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A Quantitative Modeling and Simulation 
Framework to Support Candidate and Dose 
Selection of Anti- SARS- CoV- 2 Monoclonal 
Antibodies to Advance Bamlanivimab Into a 
First- in- Human Clinical Trial
Emmanuel Chigutsa1, Eric Jordie2, Matthew Riggs2, Ajay Nirula1, Ahmed Elmokadem2, Tim Knab2 and 
Jenny Y. Chien1,*

Neutralizing monoclonal antibodies (mAb), novel therapeutics for the treatment of coronavirus disease 2019 
(COVID- 19) caused by severe acute respiratory syndrome- coronavirus 2 (SARS- CoV- 2), have been urgently researched 
from the start of the pandemic. The selection of the optimal mAb candidate and therapeutic dose were expedited 
using open- access in silico models. The maximally effective therapeutic mAb dose was determined through two 
approaches; both expanded on innovative, open- science initiatives. A physiologically- based pharmacokinetic (PBPK) 
model, incorporating physicochemical properties predictive of mAb clearance and tissue distribution, was used to 
estimate mAb exposure that maintained concentrations above 90% inhibitory concentration of in vitro neutralization 
in lung tissue for up to 4 weeks in 90% of patients. To achieve fastest viral clearance following onset of symptoms, 
a longitudinal SARS- CoV- 2 viral dynamic model was applied to estimate viral clearance as a function of drug 
concentration and dose. The PBPK model- based approach suggested that a clinical dose between 175 and 500 mg 
of bamlanivimab would maintain target mAb concentrations in the lung tissue over 28 days in 90% of patients. 
The viral dynamic model suggested a 700 mg dose would achieve maximum viral elimination. Taken together, 
the first- in- human trial (NCT04411628) conservatively proceeded with a starting therapeutic dose of 700 mg and 
escalated to higher doses to evaluate the upper limit of safety and tolerability. Availability of open- access codes and 
application of novel in silico model- based approaches supported the selection of bamlanivimab and identified the 
lowest dose evaluated in this study that was expected to result in the maximum therapeutic effect before the first- in- 
human clinical trial.
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Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE 
TOPIC?
 Bamlanivimab is a monoclonal antibody that neutralizes se-
vere acute respiratory syndrome- coronavirus 2 (SARS- CoV- 2) 
and underwent rapid clinical development for treatment of 
coronavirus disease 2019 (COVID- 19) in patients with mild or 
moderate disease.
WHAT QUESTION DID THIS STUDY ADDRESS?
 This paper provides the methodology behind modeling 
selection of the first human dose range of bamlanivimab in a 
pandemic situation, and how physiologically- based pharma-
cokinetic modeling was used to predict 700  mg as the lowest 
dose evaluated in this study that would result in maximum 
therapeutic effect in the absence of preclinical or clinical data.

WHAT DOES THIS STUDY ADD TO OUR 
KNOWLEDGE?
 An open- access in silico modeling and simulation approach 
to drug discovery and development facilitated an accelerated 
path to selecting bamlanivimab as the best drug candidate 
based on the projected pharmacokinetic (PK), pharmacody-
namic (PD), and optimal therapeutic dose. 
HOW MIGHT THIS CHANGE CLINICAL 
 PHARMACOLOGY OR TRANSLATIONAL SCIENCE?
 This work demonstrates that in silico PK/PD modeling and 
simulation and open- access approaches to science can be relied 
upon in future drug development programs especially when 
speed to patient is essential.
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Infections with a novel severe acute respiratory syndrome corona-
virus 2 (SARS- CoV- 2) are currently widespread and responsible 
for an ongoing public health emergency. As of March 9, 2020, 
when this work with neutralizing monoclonal antibodies (mAbs) 
began, there were over 114,000 cases and 3,990 deaths due to coro-
navirus disease 2019 (COVID- 19). That number has increased 
globally to more than 120 million cases and 2.6 million deaths 
across 192 countries or regions (as of March 16, 2021).1 As these 
numbers continue to increase, there is an urgent need for safe and 
effective therapeutics to treat patients.

Through state- of- the- art high throughput technology and the 
global effort to share scientific data, including genetic codes for the 
spike protein of SARS- CoV- 2,2,3 immunoglobulin G (IgG) mAbs, 
specifically engineered against the spike protein of SARS- CoV- 2 
have been developed. These mAbs have the potential to block viral 
attachment and entry into human cells, thus neutralizing the virus 
and potentially preventing and treating COVID- 19.4,5 However, the 
process of moving from bench to patients for clinical use may take 
up to 10 years or more in research and development,6 a timeframe 
that was not useful in the midst of a pandemic. The massive impact 
of COVID- 19 on both global health and economics has driven an 
unprecedented effort in the utilization of in silico modeling and sim-
ulation to accelerate timelines in research and development.7– 10

An open- access in silico pharmacology model- based approach 
was developed to project the clinical dose for a selected set of neu-
tralizing antibodies in the preclinical screening stage to support 
the recommendation of the optimal neutralizing antibody. Model 
projected therapeutic dose is one of the many candidate selection 
criteria commonly used in drug discovery.11,12 It is a multidimen-
sional metric that requires inputs from multiple scientific disci-
plines in drug research and development. The patient population 
and special population characteristics, physicochemical properties 
of the molecules (e.g., FcRn binding and AC- SINS score, further 
information is listed in the Supplementary Materials), formula-
tion characteristics (e.g., solution concentration, number, and vol-
ume of injections), pharmacokinetic (PK), and pharmacodynamic 
(PD) properties are all important criteria in the selection of the 
optimal neutralizing antibody and the dose. For PK properties, it 
is important to know where the drug is distributed and how it is 
cleared from the body. For PD properties, it is important to ac-
knowledge the uncertainty of translating the in vitro potency or 
affinity of the antibody to bind to the virus, specifically at the S 
spike protein to prevent its binding to the angiotensin- converting 
enzyme (ACE2) receptors on the human host cell, to in vivo or 
clinical potency in viral clearance. Last, it is critical to understand 
how the candidate mAbs and their dose- response relationships im-
pact the dynamics of the viral infection and elimination.

At the beginning of the pandemic in the United States, there was 
a paucity of data to develop the necessary PK and PD models due 
to tight timelines and a shortage of animal models. An extensive 
literature search, made possible by the open- access practice13 (in-
cluding submissions to preprint servers and open- access journals) of 
the scientific and pharmacometrics community, provided access to 
a physiologically- based PK (PBPK) model for an mAb and a viral 
dynamic PD model of SARS- CoV- 2.14 This was a pivotal starting 
point to address the drug development questions during a pandemic.

To support the selection of anti- SARS- CoV- 2 neutralizing mAb 
candidates, and to guide the dosing recommendations for a first- 
in- human study, quantitative modeling and simulation leveraged 
established PK, physiologic, and statistical models and principles 
of pharmacology. Two modeling and simulation methods were 
implemented, a PBPK approach and a viral dynamic approach, to 
increase the confidence in dose projections.

For the first method, a state- of- the- art, open- access PBPK model 
was critical to evaluating candidate mAbs distribution and clear-
ance from in vitro data (Figure  1).15 PBPK predictions of drug 
concentration- time profiles at the target, both in plasma and lung 
tissue, provided dosing regimens to cover target ranges from in vitro 
experimental neutralization data (i.e., candidate mAb- specific 90% 
inhibitory concentration (IC90) values). More specifically, this en-
sured the estimated doses would provide interstitial lung concen-
trations in excess of the 90th percentile for virus inhibition and in 
at least 90% of patients, based on typical interindividual PK vari-
ability seen in the patient population for typical IgG mAbs.16 First 
described by Toerell in 1937, PBPK models combine physiology, 
patient population, and drug characteristics into a mathematical 
modeling framework to predict the absorption, distribution, metab-
olism, and excretion of drugs within specific tissues and organs.17,18 
These models are particularly useful during the early stages of drug 
discovery where information on the compounds are limited because 
these models can be informed by in vitro and preclinical data.

The aforementioned open- access PBPK model was recently 
expanded to include affinity- capture self- interaction nanoparti-
cle spectroscopy (AC- SINS) as a predictor of mAb clearance and 
distribution.15 Generally, mAbs with a lower AC- SINS value, and 
hence a lower propensity to self- associate, are preferable because 
they are more readily distributed throughout the body. AC- SINS 
have also been shown to be positively correlated with in vivo mAb 
clearance (Spearman correlation coefficient of 0·7).19 Qualitative 
knowledge on other biophysical properties were also considered.

Initially, a PBPK model using candidate mAb- specific AC- SINS 
values provided expected organ- specific mAb exposures for all can-
didates. Because all candidates had AC- SINS scores less than 3 (ex-
cept one mAb, which had AC- SINS = 8), this information alone 
did not allow for differentiation between the candidates. Instead, 
early pseudo neutralization data, and information on specific bind-
ing sites (e.g., receptor- binding domain, N- terminus domain, and S 
spike protein 1/2), were used to reduce an initial pool of candidate 
mAbs from 24 to the final 5 candidates.4

Although providing mAb exposure predictions, the PBPK- 
based method did not address how an mAb therapeutic may inter-
act dynamically with the virus. For the second in silico method, a 
published model of SARS- CoV- 2 viral dynamics provided unique 
insight into the profile of SARS- CoV- 2 in humans early in the pan-
demic.14 The model was urgently developed and published based 
on data from the infected patients in Wuhan, China, in December 
2019. The model provided an approach to quantitatively evalu-
ate virus- host cell interaction and allowed incorporation of select 
pharmacologic mechanisms of antiviral effects, including the neu-
tralizing mAbs.

These two quantitative modeling approaches together were used 
to further investigate the final five candidates using subsequently 
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available live virus neutralization data to provide quantitative deci-
sion support to select the candidate anti- SARS- CoV- 2 mAbs and 
dose range recommendations to advance to clinical investigation.

METHODS
PBPK approach
The PBPK approach described herein focused on the primary presump-
tion that target mAb concentrations (exposure) must be achieved and 
maintained at critical sites of infection in the body within a reasonable 

dosing range. For this development program, the goal was to ensure doses 
were able to achieve target concentrations in excess of the reported in 
vitro IC90 in the plasma and lung tissue for at least 90% of patients and 
for at least 14 to 28 days. Specific to this goal and to explore differenti-
ating features among the mAb candidates, the following characteristics 
were considered in these analyses.

Pharmacokinetic characteristics:

• Distribution of candidate mAbs into target organs and the fluids 
interfacing with the endothelial cells of those organs i.e., lung as 

Figure 1 Graphical representation of modeling approaches. Diagram of physiologically- based pharmacokinetic model for monoclonal 
antibodies (mAbs) with considerations for interstitial distribution through saturable endothelial, FcRN- mediated transport mechanisms, figure 
concept from Jones et al.15 (a). Diagram of viral dynamic modeling, figure concept from Cangelosi et al.37 (b).
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the organ associated with the highest viral burden and the most 
negative consequences of COVID- 19 disease (respiratory failure, 
hypoxia, and death);

• mAb- specific physicochemical properties that may affect the PKs 
(distribution and clearance) of the individual mAb candidates;

• Patient- to- patient variability in mAb exposure, such that the doses 
recommended would expect to achieve and maintain target expo-
sures in at least 90% of patients.

Neutralization data:

• mAb- specific neutralization half- maximal inhibitory concentra-
tion (IC50) data, as reported by the different assay laboratories to 
establish the target IC90 for each candidate mAb (Table 1).

The PK characteristics were integrated through a PBPK model with the 
neutralization data to determine and compare potential starting and ther-
apeutic doses among the candidate mAbs. The model is available online 
(https://github.com/metru mrese archg roup/bioPBPK) and further details of 
the PBPK modeling approach are available in the Supplementary Materials.

Viral dynamic modeling and simulation approach
A target- cell limited SARS- CoV- 2 viral dynamic model was developed 
based on limited data available in the literature.14 The viral dynamic 
model components included the following:

• a population of uninfected target cells (type II pneumocytes ex-
pressing the ACE2 receptors);

• free virus available to infect the target cells and subsequent viral 
replication;

• elimination of free virus particles (due to the host immune system);
• death of infected target cells;
• in vitro neutralization data, as described above.

Because no human or animal PK data were available at the time, a 
compartmental PK model of a typical human IgG1 mAb was used (in 
parallel with the development of the PBPK model) to predict the con-
centration profile of the selected neutralizing mAb in serum upon intra-
venous administration of a wide range of doses.20 Fifteen percent drug 
distribution into the lungs was assumed, as expected for a typical mAb.21 
The predicted drug concentration in the lung tissue was assumed to bind 
to free circulating virus, thereby reducing the amount of virus available 
to infect target cells. A maximum effect model was incorporated that 
included a binding potency IC50 from live virus neutralization assays. 
The parameters used in the viral dynamic model are shown in Table S1.

A range of doses was evaluated through simulations and visualization 
of the associated viral load profiles. In addition to the doses investigated, 
other simulation scenarios were evaluated, including the impact of drug ad-
ministration timing relative to the onset of COVID- 19 symptoms on viral 
clearance. Further details of the model are found in the Supplementary 
Material. The model is also available online (https://github.com/metru 
mrese archg roup/vk- covid19). The model and simulations were imple-
mented using the R software version 3.5.0.22

Dose selection criteria
Based on the PBPK model, candidate mAbs and ultimately the lowest 
bamlanivimab dose, evaluated in this study, that were expected to result 
in maximum effect were selected to maintain a concentration above the 
in vitro IC90 of viral neutralization for human host cell entry in the lung 
tissue for at least 28 days in 90% of the patient population. These crite-
ria are necessarily conservative, because the risks of underdosing patients 
with COVID- 19 are greater than the potential safety risks of the mAb, 
and due to an abundance of caution in a pandemic. The efficacy of the 
selected dose has been investigated in ongoing clinical trials. Ta
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Based on the viral dynamic model, at the time of this analysis, the low-
est dose evaluated in this study expected to result in maximum effect was 
selected based on the fastest time from the onset of symptoms to achieve 
maximum viral clearance. This approach was independent of the IC90 ap-
proach of the PBPK- based approach. The PBPK model predictions were 
subsequently translated to a population PK model for a priori optimiza-
tion of the PK sample collection times used in the clinical investigation. 
Simulations of the expected range of plasma mAb concentration- time pro-
file included estimates of expected interindividual variability of clearance 
and volume parameters for IgG mAbs16 and were later compared with the 
actual observed PK data from the first- in- human study (NCT04411628). 
As a benchmark, it is typical to evaluate the predictive performance of 
these models by determining whether the predicted concentration- time 
profiles were within two- fold of the observed data.23,24

RESULTS
Prospective PBPK modeling
Predictions of the expected PK profiles, differentiated over a range 
of AC- SINS (0 to 8), indicated that the expected plasma concen-
tration profile would vary across the AC- SINS range for the final 
selected mAb candidates (Figure 2). The PK profiles show plasma 
clearance increases, and hence exposure decreases, with higher 
AC- SINS values (Figure  2). All five drug candidates, had AC- 
SIN values within the favorable range of 0 to 3 and shared sim-
ilar expected PK profiles. Although this factor did not allow for 
differentiation between the candidates, it did provide reassurance 
regarding the expected overall PK and an understanding of the ex-
pected exposure profiles in the various tissues and organs through-
out the body. Notably, the interstitial concentrations in the lung 
tended to be the same or lower than in other organs of interest 
(e.g., heart, gastrointestinal, and kidneys; data not shown). This 
further supported the lung tissue concentrations as the bellwether 
site for evaluating dosing regimen recommendations. Notably, the 
lung tissue concentrations were ~ 17- fold lower than (6- 6·5% of) 
the corresponding plasma prediction (Figure 3).

The simulated patient population PK profiles showed the 
model predicted variability between subjects was consistent 
with the variability observed following mAb administration in 
humans (e.g., the % coefficient of variation for clearance was 
~  30– 50%; Figure  4).7 An overlay of predicted bamlanivimab 
drug concentrations with observed PK data from the first human 
study (NCT04411628) demonstrated that the PBPK modeling 
approach predicted human PKs very well, and was therefore 
accurate with respect to selecting doses (Figure  4). The first 
human study of bamlanivimab was a randomized, double- blind, 
sponsor unblinded, placebo- controlled, single ascending dose 
first- in- human trial in hospitalized patients with COVID- 19.25

Efficacy of projected dose ranges was primarily assessed in terms 
of candidate mAbs’ ability to maintain lung tissue concentrations 
at or above the in vitro IC90 for periods of 14- , 21- , and 28- days 
post- administration. The required dose was estimated for both a 
typical patient, and also to provide coverage for 90% of patients 
(Table  1), as determined from the simulated distribution of 
patient- to- patient variability in mAb exposure. The simulation 
predicted a 3-  to 4- fold higher dose would be required to achieve 
the target lung tissue concentrations for 90% of patients compared 
with the typical patient.

Prospective viral dynamic modeling and simulation results
Simulations demonstrated that early drug administration (less 
than 3 days from symptom onset) would result in greater reduc-
tion in lung viral load compared with placebo (Figure 5), with late 
drug administration (greater than 7 days) having a smaller benefit. 
Further simulations using the viral dynamic model indicated that 
a range of doses (100 mg to 700 mg) would be effective in reduc-
ing the viral load in patients. However, the intention was to deter-
mine the lowest dose that would result in the most rapid clearance 
of virus. This dose was determined to be 700  mg, with higher 

Figure 2 Simulated candidate mAb plasma pharmacokinetic profiles. Simulation of the expected plasma mAb concentration- time profiles for 
mAbs with a range of AC- SINS scores over 28 days. The mAbs with AC- SINS scores from 0– 8 are color coded as per the legend. Simulation 
assumes a 71 kg individual infused with 700 mg of antibody over 2 hours. AC- SINS, affinity- capture self- interaction nanoparticle spectroscopy; 
mAb, monoclonal antibody.
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doses resulting in overlapping viral load profiles, and thus a flat 
dose- response between the 700 and 7,000 mg dose (Figure 6).26 
Therefore, at the time of this analysis, 700 mg was predicted to be 
the lowest dose evaluated in this study, that would result in max-
imum efficacy.

DISCUSSION
To combat this pandemic at the onset and to get treatment to pa-
tients as soon as possible, unprecedented pandemic- ready efforts 
were taken chronologically for a novel therapeutic agent for the 
treatment of COVID- 19:

• Team formation: assembly of expert scientists across functions, in-
cluding pharmacometric expertise and therapeutic area consultants.

• Establishment of criteria for dose selection (rapid reduction in viral 
load) including mitigation strategy for translational uncertainty for 
safety and efficacy.

• Developing PK/PD models and conducting simulations to deter-
mine efficacious doses and doses that would result in maximum 
reduction in viral load.

• A starting dose of 700 mg was used in the first in human study in 
patients based on the PK/PD modeling presented in this paper. 
Higher doses were included as additional study arms for further 
evaluation of safety and to account for translational uncertainty.

• Learn and confirm approach throughout the remainder of drug 
development between 2020 and 2021. Clinical trial data was sub-
sequently obtained (and is still being collected) to further inform 
and develop the PK/PD model to inform future dose selection to 
build on the current models that we built with no clinical data of 
bamlanivimab.

• Apply learning to next generation antibody development.

Bamlanivimab is a potent neutralizing mAb with a long half- 
life, similar to other antibodies,27 and was predicted to have a low 
efficacious dose compared with other candidate mAbs. This pre-
diction was based on its ability to maintain a concentration above 

Figure 3 Representative simulated plasma and lung mAb concentration- time profile. Physiologically- based pharmacokinetic model output 
depicting the differential mAb concentration- time profile expected in plasma and lung tissue over 28 days. Data are simulated for a mAb with 
an AC- SINS score of 1. Simulation assumes a 71 kg individual infused with 700 mg of antibody over 2 hours. AC- SINS, affinity- capture self- 
interaction nanoparticle spectroscopy; mAb, monoclonal antibody.

Figure 4 Overlay of pharmacokinetic (PK) profiles as predicted a priori using the physiologically- based pharmacokinetic (PBPK) model with 
observed data from the first- in- human trial. Bamlanivimab serum concentrations from cohorts of patients receiving 700, 2,800, or 7,000 mg 
of bamlanivimab. Red data points are the observed clinical data from each of the respective three cohorts. The grey shaded area represents 
the 90% prediction interval from PBPK modeling with the black dotted line representing the median.
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the in vitro IC90 of viral cell entry neutralization in the lung tis-
sue for 14, 21, and 28 days, and to rapidly decrease SARS- CoV- 2 
viral load following early administration relative to the onset of 
COVID- 19 symptoms. This was determined for both a typical 
patient and for a simulated virtual patient population. The latter 
provided a projected dose that would achieve the target concen-
tration in at least 90% of patients and generally provided a more 
conservative estimate of the efficacious dose level that was 3-  to 
4- fold higher than those in the typical patient (at the 50th per-
centile). Because the PBPK- based population predictions indi-
cated that doses as low as 175 to 500 mg of bamlanivimab were 
potentially efficacious (defined as reduction in viral load), and 
the viral dynamic modeling approach suggested 700  mg would 
result in the most rapid viral clearance, a 700 mg starting dose was 
recommended given that it encompasses the effects of the lower 
dose range. Given the importance of minimizing underdosing 
patients, out of an abundance of caution in a pandemic situation 
and accounting for model uncertainty, this dose protected against 
potential uncertainty of in vitro to in vivo translation. However, 
it remains a possibility that lower doses could also achieve max-
imal effect. The initial first- in- human trial proceeded with the 
recommended dose of 700 mg as a starting dose and escalated to 
2,800 mg, and 7,000 mg to investigate the limit of safety and tol-
erability. This was afforded by the speed brought by the model- 
supported early clinical program used to obtain the emergency 
use authorization for bamlanivimab.

With regard to the use of the PBPK model along with the mAb- 
specific AC- SINS values, there were several factors that led to the 
confidence in using this approach. These included an understand-
ing of the dispositional properties of mAbs and the reported vali-
dation work across dozens of existing mAbs, that demonstrated a 
remarkable predictive performance when translating from in vivo 
to predict human mAb PKs.

Model validation indicated that the PBPK model was able 
to accurately predict in vivo PK for antibodies a priori using 
in vitro data.6 The core of the PBPK model, including organs, 
basic topology, and physiological parameters, was originally 
described by Shah and Betts.21 Jones et al. expanded this to 
include a mechanistic description of FcRn- mAb dynamics 
within a tissue compartment and a clearance mechanism to 

Figure 5 Deterministic simulation of lung viral load profiles over time. Example simulations demonstrating that earlier drug administration is 
associated with greater reduction in viral load relative to placebo. Colored lines represent a simulated viral load profile for a typical patient 
infused with bamlanivimab (700 mg) on day 1, 3, or 10 and the black line represents simulated placebo.

Figure 6 The 95% prediction interval of simulated lung viral load 
profiles from the severe acute respiratory syndrome- coronavirus 2 
(SARS- CoV- 2) viral dynamic model. Monte Carlo simulation including 
variability in pharmacokinetic (PK) and pharmacodynamic (PD) 
parameters, as well as variability in the time of dosing relative to the 
onset of symptoms. All study arms received dosing on day 0. Colored 
shaded bars represent the 95% prediction interval of each treatment 
arm and the grey shaded bar represents uniform distribution of time 
of dosing from symptom onset.
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describe nonspecific interactions within each organ com-
partment using AC- SINS data.15 The inclusion of the FcRn 
recycling system for IgG- based mAbs was important in this 
modeling application as it allowed for the differentiation of 
drug exposures specifically at the site of action (i.e., the lung 
interstitial space where the SARS- CoV- 2 virus would attempt 
ACE2- mediated cell entry for replication). The importance of 
quantifying the in vivo response directly at the site of action 
when using experimental in vitro data was recently highlighted 
by Fan et al.7 The mAb concentrations in lung tissues have 
been reported to be ~ 15% of corresponding serum concentra-
tions.21,28 In addition, mAb concentrations in the tissue, the 
fluid in between the outer endothelial lining and the plasma 
membranes of cells, have been estimated to be ~  2- fold to 4- 
fold lower than corresponding total tissue concentrations.29 
Model predictions were in line with these expectations: lung 
tissue concentrations were ~ 17- fold lower than (6– 6.5% of ) 
the corresponding plasma/serum prediction (Figure 3). These 
results align with recent recommendations to use model- based 
support,30 and more specifically PBPK modeling,7 to quanti-
tatively characterize the target site concentrations to inform 
dosing recommendations.

The initial clinical trial results were in good agreement with 
the presented PBPK and viral kinetic modeling and simula-
tion predictions from several angles. First, the observed serum 
concentration- time (PK) data from all three bamlanivimab doses 
were in remarkable agreement with the a priori predictions from 
the PBPK model (Figure  4). This was a notable external con-
firmation of the open- access work reported by Jones et al. and 
demonstrated the importance of these shared contributions to 
advancing public health.15 Second, interim analyses in patients 
with recently diagnosed COVID- 19 infections showed similar 
viral load reduction, prevention of hospitalization, and symp-
tom relief across the studied dose range of 700– 7,000 mg.26 This 
suggested that 700 mg was at the plateau of drug effect and, as 
such, studies of a lower dose range are underway. Second, the 
viral dynamic modeling suggested that early drug treatment 
would result in more significant reduction in viral load. This 
prediction was confirmed by the inability of bamlanivimab to 
help hospitalized patients who were at an advanced stage of their 
disease.31 Implemented in the first quarter of 2020, our viral dy-
namic modeling approach was conducted with paucity of data. 
Currently, much clinical data have been gathered that can be 
used to develop more robust viral dynamic models and improve 
accuracy of predictions. Future modeling work should incorpo-
rate all these data, including data about the incubation period 
and the time between infection and the onset of symptoms. The 
approach presented in this paper can be built upon using up-
dated models as they are developed and published, and thus lead 
to more robust predictions.

In November of 2020, bamlanivimab received emergency use 
authorization in patients recently diagnosed with COVID- 19 
(with mild to moderate symptoms) and was not indicated for use 
in hospitalized patients.32 This emergency use authorization was 
later revoked to complete transition to bamlanivimab together 
with etesevimab in the United States.33 These recent clinical trial 

findings, which are in agreement with the model- based predic-
tions, lend confidence to the two modeling and simulation ap-
proaches presented here and suggests that such methods should 
be relied upon more in future drug development programs.

In an effort to combat the current COVID- 19 pandemic, an 
unparalleled international scientific response has been launched 
with the aim to understand all aspects of the SARS- CoV- 2 virus 
and, in particular, to develop therapeutic strategies that are able 
to treat or prevent COVID- 19. This pandemic has highlighted 
the importance of open science, data- sharing, and new means 
of communication among members of the scientific commu-
nity.34,35 Underscoring this statement, transparent and fully re-
producible science, as provided by Jones et al. 201915 and again 
here in our Supplementary Materials (model also available on 
github), were paramount to successfully supporting and planning 
clinical trials; in this example, model- informed decision support 
supplanted potentially years of clinical efforts to identify this 
effective dose range. Relying on advanced technologies, such 
as modeling and simulation to contract the need for otherwise 
lengthy dose- ranging clinical investigations, has allowed the re-
alization of condensed development timelines, which went from 
years to months.

As a direct consequence of the modeling work described here, 
the initial first- in- human trials included a dose that was 10 times 
lower than a priori experience (developing other antiviral thera-
peutics36) had suggested. Given the enormous financial and lo-
gistical costs associated with producing and distributing drugs 
to such a vast patient population, the implications of this dras-
tically reduced efficacious dose from a public health perspective 
are highly significant.

This work also supports further dosing regimen optimization 
studies. These results, when available, could lead to considerable 
improvements in the scale with which this treatment may be de-
livered, thereby further influencing the global efforts to control 
COVID- 19 infections. At a minimum, results from these further 
clinical investigations, in conjunction with continued model- 
inform decision support, will lend to the learn- confirm paradigm 
that continues to improve all therapeutics development; an all- too- 
important need as researchers continue to confront diseases affect-
ing the world’s population.

SUPPORTING INFORMATION
Supplementary information accompanies this paper on the Clinical 
Pharmacology & Therapeutics website (www.cpt-journal.com).
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