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Molnupiravir clinical trial simulation suggests that
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should be catered to the drug mechanism of action.

Introduction

Molnupiravir is an antiviral prodrug that induces errors in
the SARS-CoV-2 genome, which typically renders the virus
unable to replicate further (1). In the randomized double-blind-
ed MOVe-OUT trial, which enrolled unvaccinated individuals
when Delta, Mu, and Gamma variants of concern (VOCs) were
circulating, molnupiravir reduced hospitalization by 50% and
viral load after treatment (day 5) by 0.3 log,, relative to pla-
cebo (2). In the adaptive platform PANORAMIC trial, which
enrolled vaccinated individuals when Omicron VOCs were cir-
culating, hospitalization rates were only 1% in both arms, but
molnupiravir lowered viral load after treatment by 0.94 log, , rel-
ative to usual care (3). In the adaptive platform PLATCOV trial,
which enrolled low-risk individuals when Omicron VOCs were
circulating, molnupiravir lowered viral load after treatment by
1.09 log,, relative to usual care (4). Taken together, these trials
demonstrate that molnupiravir has both clinical and virologic
efficacy that varied across trials and viral variants.
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Molnupiravir is an antiviral medicine that induces lethal copying errors during SARS-CoV-2 RNA replication.
Molnupiravir reduced hospitalization in one pivotal trial by 50% and had variable effects on reducing viral RNA

levels in three separate trials. We used mathematical models to simulate these trials and closely recapitulated their
virologic outcomes. Model simulations suggested lower antiviral potency against pre-Omicron SARS-CoV-2 variants
than against Omicron. We estimated that in vitro assays underestimated in vivo potency by 6- to 7-fold against
Omicron variants. Our model suggested that because polymerase chain reaction detects molnupiravir mutated
variants, the true reduction in non-mutated viral RNA was underestimated by approximately 0.4 log,  in the two trials
conducted while Omicron variants dominated. Viral area under the curve estimates differed significantly between
non-mutated and mutated viral RNA. Our results reinforce past work suggesting that in vitro assays are unreliable
for estimating in vivo antiviral drug potency and suggest that virologic endpoints for respiratory virus clinical trials

Overall, use of molnupiravir has been lower than that of nir-
matrelvir/ritonavir based on lower reduction in hospitalization
in MOVe-OUT relative to the EPIC-HR trial for nirmatrelvir/
ritonavir (5). A concern has also been raised that molnupiravir’s
mechanism of action could generate novel mutants that persist
after cessation of treatment (6), and then spread in the popula-
tion (7). Nevertheless, the PANORAMIC and PLATCOV trial
results suggest high potency, and molnupiravir is still considered
in individuals in whom nirmatrelvir/ritonavir is contraindicated
and in combination with other drugs in immunocompromised
hosts (8, 9). There is currently no explanation for the disparate
antiviral effects in MOVe-OUT versus PANORAMIC and PLAT-
COV. Moreover, the fact that polymerase chain reaction (PCR)
detects drug-altered viral RNA molecules (6) has not been con-
sidered in the analysis of trial outcomes. A study in ferrets high-
lights the potential importance of this effect; while molnupiravir
and nirmatrelvir/ritonavir dramatically lowered levels of infec-
tious SARA-CoV-2 titers, only nirmatrelvir/ritonavir lowered
total viral RNA levels (10). Possible discrepancies between PCR
detection and reduction in infectious virus have been repeatedly
recognized for this class of drugs (11-13).

We previously used clinical trial simulation to reproduce
results from nirmatrelvir/ritonavir trials for SARS-CoV-2 (14, 15).
We first validated a viral immune dynamic model (VID) against a
very large prospective cohort of infections that included multiple
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Figure 1. Schematic of the viral dynamic model and molnupiravir PKPD model. (A) In the viral dynamic model, S represents the susceptible cells, /. is
the eclipse infected cells, | is the productively infected cells, V is the non-mutated viruses, and V_ is the viruses mutated by treatment. The productively
infected cells are cleared by early and late T cell-mediated immune response at rates d and m(t). # is the infectivity rate, @ is the rate of conversion of
susceptible cells to refractory cells, and p is the rate of reversion of the refractory cells to susceptible cells. Productively infected cells produce viruses at
the rate z, and free viruses are cleared at the rate y. (B) Two-compartmental PK model with oral administration of the drug which models the amounts of
the drug in gut tissue (A_), plasma (A,), and the respiratory tract (A ). x, is the rate of absorption of the drug from gut to plasma, «,, and x , are the rates
of transfer of the drug from plasma to the respiratory tract and back, x, and is the rate at which the drug clears from the body. Vol is the estimated plas-
ma volume and Cp is the concentration of the drug in plasma. e(Cp) is the efficacy of the drug in converting produced viruses into mutated, non-infectious

viruses. Created in BioRender. https://BioRender.com/zm3u454.

VOC:s (15). We used sets of model parameters that reflect diverse
virologic output to create simulated cohorts for the control arms
of trials. We then integrated pharmacokinetic (PK) and pharma-
codynamic (PD) models for nirmatrelvir/ritonavir with the VID
models to simulate treatment arms (14). This approach recapitu-
lated mean viral load reduction in the EPIC-HR and PLATCOV
trials, as well as individual viral load trajectories in PLATCOV.
The validated model was then used to explain the high frequen-
cy of virologic and concurrent symptomatic rebound following
use in the community (16), despite very low levels of virologic
and symptomatic rebound in the EPIC-HR trial (17, 18). Model
output suggests that extending therapy from 5 to 10 days would
nearly eliminate rebound (14), a result confirmed with modeling
of separate data (19).

Here we expand this approach to develop a new joint VID-PK-
PD model to account for the unique mechanism of action of
molnupiravir. We fit the model to results from the MOVe-OUT,
PLATCOV, and PANORAMIC trials. Our results suggest that
quantitative viral PCR likely underestimates the reduction in
non-mutated viral RNA and therefore the true potency of mol-
nupiravir during Omicron infections.

Results

Overview. We established and validated our clinical trial simulation
platform in multiple steps. (a) We previously developed and validat-
ed a SARS-CoV-2 VID model by fitting competing models to viral
load trajectories from participants in a large natural history study

of infected and untreated individuals (15, 20). (b) We established
and validated a PK model for molnupiravir by fitting competing
models to serial plasma drug concentrations from a phase I clinical
trial. (c) We estimated dose-response model parameters by fitting a
PD model to in vitro dose escalation data. (d) We merged the VID,
PK, and PD models into a single mathematical model to allow fits
to viral load data from clinical trials. (e) We fit the combined model
to mean viral load reduction in the treatment versus control arms
of the MOVe-OUT, PLATCOV, and PANORAMIC trials. (f) We fit
the combined models to individual viral load trajectories from treat-
ed and untreated participants in the PLATCOV and PANORAM-
IC trials. (g) We estimated the potency adjustment factor (paf) for
molnupiravir in each trial; the paf is the ratio of molnupiravir’s in
vitro EC, (estimated in step c) to its in vivo EC, (estimated in steps
e and f); the in vivo EC, is defined as the plasma drug concen-
tration associated with 50% reduction in viral replication. (h) We
used the estimated pafs to quantify a relevant value for drug devel-
opers and clinical trialists: the average in vivo potency of the drug
throughout the treatment course. (i) We further validated the model
by performing counterfactual simulations, which assume treatment
for participants in the control arm and usual care for participants
in the treatment arm, and then comparing these simulations to trial
data. (j) We used the validated model to perform detailed analy-
sis of each trial’s outcomes and to assess virologic endpoints that
account for the mutagenic mechanism of action of molnupiravir.
(k) We used the validated model to simulate different doses and
dosing strategies for optimization purposes.

J Clin Invest. 2025;135(21):e192052 https://doi.org/10.1172/)CI192052
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Figure 2. Mathematical model fits of SARS-CoV-2 viral load over time to a subset of study participants in PLATCOV and PANORAMIC receiving no
treatment (control) or molnupiravir. (A) Model fits to 9 control and 9 treatment participants in PLATCOV. (B) Model fits to 9 control and 9 treatment par-
ticipants in PANORAMIC. Remaining model fits are in the supplementary materials. (C) Individual estimates for potency adjustment factor (in vivo EC, /in
vitro EC, ratio) in the 2 trials (center line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range). The statistical comparison was

performed using Mann-Whitney U test.

Viral immune dynamic, PK, and PD clinical trial simulation mod-
els. We previously described our VID model that was fit to diverse
serial viral loads from 1510 SARS-CoV-2 infected individuals in the
National Basketball Association (NBA) cohort (15, 20). The mod-
el assumes a finite number of susceptible cells and an eclipse phase
delays viral production by infected cells. In keeping with an early
innate immune response, susceptible cells become refractory to infec-
tion in the presence of infected cells but also revert to a susceptible
state at a constant rate. Infected cells are cleared by cytolysis and
delayed acquired immunity, which is activated in a time-dependent
fashion (Figure 1A). We used a mixed-effect population approach
implemented in Monolix to estimate model parameters (21).

To reproduce levels of molnupiravir, we used a 2-compartment
PK model (Figure 1B). Using Monolix and the mixed-effect popula-
tion approach, we estimated parameter values by fitting the model
to the average plasma concentration of healthy individuals (22). The
model closely recapitulated observed drug levels following multi-
ple doses of 50, 100, 200, 300, 400, 600, and 800 mg given twice
daily for 5 days (Supplemental Figure 1 and Supplemental Table
1; supplemental material available online with this article; https://
doi.org/10.1172/JCI192052DS1); 800 mg twice daily for 5 days is
the clinically recommended dose that was assessed in MOVe-OUT,

J Clin Invest. 2025;135(21):e192052 https://doi.org/10.1172/)C1192052

PLATCOV, and PANORAMIC. The estimated value for the transi-
tion rate from plasma to peripheral compartment (x,,) was dose-de-
pendent in the form of x, = x, Dose’, with decreasing «,, as the
dose increases. While there are no tissue PK data available to explain
the decreasing transition rate from plasma to the peripheral compart-
ment estimated by our model, we hypothesize that this effect might
be due to saturation of tissue uptake at higher concentrations or a
shift in the balance of bidirectional transport between plasma and
peripheral compartments at higher concentrations. All other PK
parameters were dose independent.

For the PD model, we assumed drug efficacy follows a Hill
equation with respect to concentration using data from our own lab.
We parameterized the model using in vitro efficacy data collected
at different concentrations (details in Methods, Supplemental Figure
2A and Supplemental Table 2) (23). Our estimates for in vitro EC,
approximated values from other groups, which differed according to
VOC and laboratory (Supplemental Figure 2B) (24, 25).

‘We combined the VID, PK, and PD models by using treatment
efficacy to convert non-mutated virus to mutated virus, both of
which are assumed to be detected with polymerase PCR assays, giv-
en the low probability of drug-induced mutations in the PCR primer
region. A similar mechanism of action has been used in modeling
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Figure 3. Mean viral load reduction in the 3 trials that are targets for model fitting. (A) PLATCOV included individuals with no risk factor for severe

disease infected by the Omicron variant, and enrolled within 96 hours of symptom onset. (B) PANORAMIC included individuals with at least one risk factor
for severe disease infected by the Omicron variant, and enrolled on average 2.5 days since symptom onset. (C) MOVe-OUT included high-risk, unvaccinated
individuals, infected by Delta, Mu, and Gamma variants, and enrolled within 5 days of symptom onset. Trials also differed according to swabbing site, viral

PCR assay, enrollment viral load, and lower limit of detection.

ribavirin treatment against the hepatitis C virus and HIV protease
inhibitors (26, 27). For molnupiravir, this assumption is based on the
observed drug-induced mutation rate of approximately 1 mutation
per 2000 base pairs (28). Given the average length of most PCR prim-
ers of approximately 25 base pairs, the chance of the primer remain-
ing unmutated after treatment is (1999/2000)%, or 98.76%.

A limitation of viral load data from the included clinical tri-
als is that it lacks early presymptomatic measurements to estimate
the viral expansion slope. To further train the model, we included
untreated Omicron-infected participants from the NBA cohort (n
= 1023) in the fitting population to inform rates of viral upslope in
the trials (15). We first fit the combined model to individual viral
load data from 149 low-risk, symptomatic vaccinated participants
infected with Omicron VOCs in the PLATCOV trial (65 treated
and 84 controls) and from 80 high-risk, symptomatic vaccinated
participants infected with Omicron VOCs in the PANORAMIC
trial (38 treated and 42 controls) (Figure 2, A and B, and Supple-
mental Figures 3-6).

We next fit the combined model to trial endpoint data (mean
viral load drop from baseline) reported in 3 randomized, controlled
trials: PLATCOV (Figure 3A and Figure 4, A-D) (4), PANORAM-
IC (Figure 3B and Figure 5, A-C) (3), and the MOVe-OUT trial
with 1093 high-risk unvaccinated symptomatic individuals infected

with pre-Omicron VOCs (549 treated + 544 placebo, Figure 3C and
Figure 6, A-C) (2). All model fitting was performed using Monolix
with non-linear mixed-effect approaches described in the Methods.

Model fitting to individual viral load trajectories in PLATCOV and
PANORAMIC. For each participant, we defined the in vivo EC,
as the plasma drug concentration required to inhibit viral repli-
cation by 50% and the paf as the ratio between the in vivo and
in vitro EC,; (29, 30). To estimate the paf for each participant,
we fit the combined VID-PKPD model to individual viral load
data from both arms of the PLATCOV and PANORAMIC trials,
as well as Omicron-infected individuals in the NBA cohort. We
achieved good model fit to individual viral load trajectories in the
control and treatment arms of PLATCOV (Figure 2A and Sup-
plemental Figures 3 and 4) and PANORAMIC (Figure 2B and
Supplemental Figures 5 and 6). The model projected higher levels
of total detected SARS-CoV-2 RNA in most participants relative
to non-mutated viral RNA (Figure 2, A and B). We estimated a
range of individual paf values with similar mean and median val-
ues estimated for both trials (Figure 2C). These values suggest that
in vivo potency of molnupiravir is on average 6- to 7-fold higher
than estimates based from our in vitro data. Each participant had
an estimated paf less than 1, indicating that enhanced potency in
vivo is necessary to accurately model the data.

J Clin Invest. 2025;135(21):e192052 https://doi.org/10.1172/)CI192052
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Figure 4. Model fit to virologic trial outcomes for PLATCOV. Results include the fit to drop in viral load from baseline for (A) control groups and (B) treat-
ment groups. Control arm data are shown in red, treatment arm data in blue, gray lines are the simulated viral load drop for each individual, and solid lines
are the mean viral load drop. (D) Comparing individual variability of data versus simulation in control and treatment arms. The 2-sided Kolmogorov-Smirn-
ov test was used to compare the distributions. Adjusted P values were calculated using the Benjamini-Hochberg method and represent dissimilarity
between observed and simulated distributions. (C) Estimates for the potency adjustment factor (paf). To only capture the effect of treatment and address
potential identifiability issues, data from the first 7 days after baseline were used to estimate the paf. Therefore, the crossed-out data points were not

included in the calculation of R2

Model fit to trial virologic endpoint data from PLATCOV, PAN-
ORAMIC, and MOVe-OUT. As a second approach, we assessed
whether a virtual cohort strategy where control participants are
modeled using estimated parameter values from preexisting cohorts
can predict virologic trial endpoints. This approach is necessary for
situations where individual viral load data are not publicly avail-
able as with MOVe-OUT and demonstrates that the model can
reproduce the primary virologic endpoint of each study. We simu-
lated virtual cohorts using the combined VID-PKPD model and fit
results to viral load decay from baseline in the 3 trials. For each trial
arm, we randomly selected 400 individuals from the NBA cohort
with the closest matching viral variant, symptom, and vaccine sta-
tus and used their estimated individual viral dynamic parameters
in simulations. To address variability in timing of baseline viral
load measurement relative to infection, we randomly assigned all
individuals an incubation period selected from a variant-specific
gamma distribution found in the literature (31, 32). Treatment start
day was randomly selected from a distribution based on observed
enrollment windows in the 3 trials. Due to the lack of individual
PK data, the same estimated population PK parameters were used
for all simulated treated individuals (Supplemental Table 1). PD
parameters were randomly selected from a log-normal distribution
with estimated mean and standard error from in vitro assay results
(Supplemental Table 2).

J Clin Invest. 2025;135(21):e192052 https://doi.org/10.1172/)C1192052

Our model closely reproduced kinetics of viral decay in the
PLATCOV control (Figure 3A and Figure 4A) and treatment arms
(Figure 3A and Figure 4B) and estimated a paf of 0.13 (Figure 4C),
similar to our median estimate using individual fits (Figure 2C).
The model also predicted individual-level variability in virologic
responses observed in PLATCOV, including instances of increased
viral load following therapy (Figure 4D). We compared simulated
and actual distributions of viral load change among trial partici-
pants in the control and treatment arms. On most posttreatment
days, simulated and actual distributions were not statistically dis-
similar. Wider distributions of observed versus simulated viral load
change were noted on postrandomization days 1 and 2 for control
and treatment (Figure 4D), likely due to noise in viral load data
from oral swabs: differences of 1-2 logs were often noted between
replicates collected from PLATCOV participants at equivalent time
points, particularly on days 1 and 2 (14).

Similarly, our model closely reproduced kinetics of viral
decay in PANORAMIC in control (Figure 3B and Figure 5A)
and treatment arms (Figure 3B and Figure 5B) and estimated a
paf of 0.19 (Figure 5C), similar to our median estimate using
individual fits (Figure 2C). The model also predicted individ-
ual-level variability in virologic responses observed in PAN-
ORAMIC, including instances of increased viral load following
therapy (Figure 5D). We compared simulated and actual distri-
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Figure 5. Model fit to virologic trial outcomes for PANORAMIC. Results include the fit to drop in viral load from baseline for (A) control groups and (B)
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solid lines are the mean viral load drop. (D) Comparing individual variability of

data versus simulation in control and treatment arms. The 2-sided Kolm-

ogorov-Smirnov test was used to compare the distributions. Adjusted P values were calculated using the Benjamini-Hochberg method and represent
dissimilarity between observed and simulated distributions. (C) Estimates for the potency adjustment factor (paf). To only capture the effect of treatment
and address potential identifiability issues, data from the first 7 days after baseline were used to estimate the paf. Therefore, the crossed-out data points

were not included in the calculation of R2

butions of viral load change among trial participants in the con-
trol and treatment arms. On all posttreatment days other than
day 2, control, simulated, and actual distributions were not sta-
tistically dissimilar (Figure 5D). This likely indicates less noise
in viral load data from nasopharyngeal swabs collected in PAN-
ORAMIC relative to oral swabs in PLATCOV.

Finally, the model reproduced kinetics of viral decay in MOVe-
OUT in control (Figure 6A) and treatment arms (Figure 6B) but esti-
mated a higher paf of 2.64 (Figure 6C). The higher paf maps to the
far less substantial viral load reduction in MOVe-OUT relative to the
other 2 trials, which in turn might be explained by less potency against
pre-Omicron variants that has been observed experimentally (33).

As a further validation step, we performed counterfactual
simulations by presuming treatment (800 mg twice daily for 5
days) for the participants in the control arms (treatment coun-
terfactual) and assuming no treatment for participants in the
treatment arm (control counterfactual). Counterfactual control
simulations slightly overestimated late viral loads for PLATCOV
(Supplemental Figure 7A) and PANORAMIC (Supplemental
Figure 8A). This may be because therapy suppresses acquired
immune responses, which are not captured in our model (19).
Counterfactual treatment simulations fit the data well for PLAT-
COV (Supplemental Figure 7B) and PANORAMIC (Supplemen-
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tal Figure 8B). Simulations occasionally predicted viral rebound
following treatment (Supplemental Figure 7, C and D, and Sup-
plemental Figure 8, C and D).

Estimates of reduction in fully mutated viruses versus non-mutated
SARS-CoV-2 RNA. We used our optimized model with solved paf to
project the trajectory of non-mutated viral RNA during treatment
relative to values measured with PCR, which detects viral RNA
with drug-induced mutations (6). In PLATCOV (Figure 7, A and
D, and Table 1) and PANORAMIC (Figure 7, B and D, and Table
1), owing to higher drug potency, total SARS-CoV-2 viral RNA on
treatment exceeded non-mutated viral RNA by approximately 0.37
and 0.44 log, , respectively, on day 5, suggesting that measured end-
points underestimate the drug’s true antiviral effect. However, these
differences did not achieve statistical significance, perhaps because
estimated total and non-mutated viral RNA levels converged at
drug trough. In MOVe-OUT (Figure 7, C and D, and Table 1), there
was no significant difference between total SARS-CoV-2 viral RNA
on treatment and non-mutated viral RNA.

In all 3 trials, the models suggest that non-mutated viral loads
during treatment may be lowest at drug peak, reflecting the short
plasma half-life of molnupiravir. Therefore, the cumulative effect
of drug is best estimated with viral area under the curve (AUC),
which accounts for highly variable drug activity over time due to

https://doi.org/10.1172/JC1192052
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Figure 6. Model fit to virologic trial outcomes for MOVe-0OUT. (A) Control groups and (B) treatment groups. Control arm data are shown in red, treatment
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adjustment factor (paf). To only capture the effect of treatment and address potential identifiability issues, data from the first 7 days after baseline were
used to estimate the paf. Therefore, the crossed-out data points were not included in the calculation of R2.

short drug half-life. By this estimate, the reduction in non-mutated
viral RNA far exceeded that of total measured viral RNA in all
3 trials (Figure 7E). In the case of MOVe-OUT, this may explain
why significant clinical benefit was associated with only a marginal
reduction in observed decline in total viral RNA. This also suggests
that there might be utility to measure viral load after drug peak and
trough for agents with short half-life as viral loads may differ by a
full order of magnitude according to drug level.

To mimic endpoints in PLATCOV, we estimated the slope of
viral decay of the total viral RNA on and off treatment as well as
the non-mutated viral RNA by fitting a linear model to the simu-
lated log, (viral load) data on days 0, 1, 2, 3, 4 and 5 after the start
., = log, [0.5]/
slope) in our simulations of PLATCOV control and treatment arms
agreed with the clearance half-life observed in the trial (Supplemen-
tal Table 3). Our results showed small differences (non-significant)
between the clearance rates for the total versus the non-mutated
viral RNA in the treated groups in PLATCOV and PANORAMIC
(Supplemental Figure 9).

Differences in trial participants and model parameters. We next com-

of the treatment. The median clearance half-life (¢

pared features of each trial as they related to model predictions
by assessing the viral dynamic range (Supplemental Figure 10A).
Control participants in PLATCOV had lower mean viral loads
throughout the course of infection relative to PANORAMIC and
MOVe-OUT (Supplemental Figure 10B). Given that PLATCOV
and PANORAMIIC enrolled participants with the Omicron variant,
we surmise that these differences relate to demographic differenc-
es in study participant, slightly shorter estimated time to treatment
in PANORAMIC versus PLATCOV estimated by our model (¢, in
Supplemental Figure 11), sampling site, and/or characteristics of
the PCR assay used in the studies. The trials also employed differ-
ent limits of detection which impacted observed reductions in viral
load (Supplemental Figure 10B). Model parameters were largely
equivalent between studies and between treatment and control arms,
reflecting the flexibility of the model (Supplemental Figure 11). The
parameter governing transition of susceptible cells to a refractory
state was higher in PLATCOV relative to PANORAMIC which
likely was necessary to achieve lower viral loads overall and may
reflect the younger study participants or different immune dynamics
in the oral versus nasal compartment (Supplemental Figure 11).

J Clin Invest. 2025;135(21):e192052 https://doi.org/10.1172/)C1192052

Antiviral potency, viral load assessment, and trial design impact observed
antiviral reduction. We next combined PK and PD models to assess
the average efficacy of the drug during days 0-5 in all 3 trials (Figure
8, A and B). Due to the short half-life of the drug, its plasma con-
centrations fell below the therapeutic levels (in vivo EC,)) in MOVe-
OUT trial (red dashed line in Figure 8 A), while remaining above the
in vivo EC,; in PLATCOV and PANORAMIC (purple and green
dashed lines in Figure 8A). We then calculated the average effica-
cy (see Equation 3 in Methods) assuming different in vivo potencies
(i.e., different paf) and noted an efficacy of 53% in MOVe-OUT
(Figure 8C). The efficacy of molnupiravir in PLATCOV (94%) and
PANORAMIC (95%) was similar to that of nirmatrelvir in PLAT-
COV (94%) and EPIC-HR (82%), owing to a much lower paf for
molnupiravir relative to nirmatrelvir/ritonavir (Figure 8C).

‘We simulated each trial with its specific design (timing of treat-
ment and limit of detection [LOD]), assuming different paf val-
ues (Figure 8, D and E). These potencies are mapped to different
reductions in viral load relative to placebo/usual care. Total viral
RNA reduction in PANORAMIC and PLATCOV exceeded that
in MOVe-OUT, owing to lower paf (Figure 8D), but also due to a
larger viral dynamic range (defined as the distance from baseline
viral load to the lower threshold PCR (LOD) (Supplemental Figure
10B), which allows for a greater observed reduction in viral load.
PANORAMIC used an LOD of 109 (imputed as 50 copies/mL),
and PLATCOV used an LOD of approximately 18 copies/mL, but
MOVe-OUT had a higher LOD of 500 copies/mL. PANORAMIC
also had much higher average starting viral loads (7.4 log, [copies/
mL]) versus PLATCOV (5.8 log, [copies/mL]) and MOVe-OUT
(6.8 log, [copies/mL]) (Supplemental Figure 10B). Molnupiravir
approached maximal possible total viral RNA reduction in PAN-
ORAMIC and PLATCOV, whereas protease inhibitors could still
achieve greater viral load reduction at lower paf (Figure 8D), as
recently observed with ensitrelvir (34). Overall, assays that max-
imize viral load detection and have lower limits of detection can
detect greater virologic reduction in trials.

The greater possible reduction in total viral load for protease
inhibitors relative to mutagenic drugs like molnupiravir owes to differ-
ent mechanisms of action. Model projected reductions in non-mutat-
ed viral RNA reduction in PANORAMIC and PLATCOV approxi-
mated viral load reductions observed in EPIC-HR and PLATCOV on
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Figure 7. PCR underestimates the true reduction in non-mutated SARS-CoV-2 RNA in PLATCOV and PANORAMIC. Simulated mean viral loads including
non-mutated viral RNA in (A) PLATCOV, (B) PANORAMIC, and (C) MOVe-OUT. (D) Individual viral load reduction at day 5 in the simulated control group
(blue), simulated treatment group total viral RNA (gray), and simulated treatment group non-mutated viral RNA (pink) in the 3 trials, showing no statis-
tical difference between total and non-mutated viral RNA despite a lower median. (E) Individual viral AUC from the start of the treatment through day 5
in the simulated control group (blue), simulated treatment group total viral RNA (gray), and simulated treatment group non-mutated viral RNA (pink),
showing a statistical difference between total and non-mutated viral RNA in all 3 trials. (D and E) Box-and-whisker plots include the interquartile range

(IQR) with whiskers equaling 1.5 times the IQR.

nirmatrelvir/ritonavir (Figure 8E). This suggests that PCR detection
of mutated viruses underestimates true molnupiravir potency, and
that a more potent mutagenic agent could accrue further virologic
benefit even if the total reduction in viral RNA does not increase.

Optimization of molnupiravir therapy to avoid viral rebound. Instanc-
es of viral rebound were observed in PLATCOV and PANORAM-
IC and have been observed following molnupiravir treatment (4,
35). We analyzed higher doses and prolonged therapy and noted
that, as with nirmatrelvir (14), prolonging therapy is a better meth-
od to prevent rebound than increasing dose (Supplemental Figure
12). While the calculated probability of rebound depends on the
rebound definition (see Methods), we showed previously that the
general trend as a function of different changes in the treatment
regimen will hold (14). In addition, due to the limited follow-up
window of the trials, our model may predict instances of rebound
that occur outside the window of observed data.

Discussion

We recapitulated the virologic results of 3 clinical trials for mol-
nupiravir with our combined clinical trial simulation VID-PKPD
models. Model output highlights key differences in viral load reduc-
tion between the trials and identifies mechanisms to explain these
discrepancies. The MOVe-OUT trial was associated with signifi-
cantly less reduction in viral load between treatment and control
arms than the other 2 trials. Accordingly, the average drug efficacy

over the dosing interval (53%) was lower in this trial, and our esti-
mate for paf was 2.64, signifying marginally lower potency in vivo
than in vitro. This result is compatible with 0.4-fold lower median
EC,, values for molnupiravir in vitro against Omicron relative to
prior variants (33), although explanations other than viral variant
cannot be ruled out. The higher paf in MOVe-OUT permitted drug
troughs below the EC,, limiting potency throughout the dosing
interval. In PLATCOV and PANORAMIC, our model suggests
drug levels remain above the in vivo EC,; throughout the dosing
interval, although potency does fluctuate according to drug level.
The projected drug efficacy in PLATCOV and PANORAMIC
was considerably higher (94% and 95%, respectively), and the paf
was estimated to be 0.14 and 0.13, indicating greater potency in vivo
than in vitro. We have applied our clinical trial simulation technique
to multiple drugs for SARS-CoV-2 (14), HSV-2 (29, 30), and HIV
(36), and this is the first time we have identified this trend. Allowing
molnupiravir to be more potent in vivo in our modeling of PLAT-
COV and PANORAMIC was necessary to capture the much greater
reduction in total viral RNA relative to off-treatment in these stud-
ies (1.09 log,, and 0.94 log, , respectively, versus 0.3 log,, in MOVe-
OUT). Another modeling study was also unable to recapitulate viral
load reductions in PANORAMIC when assuming equivalent in vitro
and in vivo EC, levels (37). Instead of adjusting the in vivo EC, as
we did, the authors assumed a secondary drug mechanism of action,
reduction in viral replication rate. However, to our knowledge, viral
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Table 1. PCR underestimates the true reduction in non-mutated
SARS-CoV-2 RNA in PLATCOV and PANORAMIC

Trials
Difference in mean viral load drop PLATCOV  PANORAMIC MOVe-OUT
onday5
Trial outcome
Total off-treatment - Total on-treatment 1.09 0.94 03
Model prediction

Total off-treatment - Total on-treatment 132 123 039
Total off-treatment - Non-mutated 169 167 041
Total on-treatment — Non-mutated 037 044 0.02

Table of mean viral load reductions on day 5 in the trials and simulations
including the predicted mean difference in total versus mutated viral RNA.
Note that all viral RNA in the control group is not drug-mutated.

mutagenesis is the only experimentally proven mechanism of action
of molnupiravir (38—40). Another study reinforced the primacy of
the mutagenic mechanism of action by showing very high drug-in-
duced nucleotide substitution rates after 2 days of treatment (41).

A key outcome of our analysis is the prediction that SARS-
CoV-2 PCR likely underestimates molnupiravir potency because it
detects drug-mutated viral RNA (6). This appears to be most sig-
nificant when antiviral potency is higher, as in PANORAMIC and
PLATCOV, leading to a 0.48-0.59 log, , underestimation of reduc-
tion in non-mutated virus. Our results suggest that use of standard
PCR for assessing SARS-CoV-2 levels may lead to underestimation
of drug potency. Multiprobe assays, as have been used for the HIV
reservoir, may improve specificity for viruses that remain intact
and replication competent (42). Viral culture is potentially a use-
ful metric but lacks sufficient sensitivity and precision and is too
labor intensive to serve as a viable trial endpoint (16). In a ferret
model, molnupiravir lowered levels of culturable virus while not
lowering total viral RNA levels relative to control (10). In PAN-
ORAMIC, molnupiravir did not impact culture detection for virus
between days 2 and 5, although precise timing of samples varied
across participants (43). We surmise that this binary outcome does
not capture potential drug effects and that quantitative culture of
daily samples, particularly early treatment time points, is necessary
to capture drug potency in vivo.

A further consideration of our analysis is selection of optimal
virologic endpoints in clinical trials. The PLATCOV study demon-
strates that viral clearance slope is an efficient and robust metric
to identify potency after enrollment of a limited number of trial
participants (4). It is advantageous relative to time to viral clear-
ance, as it incorporates all viral load data points in the analysis. We
observed small non-statistically significant differences between
clearance slopes of total versus non-mutated viral RNA in simula-
tions of all 3 trials. However, we observed significant reductions in
viral AUC during therapy in all 3 simulated trials, suggesting that
this may be an even more sensitive trial endpoint. In viral dynamic
models, viral AUC maps directly to surface area of total infected
cells, providing a mechanistic underpinning of why this may be a
useful endpoint (44, 45).
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Our results suggest that viral loads may vary according to drug
level given molnupiravir’s short plasma half-life. A substudy within
future trials comparing viral loads between drug trough and peak
would be useful for the field. This could validate our model’s pre-
diction that even small reductions in viral RNA may be associated
with substantial reductions in total viral AUC particularly with a
drug with a short half-life. Even minor reductions in viral load may
be associated with substantial clinical benefit in this case. These
fluctuations may be less evident if the intracellular half-life of the
drug is longer or if PK measures in our model underestimate true
drug levels in PANORAMIC due to older age or impaired renal
clearance. Model accuracy would be improved if paired viral load
and PK data were available from the same patients in similar trials.

Another key practical outcome is that, as for nirmatrelvir,
extension of molnupiravir therapy to 10 days is likely to prevent
rebound, although our simulations do not suggest any benefit from
increasing dose (14). This suggests that prolonging therapy or using
agents with a longer half-life is ideal for treating SARS-CoV-2 (46).

Each trial represented a unique set of issues for model fitting.
In MOVe-OUT, because the mean viral kinetics curve of treatment
arm differed only slightly from that of the control arm, the model
without drug provided reasonable fit to the treatment arm. Nev-
ertheless, the paf was identifiable for this trial, indicating that the
model was able to detect and specify the limited potency of the drug.
The fact that the drug’s potency and clinical efficacy appears to have
increased with introduction of the Omicron variant demonstrates a
massive challenge for the therapeutics field; as with vaccines (47),
trials performed when prior variants were circulating may prove less
relevant as new variants continually emerge. A priority should be
retesting existing agents against newly emerging variants in small
nimble trials such as PLATCOV, with viral load endpoints.

For PLATCOV, the model for the treatment arm matched the
trial data precisely and identified the paf. The drug achieved nearly
maximal observed viral load reduction in this trial. We identified a
similar trend for PANORAMIC. It is notable that the model had
the flexibility to account for different viral loads between these trials
by predicting more rapid innate immune responses in PLATCOV
which enrolled younger and healthier participants.

We arrived at similar estimated pafs in the PLATCOV and
PANORAMIC trials, which agreed when using 2 separate meth-
ods: fitting to individual viral loads and fitting to mean viral load
reduction trial endpoints. This suggests that our approach using
well-matched in silico cohorts and fitting to population level out-
comes produces reliable results (14). In many cases, it remains
challenging for academic researchers to obtain individualized data
from industry-sponsored trials. Therefore, it is important that the
endpoint-fitting approach be considered when these are the only
data publicly available.

Finally, our results highlight challenges in trial design associat-
ed with the selection of PCR assays and their corresponding LODs.
Each trial reported results with a different LOD, which in turn
impacts the degree of viral load decrease that can be observed. Ini-
tial viral loads were notably higher in PANORAMIC and MOVe-
OUT than PLATCOV. The equivalent viral loads between PAN-
ORAMIC and PLATCOV may reflect a more sensitive PCR in the
PANORAMIC study, as past immunity has consistently predicted
lower viral loads and more rapid viral elimination for Omicron
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Figure 8. Relationship of drug pharmacokinetics and pharmacodynamics to in vivo potency and viral load reduction, comparing trial design. (A) Mol-
nupiravir plasma concentration during 5 days of treatment with 800 mg molnupirvir given twice daily. The dashed lines mark the EC,  with different paf
values that differ by trial. For paf = 013, drug levels are almost entirely above the EC_. (B) Dynamic shifts in molnupiravir efficacy for different paf values
that differ by trial. Efficacy only drops minimally at trough levels when paf is low (i.e., 0.14 and 0.13 in PLATCOV and PANORAMIC) but drops significantly
at trough levels in MOVe-0UT. (C) Drug potency of SARS-CoV-2 antivirals according to trial. The in vivo efficacy of molnupiravir in PLATCOV and PAN-
ORAMIC trials is close to the in vivo efficacy of nirmatrelvir/ritonavir in the PLATCQV trial and higher than EPIC-HR. MOVe-OUT potency is significantly
lower due to a higher paf and higher in vivo EC, value. (D) Simulated mean drops in total viral RNA from baseline relative to untreated arms on day 5 in
the 3 molnupiravir trials and 2 nirmatrelvir/ritonavir trials. (E) Simulated mean drops in non-mutated viral RNA from baseline relative to counterfactual
placebo on day 5 in the 3 molnupiravir trials and 2 nirmatrelvir/ritonavir trials. In the molnupiravir trials, total viral RNA drops less than non-mutated viral
RNA due to PCR detection of drug-mutated viral RNA. Total possible reduction in non-mutated SARS-CoV-2 RNA is less for MOVe-OUT than PLATCOV and
PANORAMIC due to higher initial viral loads and lower values of detection in the trials.

variants (15, 48). On the other hand, PANORAMIC viral loads
could have been higher than in PLATCOV despite both enrolling
Omicron infections due to an older and less healthy population or
sampling from different anatomic compartments. Ideally, equiva-
lent internationally standardized PCR quantitation and sample
sites would be used across all trials.

Our study has a few limitations. The estimated paf is based on the
in vitro assay data against the Delta variant in Calu-3 cells. In vitro
EC,, is sensitive to assay conditions, including cell type, the VOC, the
multiplicity of infection (MOI), and specific lab. In general, while nec-
essary for the initial evaluation of the drug activity against a patho-
gen, the inability of in vitro assays to match in vivo conditions makes
them an unreliable proxy for the potency of the drug in humans. This
explains the necessity of incorporating the paf parameter when sim-
ulating an antiviral clinical trial using pharmacodynamic data. While
the estimated value of paf is dependent on the PD data used to esti-
mate the in vitro EC,, the calculated in vivo EC, (= paf X [in vitro
EC,)]) is only a function of our model fit to clinical trial data. We
chose to estimate the in vivo EC, using the paf in order to quantify
the extent to which the in vitro value may be misleading.

While similar paf values were estimated for PLATCOV and
PANORAMIC trials, there are important differences in the design
of these trials, including the sampling site, that can impact the esti-
mated in vivo EC,. The in vivo efficacy of the drug could differ
between different anatomic compartments. The only way to assess
this hypothesis would be to separately fit the model to viral load
from different anatomic sites collected from the same participants
in the same trial. Lacking such data from each trial, we could only
compare the paf across trials.

In our model, we assumed all mutated viruses are noninfec-
tious. While most drug-induced random mutations reduce the
fitness/viability of the virus, clustered infections with the mol-
nupiravir mutation signature have been detected in regions where
the drug was widely used, suggesting transmission (7). We jus-
tify this assumption in our definition of drug efficacy because
improved fitness due to molnupiravir is a rare event that does not
occur in most treated individuals. We base this conclusion on 3
trials, showing statistically significant viral load reduction. Nev-
ertheless, while incomplete efficacy likely reflects subtherapeutic
drug levels, it is also possible that some drug-induced mutations
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do not lower viral fitness. We do not see evidence that these muta-
tions are associated with drug resistance in our modeling.

For individuals who do not clear the virus within the observed
sampling period, our model occasionally predicts prolonged shed-
ding. The late acquired immune response in our model is time
dependent and responsible for late viral elimination. However,
when we do not observe clearance within 15 days, the model’s
projections are less reliable. While we lack confidence in any viral
dynamic model’s ability to extrapolate beyond the observed data,
this does not impact our estimation of the drug’s in vivo potency
which is applied during the first 5 days of treatment when viral
load data are abundant. Longer sampling periods are needed to
accurately model the drivers of persistent infection, which is more
common in severely immunocompromised individuals.

Another limitation is that PK parameters were estimated using
the data from the plasma concentration of healthy individuals with
the age range of 19-60 (mean 39.6) years old and we were not able to
use an individualized PK model based on lack of drug level data in
all 3 trials. The clearance rate of renally cleared drugs often increase
with age (49). This implies that the paf may be larger in an older pop-
ulation, such as in PANORAMIC participants. Furthermore, we used
the plasma concentration in the combined model to calculate the drug
efficacy. However, using the drug’s intracellular concentration with a
longer half-life, represented by the peripheral compartment of the PK
model, could also likely lead to a larger estimated paf.

Finally, the lack of tissue drug-level data limits our PK model’s
ability to provide a complete mechanistic link between intracellular
drug levels and inhibition of viral replication. Our estimate of in
vivo EC, is intended to provide a practical target for drug develop-
ers, as plasma drug levels are routinely and easily measured. How-
ever, it is important to note that the in vivo EC, estimate within
infected cells, which is the most relevant mechanistic value, cannot
be estimated from existing data and may differ from our estimate of
the plasma in vivo EC,.

In summary, we further demonstrate the utility of clinical trial
simulation using models that capture drug PK and PD, as well as
infection dynamics. In the case of molnupiravir, our results suggest
that final viral endpoints should be adjusted based on the drug’s
mechanism of action.

Methods

Sex as biological variable. We used data from 3 trials in which both bio-
logical sexes were represented equally. In treatment arms, percentage
of female and male participants were 53.6% and 46.4% in MOVe-
OUT; 57% and 43% in PLATCOV; and 55% and 45% in PANORAM-
IC. In control arms, percentage of female and male participants were
49% and 51% in MOVe-OUT; 68% and 32% in PLATCOV; and 65%
and 35% in PANORAMIC. We did not use biological sex as a covari-
ate in our model.

Study design. We developed viral dynamic models recapitulating
viral loads from symptomatic individuals in the NBA cohort (15). We
used a 2-compartment model to reproduce PK data of molnupiravir
(22). For clinical trial simulation, we constructed a virtual cohort by
randomly selecting 400 individuals from the NBA cohort, matching
trial populations regarding vaccine status and history of infection giv-
en cohort characteristics. Due to lack of individual PK data, we used
estimated population PK parameters for all individuals in the virtual
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cohort. PD parameters for each individual were randomly selected
from a log-normal distribution with means and standard errors estimat-
ed based on in vitro assay data. We first fit the combined viral dynamic
and PKPD model to average change in viral load from baseline of con-
trol and treatment arms of 3 previously published molnupiravir clinical
trials (2—4, 50). Comparing output to control arms validated our viral
dynamic model and demonstrated how well our virtual cohorts repre-
sent trial control arms. We used average data from the treatment arms
to estimate the paf by maximizing R? of the fit (14). We next fit to indi-
vidual viral load trajectories in PLATCOV and PANORAMIC using
the mixed-effect population approach in Monolix (51-53) and obtained
individual paf values and a population distribution.

Viral load data. The NBA cohort dataset published by Hay et al.
consists of 2875 SARS-CoV-2 infections in 2678 people detected
through frequent PCR testing regardless of symptoms (20). We used
viral load data from 1510 infections in 1440 individuals with at least 4
positive quantitative samples to estimate viral dynamic parameters. We
used parameter sets estimated for the symptomatic subpopulation of
these individuals to construct virtual cohorts (15).

Clinical trial data. We used viral load data from three molnupiravir
trials. MOVe-OUT included 544 and 549 symptomatic high-risk indi-
viduals in control and treatment arms, respectively (2). We obtained
average change in viral load data of the control and treatment arms as
shared in Table 1 or in the supplemental material of Jayk Bernal et al.
(2). Nasal viral load was measured using PCR assay on days 0, 3, 5, 10,
and 14 after treatment start day and adjusted by baseline viral load. An
LOD of 500 copies/mL was used in this trial. Treatment was started
within 5 days of symptom onset.

PLATCOV was an open-label, randomized, controlled adaptive
trial with 85 and 58 symptomatic, young, healthy individuals in con-
trol and molnupiravir treatment arms (4). Oropharyngeal samples
from each participant were collected daily on days 0 through 7 and
on day 14 after treatment start. Viral load was measured using PCR.
We used individual viral load data for model fitting. From PLAT-
COV, we averaged 2 oral samples collected from each individual for
individual-level viral load fitting and then calculated viral load drop
from baseline for the trial endpoint-fitting approach. When compar-
ing simulation results with data we used the maximum LOD reported
in the trial (~1.26 log).

PANORAMIC was a platform adaptive randomized, controlled
trial with 42 and 38 symptomatic, vaccinated individuals with at least
one risk factor in the control and treatment arms, respectively (3). Nasal
viral load was measured using PCR. Samples were collected on days
0 through 6 and on day 13. We used individual viral load data shared
by the authors and adjusted by baseline viral load to obtain mean drop
from baseline. Mean days since symptom onset at baseline were 2.4 (SD
0.78) for treatment arm and 2.5 (SD 1.12) for control arm. The LOD of
100 copies/mL (imputed as 50 copies/mL) was used.

In all 3 trials, study participants were treated with 800 mg of mol-
nupiravir twice per day, for 5 days.

PK data. Mean plasma concentration data of molnupiravir were
obtained by digitizing Figure 3 of a phase I trial using WebPlotDigitizer
(22). In the study, 6 participants were given 50, 100, 200, 300, 400, 600,
and 800 mg of molnupiravir twice daily for 5.5 days. Plasma concentra-
tions were measured after the first and last doses.

PD data. Data on drug efficacy were obtained from experiments
performed at the University of Washington. Efficacy of molnupiravir
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was measured against the Delta variant of SARS-CoV2 in Calu-3 cells
(human lung epithelial). Cells were treated with varying concentrations
of molnupiravir prior to infection with SARS-CoV-2 at an MOI of
0.01. Antiviral efficacy and cell viability (of non-infected cells treated
with drugs) were assessed after 96 hours of incubation using the Cell-
Titer-Glo assay, which measures number of viable cells in culture by
quantifying ATP (9, 14). There were 5 replicates per condition, pooled
from 2 independent technical repeats (one experiment with triplicate
conditions, one with duplicate conditions).

Viral dynamics model. We used a data-validated model of SARS-
CoV-2 dynamics to model viral load of symptomatic individuals with
SARS-CoV-2 infection (15). This model assumes susceptible cells are
infected at rate SV by virions. Infected cells go through a non-produc-
tive eclipse phase (I,) before transitioning at rate I, to productively
infected cells (Ip), When encountering productively infected cells, sus-
ceptible cells become refractory to infection (R) at the rate @I S. Refrac-
tory cells revert to susceptible rate pR. Productively infected cells pro-
duce virus at rate 71:Ip and are cleared at rate J1, representing cytolysis
and innate immune responses that lack memory and are proportional
to the amount of ongoing infection. If infection persists longer than
time 7, then cytotoxic acquired immunity is activated, which is repre-
sented in our model by rate mIP. Finally, free virions are cleared at rate
y. This model, previously proposed by Ke et al. was selected against
other models based on superior fit to data and parsimony (54). The set
of differential equations has the following form:
dS/dt=—fSV - LS + pR
dR/dr = PIS-pR
dl/dt = SV —«l,

de/ dt = «ly — @I —m(D)]

(Equation 1A)
(Equation 1B)
(Equation 1C)
(Equation 1D)

dv/de = L, —yV (Equation 1E)
m@t)=0 t<rt .
where { m@O=m t>1 (Equation 1F)

To estimate parameter values for the VID model prior to applica-
tion of treatment, we fit it to viral loads from the NBA cohort using a
mixed-effect population approach implemented in Monolix. Details on
model selection and fitting can be found in Owens et al. (15).

For subsequent concurrent model fit to data from the NBA cohorts
and trial participants, we started all simulations at the beginning of
infection (¢ = —£;) with susceptible cells. The parameter was estimated
as time of infection relative to earliest record of infection in the data (¢t =
0). In the NBA cohort, because time of symptom onset was not known
for all individuals, # = 0 was set as time of first recorded positive test. In
the clinical trials, # = 0 was set as the time of symptom onset, as time
of sample collection was measured relative to time of symptom onset.
Mean was approximately 12—14 hours higher in the NBA cohort (2.16
days) relative to the trials (1.6 days for PLATCOV and 1.54 days for
PANORAMIC) because in the NBA cohort sampling did not always
occur daily in the absence of infection. We suspect values for the 2 tri-
als were slightly shorter than observed incubation periods for Omicron
(2-3 days) because they do not represent precise time of exposure, but
rather the time at which viral infection of cells initiates. While mean
duration of infection at first obtained sample was 2.16 days in the NBA
cohort, it was 3.63 days for PLATCOV and 3.59 days for PANORAM-
IC, reflecting a 2.0-day average delay in sampling and starting treatment
attributable to the trial enrollment process. This 1.5-day difference high-
lights why NBA participant data was useful to inform modeling of early
presymptomatic, expansion time points.
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Att=—t, the value of refractory cells was assumed to be zero since
interferon signaling was not likely to be active. We assumed no infected
cells (eclipse or productive) at infection initiation. We fixed the level of
inoculum (V) at for each individual due to little individual variability
when this parameter was previously estimated. The selected value (97
copies/mL) was our previous population estimate (15). Simulations
starting with a small number of cells in eclipse or productively infected
phase allowed similar viral kinetics.

To resolve identifiability issues and based on information from our
prior extensive fitting, we fixed 2 parameter values, setting the inverse
of the eclipse phase duration to days, and the rate of viral clearance to
y =day! (15).

PK model. We used a 2-compartment PK model that includes amount
of drug in the GI tract (A, plasma compartment (AP), and respiratory
tract (A,). The drug is administered orally, passes through the GI tract,
and gets absorbed into blood at rate «,. The drug transfers from the blood
into the peripheral compartment (or respiratory tract) at rate. The metab-
olized drug transfers back into plasma at rate from where it clears from
the body at rate. The ordinary differential equations are:

dA /dt = -k Ay, (Equation 2A)
dAp/ dt =Kk Ag + A — (kg +ip)A, (Equation 2B)
dA, /dt= L (Equation 2C)

We used Monolix and a mixed-effect population approach to esti-
mate parameters and their standard deviations. With initial condition
of (A, = Dose, AP =0,A =0), wefit Cp = Ap/ Vol to plasma concen-
tration data, where Vol is estimated plasma volume. Details on parame-
ter values and the error model are in Supplemental Table 1.

PD model. We used a Hill equation &(f) = E, C(¢)'/(C(#)' + EC,"),
where C(¢) is drug concentration in plasma, E, _is maximum efficacy, n
is the Hill coefficient, and EC, is drug concentration in plasma required
for 50% efficacy. We used least-squared fitting to obtain 3 parameters
(E

max?

n, and EC,)) and their SDs. Average drug efficacy over treatment
period was calculated using Equation 3:
1

t .
E. =1t f &9 gt)de (Equation 3)
end start start
where . _and ¢_, are treatment start and end day, respectively.
start end

Combined PKPD and VL models. The plasma concentration of mol-
nupiravir obtained from the PK model is used in the PD model to obtain
time-dependent efficacy. Since molnupiravir imposes lethal mutations
during viral replication, in our model, a portion of all viruses produced
by an infected cell, measured by &(#), are mutated (V) and assumed to be
non-infectious, with the addition that most detected viral RNA pretreat-
ment is also non-infectious. The production rate of non-mutated viruses
is decreased by a factor of 1 — &(f). Equation 1E is thus replaced with:
dv/dr=(1-e@nl —yV (Equation 4A)
av_/dt= eOnl —yV | (Equation 4B)
Total viral load (V + V ) was used to fit the PCR assay data from
each trial.

Potency adjustment factor (paf). The paf (prf in our previous work)
(14) is defined as:
paf = EC, in vivo/EC, in vitro (Equation 5)

‘We changed prf (potency reduction factor) to paf (potency adjustment
factor), since our model showed that in vivo potency can be higher than
in vitro, which we did not initially expect.

Fitting the combined model to individual viral load data in the PLATCOV
and PANORAMIC trials. We used the population mixed-effect approach
implemented in Monolix to estimate each individual’s viral dynamics
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parameters and paf. The individual viral load data at time #is modeled as:
log,(V,) = M(t, 0) + ac (Equation 6)

where M(z,, 0) is the solution of the combined VL+PKPD ODE model,
91‘ = [ﬁi’ 6;’7 Po K 61" My Ty Vo T Koy K Kepp 1y EC50’
ter vector for individual 7, e~N(0,1) is measurement error of viral load

paf] is the parame-

data, and a is the magnitude of the measurement error known as the
error parameter. The parameters of individual / is modeled as 0, = F)W
+ 1, if 0, can take positive and negative values and is normally distrib-
uted, oras 0, = 0popexp (17,) if the parameter can only take positive values
and is log-normally distributed. F)W is average population value of the
parameters and ;, known as the random effect is an individual /s devi-
ation from average.

Due to lack of data from the initial phase of infection in PLAT-
COV and PANORAMIC, we included data from Omicron-infected
individuals in the NBA cohort in the fitting population to inform the
model about the initial phase of infection. We fixed PK parameters
to the estimated population values (Supplemental Table 1) and PD

parameters, including the in vitro EC, , to in vitro estimated population

507
values (Supplemental Table 2). We used the study category (NBA vs.
PLATCOV and PANORAMIC) as a covariate for ¢, (estimated timing
of infection) for reasons described above and t (timing of the adaptive
immune response). This accounted for discrepancies between the defi-
nition of ¢ = 0 between the NBA cohort and trials.

Construction of a virtual cohort. To generate a cohort for our sim-
ulated clinical trials, we randomly selected 400 individuals (for each
arm) from the unvaccinated symptomatic subpopulation of the NBA
cohort for MOVe-OUT and the vaccinated, Omicron-infected subpop-
ulation for PLATCOV and PANORAMIC and used their individual
viral load parameters estimated by fitting our viral dynamics model to
the data, using population mixed-effect model, as described above. A
sample size of » = 400 was used to mimic a large-scale clinical trial
and maintain relatively low overlap between virtual cohorts used in
each arm of the simulations and between different simulations. Since
time of symptom onset is not available for all individuals in the NBA
data, we randomly drew an incubation period for each individual
from gamma distributions with variant-specific parameters estimated
by Gamiche et al. (55). The start of treatment relative to symptom
onset was randomly selected according to a uniform distribution for
MOVe-OUT and PLATCOV, and a log-normal distribution for PAN-
ORAMIC with limits of [0,5] days and mean and SD reported in the
PANORAMIC trial for control and treatment arms. The same popu-
lation PK parameters were assigned to each individual. The relevant
dose in each scenario was added to the A compartment (the absorp-
tion equation) of the PK model (Equation 2A) at each dosing time
point (=0, 0.5, 1, 1.5, ...., 4.5 days). For each dose, appropriate PK
parameters were used (Supplemental Table 1). PD parameters were
randomly drawn from a log-normal distribution with estimated mean
and SD. The SD of the PD parameters represents the accuracy of the
assays and not individual variability.
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We estimated the paf by maximizing R’ the measure of agreement
between the drop in viral load of the treatment arm of our simulation
and the change in viral load observed in the treatment arm of the clini-
cal trial on day 0 through day 7.

Measuring rebound probability. Viral load rebound in the treatment
arm was defined when viral load at any time after treatment ended
exceeded viral load at the end of treatment by 1 on a log, scale. In the
control group, viral rebound was defined as at least 2 peaks with mini-
mum height of 1000 copies/mL with the second peak 1 log, higher than
its preceding local minimum.

Statistics. We used the 2-sided Kolmogorov-Smirnov test to compare
observed and simulated viral load drop distributions at each time point.
Adjusted P values were calculated using the Benjamini-Hochberg method
and represent dissimilarity between distributions. When comparing treated
and untreated total and non-mutated viral load at a given time point, viral
AUC, viral clearance slope, and viral dynamics parameters between differ-
ent trial arms, we used the 2-sided Mann-Whitney U test with Bonferroni’s
correction. Pvalues of less than 0.05 were considered statistically significant.

Study approval. No new human or animal data were collected. All
data analyzed were deidentified prior to our use and previously published.

Data availability. Values for all data points in graphs are reported in
the Supporting Data Values file. The data analyzed in this work was pre-
viously published by Hay et al., Schilling et al., and Standing et al. and
are available at https://github.com/gradlab/SC2-kinetics-immune-his-
tory, https://github.com/jwatowatson/PLATCOV-Molnupiravir/tree/
V1.0, and https://zenodo.org/records/10375295. PD data are available
on GitHub at https://github.com/sEsmaeili/MolnupiravirModeling.
All codes and materials used in the analysis are available on GitHub
(https://github.com/sEsmaeili/MolnupiravirModeling).
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