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Abstract

Households are a major driver of transmission of acute respiratory viruses, such as SARS-
CoV-2 or Influenza. Until now antiviral treatments have mostly been used as a curative treat-
ment in symptomatic individuals. During an outbreak, more aggressive strategies involving
pre- or post-exposure prophylaxis (PrEP or PEP) could be employed to further reduce the
risk of severe disease but also prevent transmission to household contacts. In order to
understand the effectiveness of such strategies and the factors that may modulate them, we
developed a multi-scale model that follows the infection at both the individual-level (viral
dynamics) and the population-level (transmission dynamics) in households. Using a simula-
tion study we explored different antiviral treatment strategies, evaluating their effectiveness
on reducing the transmission risk and the virological burden in households for a range of
virus characteristics (e.g., secondary attack rate—SAR, or time to peak viral load). We
found that when the index case can be identified and treated before symptom onset, both
transmission and virological burden are reduced by > 75% for most SAR values and time to
peak viral load, with minimal benefit to treat additionally household contacts. While treat-
ment initiated after index symptom onset does not reduce the risk of transmission, it can still
reduce the virological burden in the household, a proxy for severe disease and subsequent
transmission risk outside the household. In that case optimal strategies involve treatment of
both index case and household contacts as PEP, with efficacy > 50% when peak viral load
occurs after symptom onset, and 30-50% otherwise. In all the considered cases, antiviral
treatment strategies were optimal for SAR ranging 20-60%, and for larger household sizes.
This study highlights the opportunity of antiviral drug-based interventions in households dur-
ing an outbreak to minimize viral transmission and disease burden.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012573 December 5, 2024

1/21


https://orcid.org/0000-0001-5200-1898
https://orcid.org/0000-0002-5534-5482
https://doi.org/10.1371/journal.pcbi.1012573
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012573&domain=pdf&date_stamp=2024-12-05
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012573&domain=pdf&date_stamp=2024-12-05
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012573&domain=pdf&date_stamp=2024-12-05
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012573&domain=pdf&date_stamp=2024-12-05
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012573&domain=pdf&date_stamp=2024-12-05
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012573&domain=pdf&date_stamp=2024-12-05
https://doi.org/10.1371/journal.pcbi.1012573
https://doi.org/10.1371/journal.pcbi.1012573
https://doi.org/10.1371/journal.pcbi.1012573
http://creativecommons.org/licenses/by/4.0/
https://github.com/lacyk3/SARS-CoV-2Kinetics

PLOS COMPUTATIONAL BIOLOGY Modelling the effectiveness of antiviral treatment within households

lacyk3/SARS-CoV-2Kinetics. All the results’
computation are simulated thanks to the Matlab
code submitted in the S1 Code (see code and
Readme file). The code is protected by Agence de
Protection des Programmes (APP) in France, and
we have the permission to share it.

Funding: This project received funding from the
European Union’s Horizon 2020 research and
innovation program under grant agreement No
101016167, ORCHESTRA (Connecting European
Cohorts to Increase Common and Effective
Response to SARS-CoV-2 Pandemic). The funders
had no role in study design, data collection and
analysis, decision to publish, or preparation of the
manuscript.

Competing interests: The authors have declared
that no competing interests exist.

Author summary

Why was this study done?

o The attack rate of acute respiratory viruses is particularly high in households. Antiviral
treatments can be strategically used to break transmission chains and reduce virus bur-
den, however their use is limited by the difficulty to understand the factors that deter-
mine their effectiveness.

» Two distinct antiviral strategies, either treating the index individual upon diagnosis, or
treating all household members upon index diagnosis, can be evaluated in terms of their
reduction of viral infections and virological burden in the household.

What did we do and find?

o We developed a theoretical framework to determine the impact of antiviral treatment in
households, integrating the complex interplay between viral load dynamics, antiviral
treatment initiation with respect to symptom onset and peak viral load, secondary attack
rate and household size.

All strategies reduce the number of infections by more than 50% when antiviral treat-
ment can be be administered before symptom onset of the index case, but not after.

Treatment initiated after symptom onset are effective in reducing the virological burden
in household, in particular when both index cases and household contacts are treated
and peak viral load occurs after symptom onset.

The effectiveness of antiviral treatment strategies is larger for SAR ranging between 20
and 80%, and increases with the size of the household.

What do these findings mean?

o Our work offers a theoretical framework to anticipate the effectiveness of antiviral strat-
egies in households. It can be used to optimize prescription strategies aiming to prevent
viral transmission and reduce disease burden in households.

Introduction

Households are the epicenter of community transmission of acute respiratory viruses, such as
Influenza or SARS-CoV-2, with transmission rates resulting from close, repeated and inter-
generational interactions [1, 3, 45]. For instance, in the case of pre-Omicron SARS-CoV-2
virus, the household attack rate, defined as the fraction of infected individuals after infection
of an index case, is close to 40%, albeit with large variations across studies reflecting the hetero-
geneity in pre-existing immunity, social habits, as well as size and composition of households
[4, 6,7, 19]. In the Omicron variant era, values as large as 80% have been reported, reflecting
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the dominance of even more transmissible viruses that can escape immunity conferred by vac-
cine or previous infection [7]. Finding ways to prevent the transmission of respiratory viruses
in households is therefore key to prevent community transmission and, in case of threat to
public health, avoid to resort to interventions with an unsustainable economic and social, such
as lockdown, curfew or school closure.

Given the versatility of respiratory viruses, preventing community transmission of severe
infections cannot rely on a single, albeit effective, intervention but rather requires a combina-
tion of non-pharmacological and pharmacological interventions that, together, can reduce the
risk of severe disease in individuals with high-risk factors and break the chains of transmis-
sions. One important but still under-employed layer of defense is the use of antiviral treat-
ments, such as monoclonal antibodies or small molecules. As exemplified for SARS-CoV-2,
these treatments can be highly effective in treating infected patients, reducing the risk of severe
disease by 70-90% when administered within the first week of symptom onset [8, 9, 16], but
they can also be used as pre- or post-exposure prophylaxis to reduce the risk of symptomatic
disease [10, 11] or transmission. This approach is not novel, and large-scale treatment strate-
gies in households have already been proposed in the past to reduce the burden of seasonal or
pandemic Influenza virus [13, 14]. In the context of SARS-CoV-2, such strategies have been so
far limited by a limited supply and the need for many of these treatments to be administered
intravenously but the rapid development of safe, effective and orally available drugs, such as
Paxlovid [2, 12], could broaden their use.

The large deployment of antiviral treatment strategies remains however limited by the diffi-
culty to measure their effectiveness and to factor in the multiple parameters that modulate it,
in particular the virus transmission rate and the timing of treatment administration. While
“the sooner, the better” is a long-standing paradigm of antiviral therapy [15], its implementa-
tion in real life is hampered by the challenge to identify patients before large quantities of virus
have already been excreted. In the future, the experience acquired during the last pandemic in
terms of contact tracing and implementation of contactless clinical studies [42] will enable
more precocious strategies that can be implemented in case of threat to public health. This,
therefore, makes it urgent to clearly identify the conditions required for a successive deploy-
ment of antivirals in households, and to quantify the effectiveness that can be expected.

We here define a quantitative framework to predict the effectiveness of antiviral treatment
strategies in households. We develop a multi-scale model integrating both the evolution of
viral load within infected individuals and the risk of virus transmission. By factoring in the rel-
ative role of the epidemiological, clinical, pharmacological, virological and immunological
parameters and by using the model to simulate thousands of households, we evaluate the
impact of antiviral treatment under different prescription scenarios/strategies to mitigate
acute respiratory virus transmission in households.

Methods

A multi-scale model to link viral dynamics and the risk of transmission
over time

Viral dynamic model. The viral dynamic (within-host) model characterizes the change in
viral load levels after infection at time ¢ = 0. It builds on previous model developed for SARS-
CoV-2 and other acute viral infections [20, 21, 34]. In brief, the model includes three types of
cell populations: uninfected susceptible target cells (T), infected cells in an eclipse phase (I;),
and productively infected cells (I). The model assumes that target cells are infected at a con-
stant rate 8. Once infected, cells enter an eclipse phase and become productively infected at a
constant rate k. Productively infected cells produce viral particles at a constant rate 77 and are
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eliminated at a dynamic rate A(¢) where A(f) = §; before adaptive response time 7, and A(f) =
8, when t > 7. A fraction y of the viral particles is infectious, noted V}, and the remaining viral
particles are non infectious, noted Vyy;. Viral load at time ¢ post infection, V(¢), is the sum of
infectious and non-infectious viral particles, both cleared at the same rate constant c. In addi-
tion, the model accounts for a time-dependent immune response via a dimensionless compart-
ment, F, which is stimulated by the presence of viral particles. In this model, F has an intrinsic
loss rate, noted dp, and F acts by increasing the loss of infected cells, with a non-linear and sat-
urable effect defined by ;= where 0 is the level of F required to achieve 50% of the maximum
immune response. The model also incorporates an adaptive immune response with a refrac-
tory state. The innate immune response is modelled through the refractory compartment R
and the effect of IFNs. The transition rate of cells from the susceptible state to refractory one is
defined by the parameter ¢. Cells within the refractory compartment can come back with rate
p to the susceptible target compartment, providing temporary protection induced by IFNs.
The model is given by the following equations:

Z—f = —pTV — ¢TF + pR

% = ¢FT — pR

% = BVT — kI,

% = kI, — A(t)I,

%:nu(l—F—Jie)IQ—cV, M)
d;/tN’ =n(l—u) (1 - 1%6)12 —cVy

% =ql, —d;F

A(t)=0, t<=t
where {
A(t)y=90, t>1.

The basic within-host reproduction number, R*", defined as the average number of sec-

ondary infected cells resulting from one infected cell in a population of fully susceptible target

pToBu
0 C

Transmission model. Following previous publications [24], a Power-law model is used to
relate the non-linear relationship between viral load at time ¢, to the instantaneous risk of
transmission during a high-risk contact, p(#):

cells, is equal to

pt) =1 — e (2)

where M quantifies the strength of the association between viral load and transmission and h

reflects the stiffness of this association. Another way at looking at the model is to observe that
h

p(t) =1 — (e7""")™ such that M can also be interpreted as a proxy of the intensity of the con-
tact. To account for the variability in this parameter across individuals, due to different behav-
ioral or biological factors, we further assumed that M follows a log-normal distribution with
mean value m and standard deviation o. As household contacts are not unique and may be
repeated, we note P(co) = lim,_, . P(f) the probability that at least on these contacts leads to an
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infection, given by: P(t) = 1 — I1,¢[0,4(1 — p(&))), and we assume without loss of generality 1
contact every 12 hours (i.e., 2 contacts per day). Finally we define the Secondary Attack Rate
(SAR) as the mean of P(co) over all infected individuals.

Impact of antiviral treatment on viral load. When an individual receives an antiviral
treatment at time ¢ = ¢, after infection, the viral dynamic model given by the equations differ-
ential system (1) is modified to reflect the effect of treatment on reducing the production of
viruses by infected cells, with an efficacy noted ¢, leading to the following model:

T
% = —pTV — ¢TF + pR
dR
— = ¢FT — pR
i p
dl,
i pVT — kI,
dl
d—: = kI, — A(t)],
av, F (3)
i n(1 e),u(l T 0)12 cV,
dv F
dtNl = 7T(]. - 6)(1 — /l) (1 — F——|—6>12 — CVN[
dF
A(t)=90, t<t
where
A(t)y=90, t>1.

Importantly, we here assume that treatment, once initiated, is continued until virus eradica-
tion. By reducing viral replication, treatment reduces viral load levels and hence the risk of
transmission as given by Eq (2) (see Figs 1 and 2).

Model calibration. To calibrate our viral dynamic model, we used data from the National
Basketball Association’s cohort [17, 18], which constitutes the most detailed dataset available
on SARS-CoV-2 viral load so far. Overall the model was fitted to 607 individuals, that could be
infected with pre-Omicron or Omicron variants. Inference procedure is detailed in S1 Text.
“Viral load dynamic model and calibration” and parameter values are summarized in S1 Table.

In addition, we assume that the incubation period follows a log-normal distribution with a
mean of 4 days and a standard deviation of 0.125 days, i.e., 90% of patients have an incubation
period ranging between 3 and 6 days as observed for SARS-CoV-2 [26]. We assume that treat-
ment antiviral efficacy, ¢, is equal to 99% on average (S1 Table), as observed for highly potent
protease inhibitors [12].

Regarding the parameters governing the relationship between the viral load and the risk of
transmission in Eq (2), we assume homogeneous mixing in the household and that all individ-
uals have two (high risk) contacts per day to any other household member. We fix the value of
h to 0.49, as previously estimated [24]. The parameter M is sampled from a log-normal distri-
bution with mean m and standard deviation o = 0.85 (see S1 Table). We consider m values
ranging from 2.9 x 107" to 7.9 x 107> mL/cp in order to reproduce SAR ranging from 5% to
97% in absence of antiviral treatment (Fig 2D).

The joint within- and between- host model can generate usual metrics of epidemiological
studies, such as the SAR or the generation time, defined as the interval between the infection
of an index infector and the infection time of its secondary cases. For instance, m = 3.76 x 107°
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Fig 1. Viral dynamics and antiviral treatment. (A) Individual viral dynamic profiles predicted by the model in 30 individuals (Eq 3), that are either untreated (I, gray),
treated within 5 days after symptom onset (I,,, orange), or treated within 4 days after infection (I, green). All parameters are given in S1 Table, and the model assumes
that a mean incubation period of 4 days, and a mean treatment antiviral efficacy of 99%. (B) Distribution of the peak viral load predicted by the model. (C) Distribution of
the time to peak viral load predicted by the model. Note that gray and orange distributions overlap in (B) and (C) as the treatment is mostly initiated after the peak load
time.
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Fig 2. Impact of antiviral treatment on the risk of virus transmission. (A) Instantaneous probability of virus transmission, p(t), in 30 individuals that are either
untreated (I, gray), treated within 5 days from symptom onset (I,,, orange), or treated within 4 days after infection (I, green). All parameters are given in S1 Table. (B)
Cumulative probability of transmission to another member of the household, P(t), assuming two contacts per day. (C) Distribution of the overall transmission probability,
P(c0). Top right, without treatment, with SAR defined as the mean of the distribution. Similar definitions are used to defined SAR when treatment is initiated after
symptom onset (SAR.,, orange) or before symptom onset (SAR,, green). (D) SAR, SAR.,,, and SAR,,, values according to different values of m. (E, F) Generation time
distribution for SAR = 40% and SAR = 80% respectively. A-B: Simulations conducted for m = 3.76 x 10° mL/copies (see Eq (2)), corresponding to SAR = 40%.

https:/doi.org/10.1371/journal.pchi.1012573.g002
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https://doi.org/10.1371/journal.pcbi.1012573.9003

mL/copies corresponds to SAR = 40%, as typically observed with SARS-CoV-2 pre-Omicron
variants [31], leading to a mean generation interval of 4 days, consistent with values reported
in the literature [47-50]. Similar calculations can be done to reproduce values observed with
SARS-CoV-2 Omicron variants (Fig 2).

Modeling household transmission and impact of antiviral treatment

Household transmission and measure of the outbreak severity. The within- and
between-host model presented until now only considers the risk of transmission from one
infected individual to another individual, but it does not account for transmission chains that
can occur in households of size § > 2 (Fig 3A). We therefore generalize the previous model to
households of size § > 2 assuming homogeneous mixing and fixed contact rate between all
household members. Therefore, transmission can occur to any other non-infected individuals
in the household, and we assume that an individual can be infected only once during an out-
break (no reinfection). When all transmission chains in the household have extinguished, out-
break severity in a household & can be measured using two metrics (Fig 3A):

o The number of cases, noted c;, from which one can define the transmission rate, defined as
the proportion of secondary infections in the household, also called the Final Attack Rate

(FAR), as FAR, = %

st

o The total virological burden, AUCVLy, computed as the sum of the area under the curve of
the viral load of all infected individuals in the household. Because AUCVL;, measures the
total amount virus that has been excreted by a household during an outbreak, it can be used
as a proxy of the risk of both severe infection (within the household) and of virus transmis-
sion in the community (outside the household) as, AUCVL, = >_"| [\™ V., ()du where Vi
n(u) the viral load at time u for individual k in the household h.
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Intervention strategies and measure of their effectiveness. We consider four treatment
strategies. In the first scenario, noted I,,,,, the index individual initiates treatment within 5 days
from symptom onset, assuming a uniform distribution for treatment initiation between 0 and
5 days post symptom onset. The second scenario, noted I, assumes that treatment is admin-
istered before symptom onset as a post-exposure prophylaxis, assuming again a uniform distri-
bution for treatment initiation between infection time (t = 0) and symptom onset. Then we
consider the same treatment strategies, assuming now that treatment is given not only to the
index individual, but also and simultaneously to all household members, regardless of their
infection status, as either a post-exposure prophylaxis (when the index is already symptomatic,
noted I, + Hyep), OF as a pre-exposure prophylaxis (when the index is not yet symptomatic,
noted I, + Hpep) (Table 1).

Next, for each of these strategies, we simulated outbreaks in a large number of households,

Niim»> using the distribution of household sizes in France (see below) and this provided us with
N,

an (expected) number of infection (N,,, = 1= x >, " ¢,), virological burden
(AUCVL = 31 x 3, AUCVL,) and transmission rate: FAR = 7 x 37, FAR,.
We then calculated the effectiveness of each strategy I, as the relative reduction in the

mean outcome compared to that obtained when no treatment is given, I,. Thus, an effective-
ness of 50% in the transmission rate implies that a strategy reduces by half the mean FAR as

compared to a strategy where no treatment is used (1 — iﬁi’,’; ).
Table 1. Main assumptions of the model.
Model component Main model Alternative models
Viral dynamic model
Viral kinetic model Target cell model with an innate immune response NA
Mean time to peak viral load 4 days 1 and 7 days
Mean time to symptom onset (Incubation) 4 days NA
Transmission model
Probability of virus transmission during a high risk contact pt) =1 — v’ " NA
at time ¢ M ~ log-N (m,0.85%)
Secondary Attack Rate (SAR) 40% (m = 3.76 x IO’GmL/cp) 5-97%
80% (m = 1.88 x 10~> mL/cp) (m €[2.9%107,7.9 x 10~°mL/cp)
Household size (S) 2to 6 NA
(distribution based on French demographics)
Number of high risk contacts between any two household 2 per day NA
members
Impact of household size on SAR none SAR decreases with S
Antiviral treatment
Mechanism of action Inhibits virus production NA

Antiviral efficacy

99%

50% and 90%

Treatment strategies

Index individual

Household members

I, (reference)

No treatment

No treatment

Ly Treatment randomly initiated within 5 days from No treatment
symptom onset
Loep Treatment randomly initiated before symptom onset No treatment
Teyr + Hpep Treatment randomly initiated within 5 days from Simultaneous initiation in all household

symptom onset

members

Tpep + Hprep

Treatment randomly initiated before symptom onset

Simultaneous initiation in all household
members

https://doi.org/10.1371/journal.pcbi.1012573.t001
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We also calculated for each strategy I, the number of cases avoided per number of treat-
ments administered as the reduction in the total number of infected individuals as compared
to no treatment (Ip), divided by the total number treatment courses given, noted

— Nstm
Ntot - h=1 ny,, as

Ng;

sim

R SCEED (@)

tot h=1

where 7y, is the number of treatment given in household /& which can be either equal to 1 (I,
or I,,., strategies) or Sy, the size of the household h (I, + Hp, Or Iy, + Hprep Strategies)

Household distribution. We simulated the outbreak in N;,,, = 50, 000 households for
each antiviral strategy considered. Because results depend on household size, we rely on the
distribution of household sizes reported by the French National Institute of Statistics and Eco-
nomic Studies (INSEE) [33] with households of size 2, 3, 4, 5 and 6 representing 50.85%,
21.62%, 18.20%, 6.69% and 2.64% of all households, respectively (see S2 Table).

Designing a clinical trial to evaluate the effectiveness of an antiviral strategy. We
finally evaluate the number of households that would be required to demonstrate in a clinical
trial a significant effectiveness of the different antiviral strategies, considering as primary end-
points either the mean Final Attack Rate (FAR) or the mean virological burden (AUCVL). We
consider a controlled study versus placebo (no treatment), with a 1:1 randomization on house-
holds, a type I error of 5% (two-sided test) and a statistical power of 90% for. AUCVL was
treated as a continuous random variable normally distributed and a t-test was used to assess
difference between treated and untreated, while FAR was analyzed as a discrete random vari-
able using a binomial test.

Generalization of the model and sensitivity analysis

Evaluating the impact of different viral kinetic patterns and viruses. Because the effec-
tiveness of each strategy critically depends on the delay between treatment initiation and peak
viral load, we finally generalize our approach to different patterns of viral kinetics. In addition
to the initial scenario where the time to peak viral load coincides with symptom onset and
occurs at 4 days post infection, we now also consider more general cases where the time to
peak viral load occurs at 1 or 7 days post infection, i.e., 3 days before or after symptom onset,
respectively. Parameter values used to reproduce these kinetics are summarized in S3 Table.

Exploring a secondary Attack Rate that depends on household size. Importantly, our
model assumes that SAR is independent of the household size. As a large household size
increases the risk of tertiary transmission (i.e., not originating from the index case), our model
predicts that FAR increases with household size (Fig 3B). This may however overlook the exis-
tence of mechanisms that limit the spread of the virus in large households, such as the fact that
contact rate are not homogeneous, as observed in many epidemiological studies [19, 27-30,
32].

We therefore also considered in a sensitivity analysis a model where SAR decreases with the
size of the household size. Noting SAR the value observed for S = 2, as before, we note SARg
the SAR for household size greater than 2 and we assume that SAR; = % (S > 3). Thus, in
this setting, we used a different value of m in each household size, relying on the relationship
between m and SAR that was established above. Simulations show that the expected value of
FAR is much less sensitive to the household sizes (see S1 Fig).

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012573 December 5, 2024 9/21


https://doi.org/10.1371/journal.pcbi.1012573

PLOS COMPUTATIONAL BIOLOGY Modelling the effectiveness of antiviral treatment within households

Drug antiviral efficacy. In our main analysis we assume that treatment antiviral efficacy,
€, is equal to 99% on average (S1 Table) [12]. As a sensitivity analysis, we also consider lower
antiviral efficacy of 50% and 90% (Table 1), as observed for other drugs [51].

Results

A multiscale model to understand the interplay between treatment, viral
dynamics and transmission risk

The multiscale model combines a within-host model of viral dynamics and a between-host
model that estimates the probability of virus transmission after a contact [22, 24]. The model
reproduces the patterns of kinetics observed with SARS-CoV-2, with a time to peak viral load
that coincides with the incubation duration and is equal to 4 days on average, albeit with a
large inter-subject variability (Fig 1A), and a median time to viral clearance of 15 days [23]. In
this context, initiating a treatment after symptom onset, hence after peak viral load in general,
has only a minimal effect on viral load (Fig 1A). Conversely, initiating a treatment before
symptom onset can have a dramatic effect on viral load, reducing peak viral load and the dura-
tion of viral shedding. Accordingly, treatment initiated after symptom onset is predicted to
have a minimal effect on transmission, while a pre-symptomatic treatment may dramatically
reduce the risk of transmission (Fig 2). Using a secondary attack rate (SAR) of 40%, as typically
reported for SARS-CoV-2 pre-Omicron variants [31], we predict that treatment initiation
within 5 days of symptom onset will reduce the mean secondary attack rate to 30%. Treating
before symptom onset will reduce SAR to 4.5% (Fig 2C). Similar results are observed for other
ranges of SAR, confirming the large benefit of early treatment on reducing virus transmission
(Fig 2D).

Treating index case and household members reduces transmission and
virological burden

The model integrates transmission chains to simulate outbreaks in households. In households
of size 2 or 3, the Final Attack Rate (FAR), defined as the mean proportion of secondary cases
in household (see Methods), and the virological burden, defined as the mean cumulative viral
load in household (see Methods), increase linearly with SAR, consistent with the fact that most
transmission event originate from the index case. However, in households of size greater than
4, the FAR increases in a non-linear fashion with SAR (Fig 3B), reflecting the multiple chains
of transmission that can exist in large households, in particular when SAR has intermediate
ranges between 10 and 40%.

Next, we evaluate the impact of antiviral treatment on household transmission. Because
antiviral drugs are most generally prescribed with the aim of treating an infected individual,
we here consider the most common case where the index case is already symptomatic and is
treated within 5 days of symptom onset (I, see Methods). Because most index cases are
already in the clearance phase of the virus when treatment is initiated, this strategy has only a
minimal effect in reducing both the number of infected individuals and the virological burden,
regardless of SAR (Fig 4) and household size (S2 Fig).

A more aggressive strategy where all household members are treated upon diagnosis of the
symptomatic index, regardless of their infection status (I, + Hp.p, see Methods), is more effec-
tive in this case. Although most transmission events originating from the index case have
already occurred when treatment is initiated, this strategy acts as a post-exposure prophylaxis,
reducing both the risk of further transmission events and the virological burden in secondary
infected individuals. Consequently, it leads to a larger reduction in the number of infections,

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012573 December 5, 2024 10/21


https://doi.org/10.1371/journal.pcbi.1012573

PLOS COMPUTATIONAL BIOLOGY Modelling the effectiveness of antiviral treatment within households

- 4 x10°
1soor SAR = 40% SAR = 80% g SAR=40% SAR = 80%
1600 35F
1400
) 2 3
Sy @
S S 1200 g
2 .g g 25
T O
£ 2 1000 x
T 0 H 5|
2L 2
S8 800 9
== =
=T 5| 15
58 600 3
~ =2
z 2 4L
400
200 05
0 S 0 E—
- . - i i
-3 & & -3 88 8 - 3§ 83 .3 & & £
T = T - =z z -2 - - I
5 +n. +_ +Q_ +_ T +_ +D-
-° g 23 2 K g _3 g
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in particular in household of size greater than 4, where several transmission chains are more
likely to occur (see S2C and S2D Fig). Because only about 25% of households are of size > 4 in
France, the overall effectiveness of this strategy on the number of infections is nonetheless
small and remains equal to 20-38% for most cases considered (Fig 5A).

Despite its limited effectiveness on virus transmission, treating all household members can
be effective to reduce the virological burden. When baseline SAR is high, e.g. SAR > 30%, the
effectiveness ranges 45-52% (Fig 5B). This average effectiveness masks important differences
across households composition, with larger effectiveness in households of size > 4 (see S3A

and S3B Fig).
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Fig 5. Effectiveness of treatment strategies. (A) Treatment effectiveness on transmission. (B) Treatment effectiveness on virological burden. (C) Number of cases
avoided per amount of treatments deployed. All effectiveness are relative to no treatment.
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Preempting symptom development in community contacts largely
improves the effectiveness of antiviral treatment strategies

We then investigate a strategy in which the index case is treated before symptom onset as post-
exposure prophylaxis (I,,,). Because treatment is initiated before peak viral load, most trans-
mission events are averted. Consequently, this strategy has an effectiveness greater than 75%
for most SAR values, and up to 95%, on both the transmission rate and the virological burden
(Fig 5), regardless of household size (S3 Fig). Of note the effectiveness of this strategy marks a
net decrease for SAR > 80%, as the generation time decreases with SAR (Fig 2E and 2F),
thereby increasing the risk of virus transmission before treatment initiation (Fig 5A and 5B).
Although the additional benefit of treating all household members on virus is low in general
(Fig 5), this strategy is relevant to reduce the virological burden, with effectiveness close to
100%, regardless of SAR and household size (Fig 5A and 5B and S3 Fig).

In a cost-effectiveness perspective, treating only the index case before symptom onset is
highly efficient (Fig 5C), with a number of cases avoided per treatment unit deployed larger
than 1 if SAR is greater than 45%, as compared to a maximum value of 0.27 when the index
case is treated after symptom onset (i.e., 4 individuals are treated to avoid 1 infection).

The model can be directly used to support the design of clinical trials

The modeling framework can also be used to design clinical trials assessing the effectiveness of
antiviral strategies (see Methods and S10 and S11 Figs). Focusing on SAR ranging between 20
and 80%, treating only the index case after symptom onset (I,,,,) would require 170-430 house-
holds per arm to evidence a clinical effectiveness on transmission (see Fig 6), and 340-450
households to demonstrate effectiveness on virological burden. Treating all household mem-
bers (I, + Hp,) would be more advantageous, requiring 70-240 and 30-100 households to
demonstrate a reduction in the transmission rate and the virological burden, respectively.
Much lower numbers are required when the index case is treated in the pre-symptomatic
phase (Iyep Or Iy, + Hpyep), With less than 25 households needed to demonstrate an effect on
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Fig 6. Number of households (per arm) required to achieve 90% statistical power in 1:1 randomized clinical trial vs placebo (no treatment). (A) Number of
households required to demonstrate a reduction in the Final Attack Rate (FAR). (B) Number of households (per arm) required to demonstrate a reduction in the
virological burden (AUCVL).
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the number of transmissions, and less than 20 households to show an effectiveness on the viro-
logical burden.

Note that these results are obtained in a context where only 25% of households have more
than 4 members (French distribution). Focusing only on large households (see S11B Fig) and
treating all their members would diminish the number of households required by a factor of
1.3 and 2.3 for I,e, + Hpyep and I, + Hp,, strategies, respectively (S9 Fig).

Results are robust to changes in SAR expressions and lower levels of
antiviral activity

As a sensitivity analysis we also considered the case where SAR decreases with household size
(see Methods and S1, S4 and S8 Figs). The results obtained with this alternative model were
largely similar to those presented above, which is due to the fact that less than 25% of house-
holds are of size 4 or more, thereby limiting the impact of large households (see S4 Fig).

We also evaluated the impact of a treatment with a lower mean antiviral efficacy, noted €,
than what was assumed in our baseline scenario (e = 99%). € = 50% leads to a marked decrease
of the effectiveness of all strategies (S5 Fig), while € = 90% shows almost similar effectiveness in
Icur strategies than our baseline scenario. However € = 90% leads to a markedly lower effec-
tiveness of I, strategies (S5 Fig), reducing the clinical effectiveness from more than 75% in
the baseline scenario (see above) to between 40 and 80% for most SAR values.

Treatment effectiveness for other patterns of viral kinetics

Finally, we generalize our approach to different viral kinetics profiles, with a time to peak viral
load occurring at 1, 4 and 7 days post infection (S7 Fig), respectively, and a incubation period
that remains equal to 4 days [26]. This allows us to generalize our results to different acute
viral infections, where the peak viral load can either precede or coincide with symptom onset,
as observed for SARS-CoV-2 or RSV [5], or afterwards, as observed for Influenza and SARS-
CoV-1 [34-36].

When the index case is already symptomatic (I, strategies) and peak viral load occurs
before or at symptom onset, the effectiveness on reducing transmission remains low in all
cases considered (Fig 7). The effectiveness of I, strategy increases with the time to peak viral
load, with values ranging 0-25% when the peak viral load occurs 3 days before symptom onset
and 25-75% when the peak viral load occurs 3 days after symptom onset. In all these scenarios,
the effectiveness decreases with SAR and we observe a limited additional benefit of treating all
household members (I, + Hp). As previously reported in the main scenario, the effective-
ness on reducing virological burden is systematically larger than on transmission, in particular
when all household members are treated I, + H,.,, with effectiveness values ranging from
25-50% when peak viral coincides with symptom onset for SAR < 60%, to values up to 75%
when peak viral load occurs more than 3 days after symptom onset.

The effectiveness of strategies reaching out the index case before symptom onset is
undoubtedly better (I, strategies), with effectiveness greater than 75% in all scenarios consid-
ered, regardless of SAR, as long as peak viral load coincides or occurs after symptom onset.
Notably, the effectiveness is very high even if only the index case is treated. This strategy can
even be effective in unfavorable cases where peak viral load precedes symptom onset by three
days, with effectiveness in the range 50-75% as long as SAR is less than 70%. Of note these
results remain almost equivalent when using the alternative model of SAR according to house-
hold size (S8 Fig).
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Discussion

Evaluating the global benefit of an antiviral treatment requires not only the quantification of
its benefit at the individual level, using virological or clinical endpoints, but also at the popula-
tion level, in reducing the risk of virus transmission. In the case of acute respiratory viruses,
this evaluation is challenging because the risk of transmission is not constant and changes very
rapidly over a short period of time, reflecting the dynamic evolution of viral replication. Here,
we developed a multi-scale modeling approach that follows viral dynamics at the individual
level and relates it to the risk of transmission. Using this framework and applying it to house-
hold setting, we could predict the effectiveness of antiviral strategies according to key factors,
in particular the virus contagiousness level or what we called the Secondary Attack Rate (SAR),
household size, incubation period, time to peak viral load, antiviral efficacy and timing of
treatment initiation.

Our results show that in the typical conditions of SARS-CoV-2 pre-Omicron and Omicron
variants, with a peak viral load that coincides on average with symptom onset, treatment strat-
egies targeting a symptomatic index case will be poorly effective at reducing both the number
of secondary infections and the virological burden. Of note, this result is obtained at the popu-
lation level, where most households are of size 2 or 3, and masks the role of treatment in large
households, with four or more individuals where treating all household members is effective to
break transmission chains and reduce virological burden (S3 Fig). In general our results show
that when the index case is symptomatic, there is a benefit in treating all household members,
regardless of their infection status. This strategy can achieve effectiveness greater than 50%
when SAR is less than 80% and peak viral load occurs after symptom onset, as possibly
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observed for Influenza [34]. The effectiveness of strategies targeting individuals when they are
exposed contact cases, i.e. the index case is treated before symptom onset, is unambiguously
better, with effectiveness mostly larger than 50% in all cases considered. In that framework, the
additional benefit of treating all household members (of the exposed contact case) is limited,
even though a virtually complete abrogation of the virological burden can theoretically be
achieved, regardless of SAR. Identifying and treating index cases before symptom onset is chal-
lenging, but is not out of reach. During the last pandemic, most clinical trials focused on out-
patients within 5 or 7 days of symptom onset [12], or on pre-exposure prophylaxis, but some
studies enrolled high risk contact patients [11, 44]. In future outbreaks, the experience
acquired on contact tracing, rapid drug distribution, and implementation of contactless clini-
cal studies [42] will improve the capability to run reactive clinical trials in the community, pro-
vided that affordable, safe and oral drugs are available. In that perspective, our results show
that strategies targeting the index case are key to achieve a high effectiveness, and could partici-
pate to the arsenal of public health measures to reduce the burden of disease, protect most at
risk individuals and accordingly reduce the duration of isolation of high risk contacts.

This modeling framework can also be used to design clinical trials. As an illustration, we
calculated the number of households required to assess effectiveness on either transmission or
virological burden, assuming a 1:1 household randomized study between treatment and pla-
cebo. Because of their relatively low effectiveness, strategies enrolling only symptomatic index
would require about 170-430 households (per arm) to assess effectiveness on transmission.
Although these numbers may appear to be high, they remain doable, in particular if consider-
ing contactless trial [42]. More sophisticated designs could also be proposed, where the ran-
domization could be at the individual rather than at the household level, or where different
treatment strategies could be proposed in index and contact cases. To keep our results easily
interpretable we did not consider this possibility here. Such policy would require to address
ethical and practical challenges, in particular the risk of pill sharing. Also, our results show that
study endpoints focusing on virological burden are systematically more powerful than those
focusing on transmission, reducing the number of needed household to less than 100 for SAR
greater than 20%. However, a virological endpoint has also practical drawbacks, in particular
the requirement to draw repeated PCR tests in all household members. Note that, here as well,
focusing on households of size of 4 and larger may be more powerful.

Our model makes a number of important assumptions and simplifications that we discuss
below.

First, while our central scenario relied on typical parameters of SARS-CoV-2 viral dynam-
ics, our approach aims to provide a general understanding of the factors governing treatment
efficacy against ARI and is not tailored for one specific virus. Indeed, we explored a variety of
viruses, as illustrated by the large range of SAR values covering different possible ranges of
virus transmissibility, and the different times to peak viral load, close to other ARI such as
Influenza or RSV. Although vaccination or new variants can affect the within-host viral
dynamics, this question was not in the scope of this study but the model can easily be adapted
to any host-pathogen characteristics by changing within-host parameters. Further, a power
law model was used to relate the viral load at time ¢ and the risk of transmission (see Eq (2)).
Although this model was successfully used to reproduce the risk of transmission in SARS-
CoV-2 [24], and that we here explored a large range of parameter values to encompass differ-
ent levels of virus transmissibility, this model may not universally apply to all ARI. Such differ-
ences could for instance reflect the importance of the types of droplets causing the infection
and/or different symptom patterns leading to different functional forms between viral load
and transmission.
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Our model assumes that SAR is independent of household size. Although the results of epi-
demiological studies are heterogeneous, they generally report that SAR decreases with house-
hold size [19, 27-30], possibly reflecting the increased heterogeneity of contacts between
members of different ages in large households. We therefore investigated an alternative model
in which larger households leads to lower SAR. This assumption did not affect highly our
results (see S8 Fig), as less than a third of our households has four or more members in our
population. More generally we assumed homogeneous mixing the household, and did not con-
sider more realistic contact patterns. In the future, model refinement relying directly on con-
tact data [37] could be used to modulate the risk of virus acquisition according to individual
demographic factors, such as age, type of relationship (siblings, parents) [38-41], or viral
dynamic factors [21]. Taking into account individual heterogeneity would also be relevant to
evaluate the benefit of antiviral treatments on other endpoints, such as the risk of severe dis-
ease, and to adjust for pre-existing immunity and vaccine intake. Another important assump-
tion of the model is that infectiousness is directly related to viral load levels in the
nasopharynx, albeit in a non-linear fashion and with large inter-individual variability.
Although we and others have shown that higher viral load at the time of a high risk contact is
associated with a higher risk of transmission [24, 25], it should be recognized that a formal
quantification of the impact of nasopharyngeal viral load on the risk of transmission is still
lacking. Likewise, fomites, or simply viral dynamics in other compartments, such as saliva,
could be relevant when it comes to household transmission, even though its relationship with
infectiousness has not been established [43]. Second, our results emphasize the benefit of strat-
egies focusing on pre-symptomatic index case (I.,). Treating invididuals in post exposure pro-
phylaxis however increases the risk to treat uninfected individuals, and in turn increases the
risk of over-treatment. While we recognize that this may lead to overestimate the cost-effec-
tiveness of I, strategies, we note that this could be mitigated by including only individuals
with a positive PCR test, as the time between infection and first positive nasal swab PCR test is
very short and is between 1 and 3 days for Influenza or SARS-CoV-2 viruses [34, 36, 46].

To conclude our model can be used to quantify and anticipate the clinical effectiveness of
antiviral treatment strategies against acute respiratory viruses in households. It provides a
novel understanding on the conditions that need to be met, at the pharmacological, virological
and behavioural levels, for an antiviral treatment to be effective, and can guide interventions
aiming to reduce disease burden during a viral pandemics.
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S1 Text. Viral load dynamic model and calibration.
(PDF)

S1 Fig. Impact of modified SAR, SAR, on the attack rate. Left figure is the FAR according
to SAR in the modified SAR model for the different household sizes (darkest gray for S =2 to
lightest S = 6) and averaged over France household statistics with the non-modified SAR
model (yellow) and with the modified one (red). The right figure represents Mean estimate of
the household reproductive number, Ry, (computed over the French distribution of household
sizes) as a function of SAR. Ry represents the mean number of individuals infected directly by
the index case in a household. The red line represents the value obtained using the modified
SARg model; the yellow line represents the value obtained using the non-modified SAR model.
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$2 Fig. Transmission and virological burden according to household size for different
treatment timings. (A,C,E,G) Number of infected individuals per 1000 households. (B,D,F,
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H) Virological burden. Gray: Iy; orange dashed line: I.,,,; orange line: I,,, + H,,; green dashed
line: I green line: I, + Hpyep. Results are shown by household sizes, S = 2 (darkest color) to
S = 6 (lightest color).
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S3 Fig. Treatment Effectiveness according to household size. (A,D) Treatment effectiveness
on transmission. (B,E) Treatment effectiveness on virological burden. (C,F) Number of cases
avoided per amount of treatments deployed. Gray: I; orange dashed line: I.,,,; orange continu-
ous line: Io,,, + Hp,p; green dashed line: I, green continuous line: I, + Hp,ep. Results are
shown by household sizes, S = 2 (darkest color) to S = 6 (lightest color).
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S4 Fig. Treatment Effectiveness according to the different scenarios for the alternative
SAR definition SARg. (A) Treatment effectiveness on transmission. (B) Treatment effective-
ness on virological burden.

(EPS)

S5 Fig. Viral dynamics for different antiviral efficacies. Top: € = 50%; bottom: € = 90%. (A,
D) Individual viral dynamic profiles predicted by the model in 30 individuals (see Eq (3)), that
are either left untreated (I, gray), treated within 5 days after symptom onset (I, orange), or
treated symptom onset (I, green). All parameters are given in S1 Table. (B,E) Distribution
of the peak viral load predicted by the model. (C,F) Distribution of the time to peak viral load
predicted by the model.

(EPS)

S6 Fig. Effectiveness of treatment strategies depending on the antiviral efficacy. (A,D)
Treatment effectiveness on transmission. (B,E) Treatment effectiveness on virological burden.
(C,F) Number of cases avoided per amount of treatments deployed. Plain line: € = 99%; Dia-
mond line: € = 90%; Square line: € = 50%; Orange dashed line: I,,,; Orange continuous line:

ILeur + Hpeps Green dashed line: I,,; Green continuous line: I, + Hp,ep. All effectiveness are rel-
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ative to no treatment.
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S7 Fig. Viral dynamics and antiviral treatment for mean time to viral load peak 1d and 7d.
Individual viral dynamic profiles predicted by the model in 30 individuals (see Eq (1) and S3
Table), that are either left untreated I, (gray), treated within 5 days after symptom onset I,
(orange), or treated before symptoms onset I, (green). All parameters are given in S1 and S3
Tables, and the model assumes that a mean incubation period of 4 days, and a mean treatment
antiviral efficacy of 99%. Top: Mean time to viral load peak = 1d. Bottom: Mean time to viral
load peak = 7d.

(EPS)

S8 Fig. Effectiveness of treatment strategies according to time to peak viral load with mod-
ified SARg according to household sizes S. Left: effectiveness on transmission; right: effective-
ness on the virological burden. Top: index case treated after symptom onset (I, and I,,, +
H,.p); bottom: index case treated before symptom onset (I, and I, + Hpyep). All effectiveness
are relative to no treatment.

(EPS)

S9 Fig. Number of households of size 4 and larger required to achieve 90% statistical
power in 1:1 randomized clinical trial vs placebo (no treatment). (A) Number of households
required to demonstrate a reduction in the Final Attack Rate (FAR). (B) Number of
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households required to demonstrate a reduction in the virological burden (AUCVL).
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$10 Fig. Distribution of transmission rate (FAR;) and virological burden (AUCVL,,) for
SAR =40% and different household sizes S. Gray: Ip; Orange: I, + H,.p; Green: Lpe, + Hpyep.
(EPS)

S11 Fig. Mean value and standard deviation for AUCVL,,. These values were calculated for
all household size statistics (A, upper figures), and for households of size 4 and larger (B, bot-
tom figures). Gray: untreated households, and for treated households, Orange dashed line: 1,5
Orange continuous line: I.,,, + Hp.p; Green dashed line: I,,.,; Green continuous line: I, +

Hpyep.
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(PDF)

S2 Table. Proportion of household sizes in France [33].
(PDF)

S3 Table. Modified parameters in the viral load model (see Eq (1)) to reproduce time to
peak viral load equal to 1 and 7 days.
(PDF)

S1 Code. Matlab code and code description in README file.pdf. The code is protected by
Agence de Protection des Programmes (APP) in France, and we have the permission to share
it.

(Z1P)

Acknowledgments

The authors thank France Mentré, Evelina Tacconelli and Fabrice Carrat for providing helpful
comments on a previous version of the manuscript.

Author Contributions

Conceptualization: Hind Zaaraoui, Lulla Opatowski, Jérémie Gued.

Data curation: Clarisse Schumer.

Funding acquisition: Jérémie Gued.

Investigation: Hind Zaaraoui, Xavier Duval, Bruno Hoen, Lulla Opatowski, Jérémie Guedj.
Methodology: Hind Zaaraoui, Clarisse Schumer, Lulla Opatowski, Jérémie Gued;.

Project administration: Jérémie Gued;.

Visualization: Hind Zaaraoui.

Writing - original draft: Hind Zaaraoui, Xavier Duval, Bruno Hoen, Lulla Opatowski, Jéré-
mie Gued,j.

Writing - review & editing: Hind Zaaraoui, Xavier Duval, Bruno Hoen, Lulla Opatowski, Jér-
émie Gued;.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012573 December 5, 2024 18/21


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012573.s011
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012573.s012
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012573.s013
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012573.s014
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012573.s015
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012573.s016
https://doi.org/10.1371/journal.pcbi.1012573

PLOS COMPUTATIONAL BIOLOGY Modelling the effectiveness of antiviral treatment within households

References

1. Galmiche S, Charmet T, Schaeffer L, Paireau J, Grant R, Chény O et al. Exposures associated with
SARS-CoV-2 infection in France: a nationwide online case-control study. The Lancet Regional Health-
Europe, 2021, 7, 100148. https://doi.org/10.1016/j.lanepe.2021.100148 PMID: 34124709

2. Perelson AS, Ribeiro RM and PHAN T. An explanation for SARS-CoV-2 rebound after Paxlovid treat-
ment. MedRxiv, 2023. https://doi.org/10.1101/2023.05.30.23290747 PMID: 37398088

3. BiQ, Lesslerd, Eckerle |, Lauer SA, Kaiser L, Vuilleumier N et al. Insights into household transmission
of SARS-CoV-2 from a population-based serological survey. Nature communications, 2021, 12(1), 1—-
8. https://doi.org/10.1038/s41467-021-23733-5 PMID: 34131124

4. Layan M, Gilboa M, Gonen T, Goldenfeld M, Meltzer L et al. Impact of BNT162b2 vaccination and isola-
tion on SARS-CoV-2 transmission in Israeli households: an observational study. American journal of
epidemiology, 2022, 191(7), 1224-1234. https://doi.org/10.1093/aje/kwac042 PMID: 35238329

5. DeVincenzo JP, McClure MW, Symons JA, Fathi H, et al. Activity of oral ALS-008176 in a respiratory
syncytial virus challenge study. New England Journal of Medicine, 2015, 373(21), 2048—2058. https:/
doi.org/10.1056/NEJMoa1413275 PMID: 26580997

6. Madewell ZJ, Yang Y, Longini IM, Halloran ME and Dean NE. Household Transmission of SARS-CoV-
2: A Systematic Review and Meta-analysis. JAMA network open. 2020; 3(12): €2031756—e2031756.
https://doi.org/10.1001/jamanetworkopen.2020.31756 PMID: 33315116

7. Lépez-Mufioz |, Torrella A, Pérez-Quilez O, Castillo-Zuza A, Martré E et al. SARS-CoV-2 Secondary
Attack Rates in Vaccinated and Unvaccinated Household Contacts during Replacement of Delta with
Omicron Variant, Spain. Emerging infectious diseases, 2022, 28(10), 1999-2008. https://doi.org/10.
3201/eid2810.220494 PMID: 36037811

8. lwanami S, Ejima K, Kim KS, Noshita K, Fujita Y, Miyazaki T et al. Detection of significant antiviral drug
effects on COVID-19 with reasonable sample sizes in randomized controlled trials: A modeling study.
PLoS medicine, 2021, 18(7), e1003660. https://doi.org/10.1371/journal.pmed.1003660 PMID:
34228712

9. Dryden-Peterson S, Kim A, Kim AY, Caniglia EC, Lennes IT, Patel R et al. Nirmatrelvir Plus Ritonavir
for Early COVID-19 in a Large US Health System: A Population-Based Cohort Study. Annals of Internal
Medicine, 2022. https://doi.org/10.7326/M22-2141 PMID: 36508742

10. Levin MJ, Ustianowski A, De Wit S, Launay O, Avila M, Templeton A et al. Intramuscular AZD7442 (tixa-
gevimab—cilgavimab) for prevention of COVID-19. New England Journal of Medicine,2022. https://doi.
org/10.1056/NEJMoa2116620 PMID: 35443106

11. O’Brien MP, Forleo-Neto E, Musser BJ, Isa F, Chan KC, Sarkar N et al. Subcutaneous REGEN-COV
antibody combination to prevent Covid-19. New England Journal of Medicine, 2021, 385(13), 1184—
1195. https://doi.org/10.1056/NEJMoa2109682 PMID: 34347950

12. Hammond J, Leister-Tebbe H, Gardner A, Abreu P, Bao W, Wisemandle W et al. Oral nirmatrelvir for
high-risk, nonhospitalized adults with Covid-19. New England Journal of Medicine, 2022, 386(15),
1397-14085. https://doi.org/10.1056/NEJMoa2118542 PMID: 35172054

13. Pebody RG, Harris R, Kafatos G, Chamberland M, Campbell C, Nguyen-Van-Tam JS et al. Use of anti-
viral drugs to reduce household transmission of pandemic (H1N1) 2009, United Kingdom. Emerging
infectious diseases, 2011, 17(6), 990. https://doi.org/10.3201/eid1706.101161 PMID: 21749759

14. UK Health Security Agency. Guidance on use of antiviral agents for the treatment and prophylaxis of
seasonal influenza. 2021

15. Gongalves A, Bertrand J, Ke R, Comets E, De Lamballerie X, Malvy D et al. Timing of antiviral treatment
initiation is critical to reduce SARS-CoV-2 viral load. CPT: pharmacometrics and systems pharmacol-
ogy, 2020, 9(9), 509-514. https://doi.org/10.1002/psp4.12543 PMID: 32558354

16. Weinreich DM, Sivapalasingam S, Norton T et al. REGEN-COV antibody combination and outcomes in
outpatients with Covid-19. New England Journal of Medicine, 2021, 385(23), e81. https://doi.org/10.
1056/NEJMoa2108163 PMID: 34587383

17. Hay JAet al. Quantifying the impact of immune history and variant on SARS-CoV-2 viral kinetics and
infection rebound: A retrospective cohort study. eLife vol. 11 e81849, 2022. https://doi.org/10.7554/
elLife.81849 PMID: 36383192

18. Owens K, Esmaeili-Wellman S, Schiffer JT. Heterogeneous SARS-CoV-2 kinetics due to variable tim-
ing and intensity of immune responses. JCI Insight, 2024; 9(9):e176286. https://doi.org/10.1172/jci.
insight.176286 PMID: 38573774

19. Jing QL, Liu MJ, Zhang ZB, Fang LQ, Yuan J, Zhang AR et al. Household Secondary Attack Rate of
COVID-19 and Associated Determinants. The Lancet Infectious Diseases. 2020; 20(10): 1141-1150.
https://doi.org/10.1016/S1473-3099(20)30471-0 PMID: 32562601

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012573 December 5, 2024 19/21


https://doi.org/10.1016/j.lanepe.2021.100148
http://www.ncbi.nlm.nih.gov/pubmed/34124709
https://doi.org/10.1101/2023.05.30.23290747
http://www.ncbi.nlm.nih.gov/pubmed/37398088
https://doi.org/10.1038/s41467-021-23733-5
http://www.ncbi.nlm.nih.gov/pubmed/34131124
https://doi.org/10.1093/aje/kwac042
http://www.ncbi.nlm.nih.gov/pubmed/35238329
https://doi.org/10.1056/NEJMoa1413275
https://doi.org/10.1056/NEJMoa1413275
http://www.ncbi.nlm.nih.gov/pubmed/26580997
https://doi.org/10.1001/jamanetworkopen.2020.31756
http://www.ncbi.nlm.nih.gov/pubmed/33315116
https://doi.org/10.3201/eid2810.220494
https://doi.org/10.3201/eid2810.220494
http://www.ncbi.nlm.nih.gov/pubmed/36037811
https://doi.org/10.1371/journal.pmed.1003660
http://www.ncbi.nlm.nih.gov/pubmed/34228712
https://doi.org/10.7326/M22-2141
http://www.ncbi.nlm.nih.gov/pubmed/36508742
https://doi.org/10.1056/NEJMoa2116620
https://doi.org/10.1056/NEJMoa2116620
http://www.ncbi.nlm.nih.gov/pubmed/35443106
https://doi.org/10.1056/NEJMoa2109682
http://www.ncbi.nlm.nih.gov/pubmed/34347950
https://doi.org/10.1056/NEJMoa2118542
http://www.ncbi.nlm.nih.gov/pubmed/35172054
https://doi.org/10.3201/eid1706.101161
http://www.ncbi.nlm.nih.gov/pubmed/21749759
https://doi.org/10.1002/psp4.12543
http://www.ncbi.nlm.nih.gov/pubmed/32558354
https://doi.org/10.1056/NEJMoa2108163
https://doi.org/10.1056/NEJMoa2108163
http://www.ncbi.nlm.nih.gov/pubmed/34587383
https://doi.org/10.7554/eLife.81849
https://doi.org/10.7554/eLife.81849
http://www.ncbi.nlm.nih.gov/pubmed/36383192
https://doi.org/10.1172/jci.insight.176286
https://doi.org/10.1172/jci.insight.176286
http://www.ncbi.nlm.nih.gov/pubmed/38573774
https://doi.org/10.1016/S1473-3099(20)30471-0
http://www.ncbi.nlm.nih.gov/pubmed/32562601
https://doi.org/10.1371/journal.pcbi.1012573

PLOS COMPUTATIONAL BIOLOGY Modelling the effectiveness of antiviral treatment within households

20. Smith AM and Perelson AS. Influenza A virus infection kinetics: quantitative data and models. Wiley
Interdisciplinary Reviews: Systems Biology and Medicine, 2011, 3(4), 429—-445. https://doi.org/10.
1002/wsbm.129 PMID: 21197654

21. NéantN, Lingas G, Le Hingrat Q, Ghosn J, Engelmann |, Lepiller Q et al. Modeling SARS-CoV-2 viral
kinetics and association with mortality in hospitalized patients from the French COVID cohort. Proceed-
ings of the National Academy of Sciences, 2020, 118(8), e2017962118.

22. Conrado JD, Patel K, Lin KJ, Wang Y, Bhongsatiern J, Kamal MA et al. Viral kinetics in COVID-19 out-
patients treated with CASIRIVIMAB+IMDEVIMAB combination. Conference on Retroviruses and
Opportunistic Infections, 2022

23. Cevik M, Tate M, Lloyd O, Maraolo AE, Schafers J and Ho A. SARS-CoV-2, SARS-CoV, and MERS-
CoV viral load dynamics, duration of viral shedding, and infectiousness: a systematic review and meta-
analysis. The lancet microbe, 2021, 2(1), e13—e22. https://doi.org/10.1016/S2666-5247(20)30172-5
PMID: 33521734

24. KeR, Zitzmann C, Ho DD, Ribeiro RM and Perelson AS. In vivo kinetics of SARS-CoV-2 infection and
its relationship with a person’s infectiousness. Proceedings of the National Academy of Sciences, 2021,
118(49), e2111477118. https://doi.org/10.1073/pnas.2111477118

25. Marc A, Kerioui M, Blanquart F, Bertrand J, Mitja O, Corbacho-Monné M et al. Quantifying the relation-
ship between SARS-CoV-2 viral load and infectiousness. Elife, 2021, 10, €69302. https://doi.org/10.
7554/eLife.69302 PMID: 34569939

26. WuY,Kangl, GuoZ, LiuJ, Liu M and Liang W. Incubation period of COVID-19 caused by unique
SARS-CoV-2 strains: a systematic review and meta-analysis. JAMA network open, 2022, 5(8),
€2228008-e2228008. https://doi.org/10.1001/jamanetworkopen.2022.28008 PMID: 35994285

27. LiF,LiYY,LiuMJ, Fang LQ, Dean NE, Wong GW et al. Household transmission of SARS-CoV-2 and
risk factors for susceptibility and infectivity in Wuhan: a retrospective observational study. The Lancet
Infectious Diseases, 2021, 21(5), 617-628. https://doi.org/10.1016/S1473-3099(20)30981-6 PMID:
33476567

28. Bernal JL, Panagiotopoulos N, Byers C, Vilaplana TG, Boddington N, Zhang XS et al. Transmission
dynamics of COVID-19 in household and community settings in the United Kingdom. MedRxiv, 2020

29. Arnedo-Pena A, Sabater-Vidal S, Meseguer-Ferrer N, Pac-Sa MR, Mares-Flor P, Gascé-Laborda JC
et al. COVID-19 secondary attack rate and risk factors in household contacts in Castellon (Spain): Pre-
liminary report. Enfermedades Emergentes, 2020 19(2), 64-70.

30. KuwelkerK, Zhou F, Blomberg B, Lartey S, Brokstad KA, Trieu MC et al. Attack rates amongst house-
hold members of outpatients with confirmed COVID-19 in Bergen, Norway: a case-ascertained study.
The Lancet Regional Health-Europe, 2021, 3, 100014. https://doi.org/10.1016/j.lanepe.2020.100014
PMID: 33871470

31. WangZ, Ma W, Zheng X, Wu G and Zhang R. Household transmission of SARS-CoV-2. Journal of
Infection, 2020, 81(1), 179—-182. https://doi.org/10.1016/j.jinf.2020.03.040 PMID: 32283139

32. Tibebu S, Brown KA, Daneman N, Paul LA and Buchan SA. Household secondary attack rate of
COVID-19 by household size and index case characteristics. MedRxiv, 2021.

33. INSEE. https://www.insee.fr/fr/statistiques/2381486#tableau-figure1_radio1. 2016

34. Baccam P, Beauchemin C, Macken CA, Hayden FG and Perelson AS. Kinetics of influenza A virus
infection in humans. Journal of virology, 2006, 80(15), 7590-7599. https://doi.org/10.1128/JVI.01623-
05 PMID: 16840338

35. Group, World Health Organization Writing. Nonpharmaceutical interventions for pandemic influenza,
international measures. Emerging infectious diseases. Emerging infectious diseases, 2006, 12(1), 81.
https://doi.org/10.3201/eid1201.051370 PMID: 16494722

36. CarratF, Vergu E, Ferguson NM, Lemaitre M, Cauchemez S, Leach S and Valleron AJ. Time lines of
infection and disease in human influenza: a review of volunteer challenge studies. American journal of
epidemiology, 2008, 167(7), 775-785. https://doi.org/10.1093/aje/kwm375 PMID: 18230677

37. Bosetti P, Huynh BT, Abdou AY, Sanchez M, Eisenhauer C, Courtejoie N et al. Lockdown impact on
age-specific contact patterns and behaviours, France, April 2020. Eurosurveillance, 2021, 26(48),
2001636. https://doi.org/10.2807/1560-7917.ES.2021.26.48.2001636 PMID: 34857064

38. PremK, Cook AR and Jit M. Projecting social contact matrices in 152 countries using contact surveys
and demographic data. PLoS computational biology, 2017, 13(9), e1005697. https://doi.org/10.1371/
journal.pcbi.1005697 PMID: 28898249

39. GeY, MartinezL, Sun S, Chen Z, Zhang F, Li F et al. COVID-19 transmission dynamics among close
contacts of index patients with COVID-19: a population-based cohort study in Zhejiang province, China.
JAMA Internal Medicine, 2021, 181(10), 1343—1350. https://doi.org/10.1001/jamainternmed.2021.
4686 PMID: 34424260

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012573 December 5, 2024 20/21


https://doi.org/10.1002/wsbm.129
https://doi.org/10.1002/wsbm.129
http://www.ncbi.nlm.nih.gov/pubmed/21197654
https://doi.org/10.1016/S2666-5247(20)30172-5
http://www.ncbi.nlm.nih.gov/pubmed/33521734
https://doi.org/10.1073/pnas.2111477118
https://doi.org/10.7554/eLife.69302
https://doi.org/10.7554/eLife.69302
http://www.ncbi.nlm.nih.gov/pubmed/34569939
https://doi.org/10.1001/jamanetworkopen.2022.28008
http://www.ncbi.nlm.nih.gov/pubmed/35994285
https://doi.org/10.1016/S1473-3099(20)30981-6
http://www.ncbi.nlm.nih.gov/pubmed/33476567
https://doi.org/10.1016/j.lanepe.2020.100014
http://www.ncbi.nlm.nih.gov/pubmed/33871470
https://doi.org/10.1016/j.jinf.2020.03.040
http://www.ncbi.nlm.nih.gov/pubmed/32283139
https://www.insee.fr/fr/statistiques/2381486#tableau-figure1_radio1
https://doi.org/10.1128/JVI.01623-05
https://doi.org/10.1128/JVI.01623-05
http://www.ncbi.nlm.nih.gov/pubmed/16840338
https://doi.org/10.3201/eid1201.051370
http://www.ncbi.nlm.nih.gov/pubmed/16494722
https://doi.org/10.1093/aje/kwm375
http://www.ncbi.nlm.nih.gov/pubmed/18230677
https://doi.org/10.2807/1560-7917.ES.2021.26.48.2001636
http://www.ncbi.nlm.nih.gov/pubmed/34857064
https://doi.org/10.1371/journal.pcbi.1005697
https://doi.org/10.1371/journal.pcbi.1005697
http://www.ncbi.nlm.nih.gov/pubmed/28898249
https://doi.org/10.1001/jamainternmed.2021.4686
https://doi.org/10.1001/jamainternmed.2021.4686
http://www.ncbi.nlm.nih.gov/pubmed/34424260
https://doi.org/10.1371/journal.pcbi.1012573

PLOS COMPUTATIONAL BIOLOGY Modelling the effectiveness of antiviral treatment within households

40. Posfay-Barbe KM, Wagner N, Gauthey M, Moussaoui D, Loevy N, Diana A and L’'Huillier AG. COVID-
19 in children and the dynamics of infection in families. Pediatrics, 2020, 146(2). https://doi.org/10.
1542/peds.2020-1576 PMID: 32457213

41. Tanaka ML, Marentes Ruiz CJ, Malhotra S, Turner L, Peralta A et al. SARS-CoV-2 transmission
dynamics in households with children, Los Angeles, California. Frontiers in pediatrics, 2022, 1520.
https://doi.org/10.3389/fped.2021.752993 PMID: 35071125

42. Boulware DR, Pullen MF, Bangdiwala AS, Pastick KA et al. A randomized trial of hydroxychloroquine as
postexposure prophylaxis for Covid-19. New England journal of medicine, 2020, 383(6), 517-525.
https://doi.org/10.1056/NEJMo0a2016638 PMID: 32492293

43. Puhach O, Meyer B and Eckerle I. SARS-CoV-2 viral load and shedding kinetics. Nature Reviews
Microbiology, 2022, 1-15. https://doi.org/10.1038/s41579-022-00822-w PMID: 36460930

44. Levin MJ, Ustianowski A, Thomas S, Templeton A, Yuan Y et al. AZD7442 (Tixagevimab/Cilgavimab)
for Post-Exposure Prophylaxis of Symptomatic Coronavirus Disease 2019. Clinical infectious diseases,
2022, ciac899.

45. TsangTK, Lau LLH, Cauchemez S and Cowling BJ. Household transmission of influenza virus. Trends
in microbiology, 2016, 24(2), 123-133. https://doi.org/10.1016/.tim.2015.10.012 PMID: 26612500

46. Killingley B, Mann AJ, Kalinova M, Boyers Al, Goonawardane N et al. Safety, tolerability and viral kinet-
ics during SARS-CoV-2 human challenge in young adults. Nature Medicine, 2022, 28(5), 1031-1041.
https://doi.org/10.1038/s41591-022-01780-9 PMID: 35361992

47. Ali ST, WangL, Lau EHY et al. Serial interval of SARS-CoV-2 was shortened over time by nonpharma-
ceutical interventions. Science, 2020, 369(6507):1106—1109. https://doi.org/10.1126/science.abc9004
PMID: 32694200

48. Manica M, De Bellis A, Guzzetta G et al. Intrinsic generation time of the SARS-CoV-2 Omicron variant:
An observational study of household transmission. Lancet Reg Health Eur, 2022, 19:100446. https://
doi.org/10.1016/j.lanepe.2022.100446 PMID: 35791373

49. Hart WS, Abbott S, Endo A, et al. Inference of the SARS-CoV-2 generation time using UK household
data. Elife. 2022, 11:€70767. https://doi.org/10.7554/eLife.70767 PMID: 35138250

50. Manica M, Litvinova M, De Bellis A et al. Estimation of the incubation period and generation time of
SARS-CoV-2 Alpha and Delta variants from contact tracing data. Epidemiol Infect. 2022, 151:e5.
https://doi.org/10.1017/S0950268822001947 PMID: 36524247

51. Lingas G, Néant N, Gaymard A et al. Effect of remdesivir on viral dynamics in COVID-19 hospitalized
patients: a modelling analysis of the randomized, controlled, open-label DisCoVeRy trial. Journal of
Antimicrobial Chemotherapy, 2022, 77(5), 1404—1412. https://doi.org/10.1093/jac/dkac048 PMID:
35233617

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012573 December 5, 2024 21/21


https://doi.org/10.1542/peds.2020-1576
https://doi.org/10.1542/peds.2020-1576
http://www.ncbi.nlm.nih.gov/pubmed/32457213
https://doi.org/10.3389/fped.2021.752993
http://www.ncbi.nlm.nih.gov/pubmed/35071125
https://doi.org/10.1056/NEJMoa2016638
http://www.ncbi.nlm.nih.gov/pubmed/32492293
https://doi.org/10.1038/s41579-022-00822-w
http://www.ncbi.nlm.nih.gov/pubmed/36460930
https://doi.org/10.1016/j.tim.2015.10.012
http://www.ncbi.nlm.nih.gov/pubmed/26612500
https://doi.org/10.1038/s41591-022-01780-9
http://www.ncbi.nlm.nih.gov/pubmed/35361992
https://doi.org/10.1126/science.abc9004
http://www.ncbi.nlm.nih.gov/pubmed/32694200
https://doi.org/10.1016/j.lanepe.2022.100446
https://doi.org/10.1016/j.lanepe.2022.100446
http://www.ncbi.nlm.nih.gov/pubmed/35791373
https://doi.org/10.7554/eLife.70767
http://www.ncbi.nlm.nih.gov/pubmed/35138250
https://doi.org/10.1017/S0950268822001947
http://www.ncbi.nlm.nih.gov/pubmed/36524247
https://doi.org/10.1093/jac/dkac048
http://www.ncbi.nlm.nih.gov/pubmed/35233617
https://doi.org/10.1371/journal.pcbi.1012573

