic will
not end but will settle into a wave-like behaviour in the future. Indeed, we could even make
these calculations at a given time during the course of the pandemic to determine if a popula-
tion is still at high risk for future resurgences. For example, our calculations of the fadeout
probability for the pandemic made on Sept. 24 2021 indicated that it was close to 82.4% if
immunity was permanent whereas it only 20.4% at that time if immunity waned over 2.5
years. This indicated that Florida was still very vulnerable following the delta wave and any
dropping of social protective measures would put it at high risk to the omicron variant that
emerged in the state from November 2021.
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We have largely focused on the dynamics of infections in this study, although we show that
if immunity is permanent, both hospitalizations and deaths will decline in the future under
estimated vaccination and social mitigation rates as of Sept. 24™ 2021 (Fig 3). A full release of
social measures will result in an increase in both variables slightly in the immediate future
after which both will again tend to fade alongside infections. While we could expect both vari-
ables to increase perhaps significantly above these levels if immunity were to wane rapidly as a
result of the evolution of large repeat infection waves (Fig 4), recent data suggests that mortal-
ity rates may be declining in relation to infection levels overall owning to clinical as well as
improvements in hospital care, increased testing, roll out of vaccinations, and possibly due to
reduction in infective doses of the virus [53, 54]. This decoupling of deaths/hospitalizations
from infection cases raises another possible future post-pandemic normal, viz. that societies
could learn to live with a controlled level of transmission going forward via both the use of
repeat vaccinations and the use of newly emerging therapeutics for managing disease out-
comes [52]. In this scenario, long or fat-tailed risks [55] could be managed by targeting control
(via temporary social distancing measures and/or targeting vaccinations to unvaccinated indi-
viduals) to emerging high-risk settings or sub-groups. Such post-pandemic normal strategies,
however, will require implementing strong spatially explicit surveillance systems for tracking
emerging cases as well as variants, and evolving adaptive management structures and capaci-
ties within health systems [22], which may be possible in settings with advanced, well-
resourced, public care institutions but may prove challenging for less developed populations.
Note that instituting such long-term digital surveillance can, however, also result in the erosion
of personal freedoms and agency of individuals [56, 57], calling for careful analysis of the
broader societal costs and benefits arising from the widespread deployment of these powerful
technologies.

The evaluation of the capacity of our data-driven model based on sequential calibration to
data for capturing information on initial conditions and temporal changes in external drivers
of transmission while retaining parameter variance (see Methods), for forecasting the impact
of novel variants has shown that if effectively leveraged such a modelling system can be used to
simulate the outcomes of these type of new events reasonably well. However, as shown for the
capacity of our model fitted to data to Sept. 24" 2021 for predicting the omicron wave (Fig
7A), this ability was highly sensitive to receiving timely information on date of first emergence
as well as the transmission rate of a putative new variant. Indeed, given a plausible mix of
emergence dates and virus transmissibility rates, inference can also be made regarding the
likely impacts of variants arriving post-omicron (Fig 7B). We indicate in this regard that
although new waves will be generated by more transmissible future variants their sizes will be
governed by the duration and strength of prevailing immunity as well as the actual transmissi-
bility rates of these variants. We also indicate that the longer out the new variant arrives the
larger the size of the wave that will likely emerge (Fig 7B). These results demonstrate that our
data-driven simulation model can be combined with evolving information regarding new vari-
ants to allow both quantitative forecasts and inferences on their likely impacts. One caveat,
however, is that if a new variant is also more immune evasive, then it could increase the size of
the future waves. The precise increase will need to be investigated in relation to the dynamics
of naturally acquired vs. vaccine-induced immunity as well as their interactions with social
measures to obtain a fuller description of such immune evasiveness on the future of the
pandemic.

Overall, thus, our data-driven forecasts for the future course of SARS-Cov-2 in Florida indi-
cate that contrary to the expectation that the introduction of vaccinations could lead to the
permanent ending of the pandemic, additional futures could become possible if the immunity
engendered through vaccinations and natural infections wane over time. Such futures will be
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marked by repeated waves of infection, the amplitude and periodicity of which will depend on
the duration over which the generated immunity in a population will operate. These complex
futures will require recognition that continual vigilance and perhaps fundamental longer-term
changes over the foreseeable future in both governmental responses and societal functioning
as part of a new post-pandemic normal will be needed to control and mitigate against continu-
ing outbreaks. A key current unknown that may confound these conclusions, however, is the
period over which immunity to SARS-Cov-2 lasts [18-20]. Large repeat waves with short peri-
odicity are possible with rapid waning of immunity, which will require strong control mea-
sures. We may be observing this already in US states, such as Vermont, that are observing
large post-vaccination resurgence in cases despite high levels of vaccination. Another limita-
tion of our work is that we use best-fitted models to project outcomes of various scenarios into
the future. While the use of this combined predictive model/scenario approach can provide
insights to possible future behaviors of the pandemic, it does not capture non-constant
changes in future parameters related to interventions or virus transmission [58, 59]. Nor does
it capture the reality that responses by policy-makers are often to the present incidence rate,
which are likely to significantly influence the future course of the pandemic in complex ways
[14]. Such scenario uncertainty may imply that it is not possible to formulate the probability of
occurrence of one particular pattern a priori, suggesting that an ensemble of plausible but
unverifiable scenarios might need to be simulated to understand how the pandemic may
unfold with emerging data used to distinguish between such scenarios of future changes in key
driving forces (such as followed in this work with regard to determining the likely duration of
immunity (Table 3). Our data-driven projections are also dependent on the quality of data
used to calibrate the present model through time. Anomalies in the data could bias model
parameters and hence propagate errors in the projections, although the ensemble nature of
our forecasting system takes account of these uncertainties to a large degree. In this work, we
chose to neglect age stratification to restrict the number of parameters in the model. While the
model is unable to predict age-specific outcomes, it can faithfully predict future cases and
deaths at the aggregate level, especially in the short-term.

We conclude by noting that while we must always acknowledge the limitations surrounding
the use of models calibrated to past data for precisely forecasting the futures of complex epi-
demics, such as COVID-19 [10, 11], our results do indicate that insightful model-based predic-
tions of the future of the pandemic could be made if uncertainties about future changes in key
drivers are captured appropriately through plausible scenarios, model parameter variance is
maintained to a reasonable level over time, and if the plurality of the likely occurrence of possi-
ble futures is acknowledged and addressed in simulations. This suggests that provided these
conditions are met, models, such as ours, can contain sufficient exchangeable information to
predict the future path of the pandemic [60]. A key requirement for supporting such predic-
tions, however, is the use of simulation analyses with timely observations of the outbreak and
experimental data characterizing variants, both of which will be important for narrowing
down which of the future predicted paths the present SARS-CoV-2 might follow.
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S1 Fig. Average estimated transmission rate (black) and protection due to social measures
(1-d parameter) over time. The transmission rate is an averaged rate over alpha, delta, and all
other variants. The priors on the d parameter are informed by Google Trends search data, as
described in the main text.
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S2 Fig. Daily reported vaccination rate in the state of Florida, as reported by coronavirus.
app (https://coronavirus.app).
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S3 Fig. Proportion of alpha (red), delta (blue), and all other variants in the United States
over time, as reported by the Helix COVID-19 surveillance dashboard (https://www.helix.
com/pages/helix-covid-19-surveillance-dashboard).
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$4 Fig. Cumulative confirmed cases in Florida. The median model prediction given esti-
mates of social measures and vaccination rate as of Sept. 24", 2021 is given in black, while 1 yr,
2.5yr, and 5yr immunity waning periods are shown in red, green, and blue, respectively. The
solid lines represent estimated vaccination rate, while the dashed lines represent a 1.5x increase
in vaccination rate.

(TIFF)

Acknowledgments

This work was made possible by an internal grant from the University of South Florida. The
funder had no role in study design, data collection and analysis, decision to publish, or prepa-
ration of the manuscript. A portion of the model runs was carried out using the MATLAB Par-
allel Computing Toolbox made available by USF Research Computing.

Author Contributions

Conceptualization: Ken Newcomb, Shakir Bilal, Edwin Michael.
Formal analysis: Ken Newcomb, Shakir Bilal, Edwin Michael.
Writing - original draft: Ken Newcomb, Shakir Bilal, Edwin Michael.

Writing - review & editing: Ken Newcomb, Shakir Bilal, Edwin Michael.

References

1. ChenY-T. The Effect of Vaccination Rates on the Infection of COVID-19 under the Vaccination Rate
below the Herd Immunity Threshold. 2021; 18(14):7491. https://doi.org/10.3390/ijerph18147491.

2. Scobie HM, Johnson AG, Suthar AB, Severson R, Alden NB, Balter S, et al. Monitoring Incidence of
COVID-19 Cases, Hospitalizations, and Deaths, by Vaccination Status—13 U.S. Jurisdictions, April 4-
July 17,2021. MMWR Morb Mortal Wkly Rep. 2021; 70(37):1284-90. https://doi.org/10.15585/mmuwr.
mm7037e1 PMID: 34529637.

3. Cevik M, Grubaugh ND, lwasaki A, Openshaw P. COVID-19 vaccines: Keeping pace with SARS-CoV-2
variants. Cell. 2021; 184(20):5077-81. https://doi.org/10.1016/j.cell.2021.09.010 PMID: 34534444

4. Moghadas SM, Vilches TN, Zhang K, Wells CR, Shoukat A, Singer BH, et al. The impact of vaccination
on COVID-19 outbreaks in the United States. medRxiv. 2021: 2020.11.27.20240051. https://doi.org/10.
1101/2020.11.27.20240051 PMID: 33269359.

5. Polack FP, Thomas SJ, Kitchin N, Absalon J, Gurtman A, Lockhart S, et al. Safety and Efficacy of the
BNT162b2 mRNA Covid-19 Vaccine. N Engl J Med. 2020; 383(27):2603-15. https://doi.org/10.1056/
NEJMoa2034577 PMID: 33301246

6. Gumel AB, Iboi EA, Ngonghala CN, Ngwa GA. Towards achieving a vaccine-derived herd immunity
threshold for COVID-19 in the U.S. medRxiv. 2021:2020.12.11.20247916. https://doi.org/10.3389%
2Ffpubh.2021.709369.

7. Prevention CfDCa. CDC COVID Data Tracker. 2021. Available from: https://covid.cdc.gov/covid-data-
tracker/.

8. Organization GWH. WHO COVID-19 Dashboard. 2020 [cited 2022 05/17]. Available from: https://
covid19.who.int/.

PLOS ONE | https://doi.org/10.1371/journal.pone.0277521 November 15, 2022 20/23


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0277521.s002
https://coronavirus.app/
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0277521.s003
https://www.helix.com/pages/helix-covid-19-surveillance-dashboard
https://www.helix.com/pages/helix-covid-19-surveillance-dashboard
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0277521.s004
https://doi.org/10.3390/ijerph18147491
https://doi.org/10.15585/mmwr.mm7037e1
https://doi.org/10.15585/mmwr.mm7037e1
http://www.ncbi.nlm.nih.gov/pubmed/34529637
https://doi.org/10.1016/j.cell.2021.09.010
http://www.ncbi.nlm.nih.gov/pubmed/34534444
https://doi.org/10.1101/2020.11.27.20240051
https://doi.org/10.1101/2020.11.27.20240051
http://www.ncbi.nlm.nih.gov/pubmed/33269359
https://doi.org/10.1056/NEJMoa2034577
https://doi.org/10.1056/NEJMoa2034577
http://www.ncbi.nlm.nih.gov/pubmed/33301246
https://doi.org/10.3389%2Ffpubh.2021.709369
https://doi.org/10.3389%2Ffpubh.2021.709369
https://covid.cdc.gov/covid-data-tracker/
https://covid.cdc.gov/covid-data-tracker/
https://covid19.who.int/
https://covid19.who.int/
https://doi.org/10.1371/journal.pone.0277521

PLOS ONE

Forecasting COVID-19 futures

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.
28.

29.

30.

Ritchie H, Mathieu E, Rodés-Guirao L, Appel C, Giattino C, Ortiz-Ospina E, et al. Coronavirus pandemic
(COVID-19) 2020. Available from: https://ourworldindata.org/coronavirus.

loannidis JP, Cripps S, Tanner MA. Forecasting for COVID-19 has failed. International journal of fore-
casting. 2020. https://doi.org/10.1016/j.ijforecast.2020.08.004 PMID: 32863495

Castro M, Ares S, Cuesta JA, Manrubia S. The turning point and end of an expanding epidemic cannot
be precisely forecast. Proceedings of the National Academy of Sciences. 2020; 117(42):26190-6.
https://doi.org/10.1073/pnas.2007868117 PMID: 33004629

Jewell NP, Lewnard JA, Jewell BL. Predictive mathematical models of the COVID-19 pandemic: under-
lying principles and value of projections. Jama. 2020; 323(19):1893—4. https://doi.org/10.1001/jama.
2020.6585 PMID: 32297897

Akman O, Chauhan S, Ghosh A, Liesman S, Michael E, Mubayi A, et al. The Hard Lessons and Shifting
Modeling Trends of COVID-19 Dynamics: Multiresolution Modeling Approach. Bulletin of Mathematical
Biology. 2022; 84(1):1-30. https://doi.org/10.1007/s11538-021-00959-4.

Adiga A, Dubhashi D, Lewis B, Marathe M, Venkatramanan S, Vullikanti A. Mathematical Models for
COVID-19 Pandemic: A Comparative Analysis. J Indian Inst Sci. 2020:1-15. Epub 2020/11/05. https:/
doi.org/10.1007/s41745-020-00200-6 PMID: 33144763; PubMed Central PMCID: PMC7596173.

Milman O, Yelin I, Aharony N, Katz R, Herzel E, Ben-Tov A, et al. SARS-CoV-2 infection risk among
unvaccinated is negatively associated with community-level vaccination rates. medRxiv. 2021:
2021.03.26.https://doi.org/10.1101/2021.03.26.21254394

Vitiello A, Ferrara F, Troiano V, La Porta R. COVID-19 vaccines and decreased transmission of SARS-
CoV-2. Inflammopharmacology. 2021; 29(5):1357—-60. https://doi.org/10.1007/s10787-021-00847-2
PMID: 34279767

Hacisuleyman E, Hale C, Saito Y, Blachere NE, Bergh M, Conlon EG, et al. Vaccine Breakthrough
Infections with SARS-CoV-2 Variants. N Engl J Med. 2021; 384(23):2212-8. Epub 2021/04/22. https://
doi.org/10.1056/NEJMoa2105000 PMID: 33882219; PubMed Central PMCID: PMC8117968.

De-Leon H, Aran D. What pushed Israel out of herd immunity? Modeling COVID-19 spread of Delta and
Waning immunity. medRxiv. 2021:2021.09.12.21263451. https://doi.org/10.1101/2021.09.12.
21263451.

Goldberg Y, Mandel M, Bar-On YM, Bodenheimer O, Freedman L, Haas EJ, et al. Waning immunity of
the BNT162b2 vaccine: A nationwide study from Israel. medRxiv. 2021:2021.08.24.21262423. https://
doi.org/10.1101/2021.08.24.21262423.

Altmann DM, Boyton RJ. Waning immunity to SARS-CoV-2: implications for vaccine booster strategies.
Lancet Respir Med. 2021. Epub 2021/10/25. https://doi.org/10.1016/S2213-2600(21)00458-6 PMID:
34688435.

Young G, Xiao P, Newcomb K, Michael EJapa. Interplay between COVID-19 vaccines and social mea-
sures for ending the SARS-CoV-2 pandemic. 2021.

Getz WM, Salter R, Vissat LL, Koopman JS, Simon CP. Adaptive vaccination may be needed to extir-
pate COVID-19: Results from a runtime-alterable strain-drift and waning-immunity model. medRxiv.
2021:2021.06.07.21258504. https://doi.org/10.1101/2021.06.07.21258504.

Eker S. Validity and usefulness of COVID-19 models. Humanities and Social Sciences Communica-
tions. 2020; 7(1):1-5. https://doi.org/10.1057/s41599-020-00553-4.

Newcomb K, Smith ME, Donohue RE, Wyngaard S, Reinking C, Sweet CR, et al. lterative data-driven
forecasting of the transmission and management of SARS-CoV-2/COVID-19 using social interventions
at the county-level. Scientific reports. 2022; 12(1):1-19.

Coreau A, Pinay G, Thompson JD, Cheptou PO, Mermet L. The rise of research on futures in ecology:
rebalancing scenarios and predictions. Ecology letters. 2009; 12(12):1277-86. https://doi.org/10.1111/
j.1461-0248.2009.01392.x PMID: 19874385

Carpenter SR. Ecological futures: building an ecology of the long now. Ecology. 2002; 83(8):2069-83.
https://doi.org/10.1890/0012-9658(2002)083[2069:EFBAEQO]2.0.CO;2.

Michael E, Newcomb K. Projections and management of the COVID-19 emergency in India. 2021.

Newcomb K, Smith ME, Donohue RE, Wyngaard S, Reinking C, Sweet CR, et al. lterative near-term
forecasting of the transmission and management of SARS-CoV-2/COVID-19 using social interventions
at the county-level in the United States. 2020.

Bailey JE. Mathematical modeling and analysis in biochemical engineering: past accomplishments and
future opportunities. Biotechnology progress. 1998; 14(1):8-20. https://doi.org/10.1021/bp9701269
PMID: 9496667

Dietze MC. Prediction in ecology: A first-principles framework. Ecological Applications. 2017; 27
(7):2048-60. https://doi.org/10.1002/eap.1589 PMID: 28646611

PLOS ONE | https://doi.org/10.1371/journal.pone.0277521 November 15, 2022 21/23


https://ourworldindata.org/coronavirus
https://doi.org/10.1016/j.ijforecast.2020.08.004
http://www.ncbi.nlm.nih.gov/pubmed/32863495
https://doi.org/10.1073/pnas.2007868117
http://www.ncbi.nlm.nih.gov/pubmed/33004629
https://doi.org/10.1001/jama.2020.6585
https://doi.org/10.1001/jama.2020.6585
http://www.ncbi.nlm.nih.gov/pubmed/32297897
https://doi.org/10.1007/s11538-021-00959-4
https://doi.org/10.1007/s41745-020-00200-6
https://doi.org/10.1007/s41745-020-00200-6
http://www.ncbi.nlm.nih.gov/pubmed/33144763
https://doi.org/10.1101/2021.03.26.21254394
https://doi.org/10.1007/s10787-021-00847-2
http://www.ncbi.nlm.nih.gov/pubmed/34279767
https://doi.org/10.1056/NEJMoa2105000
https://doi.org/10.1056/NEJMoa2105000
http://www.ncbi.nlm.nih.gov/pubmed/33882219
https://doi.org/10.1101/2021.09.12.21263451
https://doi.org/10.1101/2021.09.12.21263451
https://doi.org/10.1101/2021.08.24.21262423
https://doi.org/10.1101/2021.08.24.21262423
https://doi.org/10.1016/S2213-2600%2821%2900458-6
http://www.ncbi.nlm.nih.gov/pubmed/34688435
https://doi.org/10.1101/2021.06.07.21258504
https://doi.org/10.1057/s41599-020-00553-4
https://doi.org/10.1111/j.1461-0248.2009.01392.x
https://doi.org/10.1111/j.1461-0248.2009.01392.x
http://www.ncbi.nlm.nih.gov/pubmed/19874385
https://doi.org/10.1890/0012-9658(2002)083[2069:EFBAEO]2.0.CO;2
https://doi.org/10.1021/bp9701269
http://www.ncbi.nlm.nih.gov/pubmed/9496667
https://doi.org/10.1002/eap.1589
http://www.ncbi.nlm.nih.gov/pubmed/28646611
https://doi.org/10.1371/journal.pone.0277521

PLOS ONE

Forecasting COVID-19 futures

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Berzuini C, Gilks WR. Particle filtering methods for dynamic and static Bayesian problems. OXFORD
STATISTICAL SCIENCE SERIES2003. p. 207-27.

Chen R. Sequential Monte Carlo methods and their applications. IMS Lecture Notes Series, Markov
Chain Monte Carlo. 72005. p. 147-82.

Dowd M. A sequential Monte Carlo approach for marine ecological prediction. Environmetrics: The offi-
cial journal of the International Environmetrics Society. 2006; 17(5):435-55. https://doi.org/10.1002/
env.780.

Iboi EA, Ngonghala CN, Gumel AB. Will an imperfect vaccine curtail the COVID-19 pandemic in the
US? Infectious Disease Modelling. 2020; 5:510-24. https://doi.org/10.1016/j.idm.2020.07.006.

Self WH, Tenforde MW, Rhoads JP, Gaglani M, Ginde AA, Douin DJ, et al. Comparative effectiveness
of Moderna, Pfizer-BioNTech, and Janssen (Johnson & Johnson) vaccines in preventing COVID-19
hospitalizations among adults without immunocompromising conditions—United States, March—
August 2021. Morbidity and Mortality Weekly Report. 2021; 70(38):1337.

Lin D-Y, Gu Y, Wheeler B, Young H, Holloway S, Sunny S-K, et al. Effectiveness of Covid-19 Vaccines
over a 9-Month Period in North Carolina. New England Journal of Medicine. 2022.

Andrews N, Stowe J, Kirsebom F, Toffa S, Rickeard T, Gallagher E, et al. Covid-19 vaccine effective-
ness against the Omicron (B. 1.1. 529) variant. New England Journal of Medicine. 2022; 386(16):1532—
46. https://doi.org/10.1056/nejmoa2119451.

Davies NG, Abbott S, Barnard RC, Jarvis Cl, Kucharski AJ, Munday JD, et al. Estimated transmissibility
and impact of SARS-CoV-2 lineage B.1.1.7 in England. Science. 2021; 372(6538):eabg3055. https://
doi.org/10.1126/science.abg3055 PMID: 33658326

Griffin Ad O’Donnell KL, Shifflett K, Lavik J-P, Russell PM, Zimmerman MK, et al. Serum from COVID-
19 patients early in the pandemic shows limited evidence of cross-neutralization against variants of con-
cern. Scientific reports. 2022; 12(1):1-9. https://doi.org/10.1038/s41598-022-07960-4.

Reingruber J, Papale A, Ruckly S, Timsit J-F, Holcman D. Monitoring and forecasting the SARS-CoV-2
pandemic in France. medRxiv. 2021:2021.07.28.21260870. https://doi.org/10.1101/2021.07.28.
21260870

Fearnhead P, Kiinsch HR. Particle filters and data assimilation. Annual Review of Statistics and Its
Application. 2018; 5:421-49. https://doi.org/10.48550/arXiv.1709.04196.

Cacciapaglia G, Cot C, Della Morte M, Hohenegger S, Sannino F, Vatani SJapa. The field theoretical
ABC of epidemic dynamics. 2021.

Loeffler-Wirth H, Schmidt M, Binder H. Covid-19 Transmission Trajectories—Monitoring the Pandemic
in the Worldwide Context. 2020; 12(7):777. https://doi.org/10.3390/v12070777 PMID: 32698418

Kalnay E. Atmospheric modeling, data assimilation and predictability: Cambridge university press;
2003.

McLaws MLJTMJoA. COVID-19 in children: time for a new strategy. 2021; 215(5):212.

Schleiss MR, John CC, Permar SR. Children are the key to the Endgame: A case for routine pediatric
COVID vaccination. Vaccine. 2021; 39(38):5333—-6. Epub 2021/08/12. https://doi.org/10.1016/j.
vaccine.2021.08.005 PMID: 34393021.

Gostin LO, Salmon DA, Larson HJ. Mandating COVID-19 Vaccines. JAMA. 2021; 325(6):532--3.
https://doi.org/10.1001/jama.2020.26553 PMID: 33372955

Good MF, Hawkes MT. The Interaction of Natural and Vaccine-Induced Immunity with Social Distancing
Predicts the Evolution of the COVID-19 Pandemic. mBio. 2020; 11(5). Epub 2020/10/25. https://doi.org/
10.1128/mBi0.02617-20 PMID: 33097654; PubMed Central PMCID: PMC7587444.

Heffernan JM, Keeling MJ. Implications of vaccination and waning immunity. 2009; 276(1664):2071—
80. https://doi.org/10.1098/rspb.2009.0057.

Giannitsarou C, Kissler S, Toxvaerd F. Waning immunity and the second wave: some projections for
SARS-CoV-2. Cambridge, UK: University of Cambridge, 2020.

Gazit S, Shlezinger R, Perez G, Lotan R, Peretz A, Ben-Tov A, et al. Comparing SARS-CoV-2 natural
immunity to vaccine-induced immunity: reinfections versus breakthrough infections. medRxiv.
2021:2021.08.24.21262415. https://doi.org/10.1101/2021.08.24.21262415.

Rypdal K. The Tipping Effect of Delayed Interventions on the Evolution of COVID-19 Incidence. IntJ
Environ Res Public Health. 2021; 18(9):4484. hitps://doi.org/10.3390/ijerph18094484 PMID: 33922564.

Boudourakis L, Uppal A. Decreased COVID-19 Mortality—A Cause for Optimism. JAMA Internal Medi-
cine. 2021; 181(4):478-9. https://doi.org/10.1001/jamainternmed.2020.8438 PMID: 33351074

Hasan MN, Haider N, Stigler FL, Khan RA, McCoy D, Zumla A, et al. The Global Case-Fatality Rate of
COVID-19 Has Been Declining Since May 2020. Am J Trop Med Hyg. 2021; 104(6):2176-84. https://
doi.org/10.4269/ajtmh.20-1496 PMID: 33882025.

PLOS ONE | https://doi.org/10.1371/journal.pone.0277521 November 15, 2022 22/23


https://doi.org/10.1002/env.780
https://doi.org/10.1002/env.780
https://doi.org/10.1016/j.idm.2020.07.006
https://doi.org/10.1056/nejmoa2119451
https://doi.org/10.1126/science.abg3055
https://doi.org/10.1126/science.abg3055
http://www.ncbi.nlm.nih.gov/pubmed/33658326
https://doi.org/10.1038/s41598-022-07960-4
https://doi.org/10.1101/2021.07.28.21260870
https://doi.org/10.1101/2021.07.28.21260870
https://doi.org/10.48550/arXiv.1709.04196
https://doi.org/10.3390/v12070777
http://www.ncbi.nlm.nih.gov/pubmed/32698418
https://doi.org/10.1016/j.vaccine.2021.08.005
https://doi.org/10.1016/j.vaccine.2021.08.005
http://www.ncbi.nlm.nih.gov/pubmed/34393021
https://doi.org/10.1001/jama.2020.26553
http://www.ncbi.nlm.nih.gov/pubmed/33372955
https://doi.org/10.1128/mBio.02617-20
https://doi.org/10.1128/mBio.02617-20
http://www.ncbi.nlm.nih.gov/pubmed/33097654
https://doi.org/10.1098/rspb.2009.0057
https://doi.org/10.1101/2021.08.24.21262415
https://doi.org/10.3390/ijerph18094484
http://www.ncbi.nlm.nih.gov/pubmed/33922564
https://doi.org/10.1001/jamainternmed.2020.8438
http://www.ncbi.nlm.nih.gov/pubmed/33351074
https://doi.org/10.4269/ajtmh.20-1496
https://doi.org/10.4269/ajtmh.20-1496
http://www.ncbi.nlm.nih.gov/pubmed/33882025
https://doi.org/10.1371/journal.pone.0277521

PLOS ONE

Forecasting COVID-19 futures

55.

56.

57.

58.

59.

60.

Cirillo P, Taleb NN. Tail risk of contagious diseases. Nature Physics. 2020; 16(6):606—13. https://doi.
org/10.1038/s41567-020-0921-x.

Zuboff S. The age of surveillance capitalism: The fight for a human future at the new frontier of power:
Barack Obama’s books of 2019: Profile books; 2019.

Gircan EC, Kahraman OE, Yanmaz S. COVID-19 and the Future of Capitalism: Postcapitalist Horizons
Beyond Neo-Liberalism: Fernwood Publishing; 2021.

Jung SY, Jo H, Son H, Hwang HJ. Real-World Implications of a Rapidly Responsive COVID-19 Spread
Model with Time-Dependent Parameters via Deep Learning: Model Development and Validation. J Med
Internet Res. 2020; 22(9):19907. https://doi.org/10.2196/19907 PMID: 32877350

Kochanczyk M, Grabowski F, Lipniacki TIMMNP. Dynamics of COVID-19 pandemic at constant and
time-dependent contact rates. 2020; 15:28.

Aldous DJ. Exchangeability and related topics. Ecole d’Eté de Probabilités de Saint-Flour XI1l—1983:
Springer; 1985. p. 1-198.

PLOS ONE | https://doi.org/10.1371/journal.pone.0277521 November 15, 2022 23/23


https://doi.org/10.1038/s41567-020-0921-x
https://doi.org/10.1038/s41567-020-0921-x
https://doi.org/10.2196/19907
http://www.ncbi.nlm.nih.gov/pubmed/32877350
https://doi.org/10.1371/journal.pone.0277521

