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Abstract 
A World Health Organization-declared pandemic, COVID-19, has affected more than 4 million 
people worldwide with over 100,000 deaths and growing in the United States. Due to the fast-
spreading and multi-targeted nature of the virus, it is clear that drugs and/or vaccines need to be 
developed at an accelerated rate, and a combinatorial approach may stand to be more successful 
than a single drug therapy. Among several targets and pathways that are under investigation, the 
renin-angiotensin system (RAS) and specifically Angiotensin converting enzyme (ACE), and Ca2+ 
-mediated SARS-CoV-2 cellular entry and replication are noteworthy. A combination of ACE
inhibitors (e.g. benazepril) and calcium channel blockers (CCB, e.g. amlodipine), a critical line of
therapy for pulmonary hypertension, has shown therapeutic relevance in COVID-19 when
investigated independently. To that end, we conducted in silico modeling using BIOiSIM, an AI-
integrated mechanistic modeling platform by utilizing known preclinical in vitro and in vivo datasets
to accurately simulate systemic therapy disposition and site-of-action penetration of the CCB and
ACEI compounds to tissues implicated in COVID-19 pathogenesis.
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INTRODUCTION 
 
COVID-19 Epidemiology 
The emerging pandemic of COVID-19, affecting millions worldwide, presents an extraordinary 
challenge to identifying effective drugs for prevention and cure 6,7. Analysis of the cumulative 
surveillance data in the last few months, showed 5,817,385 reported cases and 362,705 deaths 
worldwide and including 1,761,503 aggregated reported cases and 103,700 deaths in the United 
States 8. Although average daily mortality rates are declining, 7-day moving averages of daily 
incidence of COVID-19 cases indicate ongoing community transmission 8. Prevention and 
containment of the outbreak is paramount, contingency measures with experimental therapeutics 
are being urgently investigated for the immediate unmet medical need. 
 
COVID-19 Therapies; Key Challenges and Current Therapies 
There are several monotherapies (i.e. remdesivir, camostat) being tested for COVID-19, but 
unfortunately, they have yet to demonstrate significantly high efficacy rates over placebo as well 
as lower mortality (e.g. hydroxychloroquine) [4]. The current pipeline for therapeutic interventions 
for COVID-19 consists largely of older antivirals, immunomodulatory agents, and traditional 
Chinese medicines (Table 1); currently, no COVID-19 therapeutic options are available or 
approved other than supportive care measures. Hence, a multitargeted approach may have a 
greater potential to be a more successful therapy than a single drug target due to the 
multifactored-polygenic infectious nature of the virus. In this critical scenario, development of a 
vaccine or an antiviral medication is a promising approach but is unlikely to be completed for 
several years. Currently, the most advanced therapy in development is remdesivir 9. This antiviral 
drug was seen to be more efficacious to placebo in shortening the time to recovery in adults 
hospitalized with Covid-19 10, but it is not US FDA approved and is currently being tested in 
randomized trials.  
 

Compound Name Development Overview Source 

Remdesivir Gilead, Phase III in 
China/Asia & US 

Antiviral, host factor–
targeted. RNA-
dependent/RNA polymerase–
targeted 

11 

APN01 APEIRON 
Biologics, Phase I 

Pilot trial ongoing in China 9 

Brilacidin Innovation 
Pharmaceuticals, 
Phase II 

Defensin mimetic drug 
candidate. Has shown 
antibacterial, anti-
inflammatory, and 
immunomodulatory 
properties in several clinical 
trials 

11 

Hydroxychloroquine Repurposed Host factor–targeted. 
Antimalarial drug that affects 
endosomal function and 
blocks autophagosome-
lysosome fusion 

12 

Azithromycin Repurposed Host factor–targeted. Broad-
spectrum antibiotic, blocks 
autophagosome clearance in 
human cells 

13 



Camostat Repurposed Host factor–targeted. 
TMPRSS2 inhibitor 

14 

Nafamostat Repurposed Host factor–targeted. 
TMPRSS2 inhibitor 

15 

Favipiravir Repurposed Host factor–targeted. RNA-
dependent/RNA polymerase–
targeted  

15 

Table 1: Select compounds currently in clinical trials for treating COVID-19 
 
There is a race to develop effective interventions since COVID-19 cases are increasing daily. 
While intensive research and clinical trials to address this critical unmet need, are being 
developed to determine the efficacy of known drugs and identify potential therapeutic targets to 
develop new drugs for treating COVID-19, results to date on the efficacy of the drug are 
inconclusive and inconsistent and safety profiles are unknown in the context of the disease 16. 
Recently, a number of other drugs are also being considered such as combinations of ACE 
inhibitors and CCBs for development 9. Their anti-inflammatory, anti-fibrotic and vasodilatory roles 
have been well established in the pathophysiology of pulmonary hypertension (PH), a chronic 
health condition recognized as a high risk factor in severe COVID-19 disease 17. ACE inhibitors 
and CCB, used in the treatment for PH, have shown therapeutic efficacy in COVID-19 18,19, when 
investigated separately. Hence, it can be postulated that key proteins pertaining to the renin–
angiotensin signaling system (RAS) and indirectly acting via ACE2, such as ACE, can be potential 
targets to combat viral replication and the post-infection pro-inflammatory responses known as 
the "cytokine storm". 
 
SARS-CoV-2 virus & infection  
The growing knowledge regarding SARS-CoV-2 pathophysiology provides a significant number 
of potential drug targets, specifically focused on the virion structure and target tissues. SARS-
COV-2 is a large (27–32 kb), enveloped, positive‐stranded RNA virus. It consists of four proteins: 
membrane protein (M), envelope protein (E), spike protein (S), and nucleocapsid protein (N) 20. 
The spike protein facilitates the entry of the virus into host cells 20 and it is a critical factor of viral 
host range and tissue tropism and is a major inducer of host immune response and disease 
severity 19,21,22. Viral spike protein is involved in receptor binding and subsequent viral entry into 
the host cells 21. At least initially, it binds to the cellular receptor angiotensin converting enzyme 2 
(ACE2), cellular receptor TMPRSS2, and the calcium channel post entry in nasal secretory goblet 
cells, lung type II pneumocytes and gut absorptive enterocytes 23. Subsequently, these proteins 
pertaining to the renin-angiotensin signaling system (RAS) can be considered as potential 
therapeutic targets. 
 
Targeting of ACE in RAS for the Attenuation of the Pro-Inflammatory response Post 
Infection: ACE Inhibitors 
ACE, a zinc-metallopeptidase, converts Angiotensin (Ang) I to Ang II, Ang II mostly exerts its 
activity via a type 1 and type 2 (AT1 and AT2) receptor maintaining blood pressure homeostasis, 
and anti-inflammatory response in addition to salt and fluid balance 24. ACE2 generates Ang (1-
7) from Ang II, Ang (1-7) after binding and activating the mitochondrial assembly 1 (MAS) receptor 
broadly, shifts the balance from vasoconstriction with Ang II to vasodilation 25. The role of this 
vasodilatory effect in the pathogenesis of COVID-19 remains unclear, but some animal data 
suggest a beneficial effect in PH 25. Additionally, ACE2 and Ang (1-7) have been found to be 
protective in several different lung injury models 25,26. ACE inhibitors my potentially attenuate the 
COVID-19 associated "cytokine storm" by upregulating ACE2, which converts Ang II to Ang (1–



7), activation of ACE2, and the downstream MAS receptor has beneficial vasodilatory and anti-
inflammatory properties that could play a potential role post-infection of COVID-19 27. 
 
Targeting Ca2+ Channel for The Reduction of Viral Entry and Replication: CCBs 
The underlying mechanism of action of CCBs on SARS-CoV-2 needs elucidation and remains 
unclear to date. Several pathogenic viruses induce intracellular calcium influx by hijacking 
predominantly the voltage-gated Ca2+ channels (VGCC),  to facilitate viral entry, replication, and 
prolonged infection 28,29. In previous studies with Ebola and similar classes of virus 30,31, CCBs 
displayed inhibition of the replication of viruses after entry.  Case Fatality rates were markedly 
reduced with CCB treatment among patients that were infected with Severe Fever with 
Thrombocytopenia Syndrome Virus (SFTSV) 31. Similarly, to SFTSV patients, CCBs are 
postulated to interfere with SARS-CoV-2 replication after cellular entry. The putative mechanism 
of action of CCBs entails the interference with the intracellular calcium influx instigated by the 
virus and blocking of calcium-dependent signaling pathways pivotal to viral replication. 
Subsequently, CCBs may act as host-signaling targeted compounds that reduce the rate of viral 
mutations and interferes with the replication process via modulation of virus-hijacked host cellular 
machinery, compared to antivirals which target many viral proteins 32.  As a result, this could be 
an important factor in the development of compounds against SARS-CoV-2, an RNA virus with a 
potentially high mutation rate 32. Additionally, a key consequence of viral pathogenesis is marked 
by a strong inflammatory response preceded by a set of sequentially activated signaling pathways 
such as increased intracellular calcium levels leading to mitochondrial dysfunction and eventually 
cellular apoptosis 33-35. In prior clinical outcomes, CCBs attenuated markedly the proinflammatory 
response by modulating the intracellular calcium levels to homeostasis in patients and reduced 
death rates in septic animal models with the high systemic proinflammatory state 36,37. Additionally, 
the global attenuation of proinflammatory cytokines and oxidative stress by CCBs was observed 
in hypertensive patients compared to baseline 38. It can be hypothesized that CCBs, besides 
interfering with viral replication, may attenuate systemic inflammatory responses in patients to 
impart the clinical benefits synergistically with their antiviral efficacy. These therapies may be 
particularly relevant to COVID-19 given it is associated with an extended proinflammatory state 
in patients 39. 
 
Combinatorial Effect of ACE inhibitors and CCBs as a potential treatment for COVID 19 
Combinatorial approaches using ACE inhibitors, acting in an anti-inflammatory fashion, and CCBs 
countering the virus post-entry-stage and re-establishing Ca2+ homeostasis and consequently 
down-regulating the pro-inflammatory signals, may impart synergistic outcomes in increasing the 
clinical efficacy of reducing viral load in the patient, compared to individual drug treatments (Figure 
1). ACE inhibitors may potentially attenuate the COVID-19 associated "cytokine storm" by 
upregulating ACE2, which in turn imparts beneficial vasodilatory and anti-inflammatory properties 
27,40 (Figure 1). Several pathogenic viruses induce intracellular calcium influx to facilitate viral entry 
and infection 28,29 In previous studies with Ebola and Severe fever with thrombocytopenia 
syndrome (SFTS) virus 31, CCBs inhibited the replication of viruses, post-entry 30. Similarly, CCBs 
are postulated to inhibit the post-entry events of COVID-19 replication 31. It is hypothesized that 
CCBs block the virus-induced intracellular calcium influx and impair calcium-dependent cellular 
pathways that are critical for virus replication 32, and subsequently, strong inflammatory responses 
33-35. Combinations of ACE inhibitors and CCBs have been used in the past for the treatment of 
PH 41 and may impart synergistic efficacy in reducing viral load and associated inflammation in 
COVID-19 patients. However, there is insufficient data on ACE/CCB therapies available to verify 
whether these observations are translatable  to humans, and no studies have evaluated the 
effects of combinations of RAS inhibitors and CCBs in COVID-19 trials.  



 
BIOiSIM Platform 
Here, we apply BIOiSIM, an AI/ML-based PK-PD modeling platform in the repurposing of ACE 
inhibitors and CCBs for generating predictions of compound disposition in the context of COVID-
19. It is a dynamic, biology-driven platform that provides a scalable computational prediction of in 
vivo pharmacokinetic-pharmacodynamic (PK-PD) phenomena. A potential treatment strategy for 
COVID-19 will consist of a two-pronged approach; initially, minimizing the rate and extent of in 
vivo SARS-CoV-2 infection/replication and second, reducing the systemic inflammatory effect 
implicated in the "cytokine storm" post-infection. We aim to use the BIOiSIM platform to conduct  
in silico modeling of CCB/ACE inhibitor combinations integrate known preclinical in vitro dataset 
and simulation of in vivo drug therapy disposition and simulate disposition to relevant tissues to 
accelerate targeted therapy development for COVID-19. 
 

RESULTS 

Sensitivity and Convergence Testing 



For cases where parameter values were not available experimentally, BIOiSIM's optimization 
algorithms were utilized to obtain parameter values enabling simulation of drug disposition in both 
the plasma venous compartment as well as the COVID-19-associated sites-of-interest. Figure 2 
highlights these outcomes by showing how the objective function (cost) varies over the trials that 
were tested during the coarse grid search phase of optimization. There is confidence in the 
optimized parameter values because of the clear absolute minima that can be visualized looking 
at the convergence plots for Verapamil, Spirapril, Lisinopril, Lacidipine, and Captopril (highlighted 
with an arrow). The final optimized values are summarized in Table 3. Table 4 gives an overview 
of the datasets used for the study. 
 
Simulation Accuracy 
BIOiSIM simulations of plasma concentration over time relative to experimental data are captured 
in Figure 3 1-5. The performance of the core model across the different compounds was assessed 
using a combination of AFE and AAFE values across the metrics generated from non-
compartmental analysis and chi-squared hypothesis testing. Additionally, visual analysis of the 
simulation fits against the validation data was conducted to assess goodness-of-fit, and served 
as a key metric in assessing the platform performance in cases where error/variability data was 
not available from the original source. As highlighted in Table 2, the AAFE for tmax, Cmax, and AUC0-

t for all of the compounds – Lisinopril, Captopril, Spirapril, Lacidipine, and Verapamil - was less 
than 2, indicating that the simulation results were close to recapitulating the actual in vivo 
behavior. The average AFE values for the compound metrics (1.03, 0.92, and 1.08 for AUC0-t, 
Cmax, and tmax, respectively) are within fold-error of +/-0.1 and indicate minimal bias toward 
systematic over- or under-prediction of output values. Both IV and orally administered compounds 
were simulated with similar accurately. 
 
Visual analysis of the plots is also indicative of overall high accuracy, with the simulation outputs 
accurately captured the ascending and terminal phase that aligns with the expectation for IV and 
Oral routes-of-administration. For Lacidipine and Captopril, the two compounds where data was 
available for multiple doses, the maintained accuracy of simulation outputs (AAFE < 1.3 across 
all metrics) supports the model's ability to accurately simulate clearance and absorption after oral 
administration of the compounds. The chi-squared metrics and associated p-values did not show 
statistically significant fits; as referenced in Table 2, the majority of publications reviewed for in 
vivo data did not contain timepoint-specific variability, and assumptions made regarding variability 
are likely too conservative and result in a failure to reject the null hypothesis of difference in the 
plots. 
 
Simulating Distribution to Gut, Lung, and Nasal Epithelium 
After successfully validating the systemic plasma PK across compounds, predictive models 
generated outputs of expected tissue concentration profiles in the three COVID-implicated tissues 
– gut, lung, and nasal epithelium (Figure 4). One interesting observation from these outcomes is 
that the effective lag time in tmax between the nasal epithelium and the other tissues is minimal, 
which may indicate that permeability to the site-of-action is an insignificant rate-limiting factor. 
Additionally, the relative Cmax is <2-fold different at the nasal epithelium relative to other tissues, 
and indeed, the other tissues are also similar to plasma levels specifically for Spirapril, Lisinopril, 
and Captopril. These compounds may therefore be better candidates for rapid repurposing, given 
that their systemic plasma profiles are likely to have data around interaction with Ca2+ and ACE 
in PH patients, and those levels are directly correlated to those in tissue. 



  

Table 2: Comparison of Model Predicted Outputs to Experimental Outputs. 

Note: outputs marked as “observed” are those that were pulled directly from the source validation data 

manuscripts. “Calculated” corresponds to recalculation of output values using internal non-compartmental 

methods. Predicted C
max

 values correspond to the maximum sampling concentration within the time range of 

observed timepoints. For observed datapoints with poorly visible error bars, an effective error was calculated 

using the variability from other timepoints. 

*Chi-squared values and associated P-values were calculated assuming a standard deviation of 0.1x in 

observed values for manuscripts without reported measurement error. 
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Figure 2: Convergence onto discrete 

parameter combinations during coarse 

optimization for Verapamil, Spirapril, Lisinopril, 

Lacidipine, and Captopril. Relative cost on the 

y-axis is calculated as: 

Cost_relative = AAFECmax*AAFEtmax*AAFEAUC 

where AAFECmax,, AAFEtmax, AAFEAUC – 

absolute average fold error for Cmax (maximum 

plasma concentration), Tmax (time 

corresponding to Cmax) and AUC (area under 

the curve) predictions 
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Figure 3: Dose and route-of-

administration dependent prediction of 

compound plasma concentration for 

Verapamil, Spirapril, Lisinopril, 

Lacidipine, and Captopril. Dashed lines 

correspond to BIOiSIM simulation 

outputs. Error bars and individual data 

points were digitized from the original 

publications 1-5 (citations in output table 

4) where available, and correspond to 

standard error/standard deviation, as 

presented in the original work.  



  

Figure 4: Prediction of the site-specific 

distribution of Verapamil, Spirapril, 

Lisinopril, Lacidipine, and Captopril to 

tissues implicated in COVID-19 replication 

and pathogenesis. 



DISCUSSION 
 
The disposition and dosing regimen simulation of two classes of physicochemically distinct small 
molecules, ACEI and CCBs, were successfully simulated using BIOiSIM. The approach taken 
serves as initial validation of the platform for rapid repurposing of therapeutics. Specifically, this 
lays groundwork for a potential repurposing pipeline outside of COVID-19 and inclusive of any 
unmet medical need where existing drugs may target a pathway relevant to the condition. The 
general workflow of scanning a database of compounds, identifying accurately simulated 
datasets, and using proprietary optimization algorithms filled in knowledge gaps by optimizing 
missing experimental information within the bounds of physiological expectations enables the 
extension of simulation results beyond experimentally measured data and into case-specific 
prediction.  

Figure 5: Diagram of modeling approach taken that extends beyond pharmacokinetic modeling of 
compound disposition and can explore more complex viral & combination effects. 

 
Further extension and application of these results will enable greater insight into the potential 
therapeutic effects of ACEI and CCB combinations, as highlighted in Figure 5. One example 
includes pharmacodynamic models relating the extent of ACE inhibition to Ang II levels 
(postulated to play a role in the "cytokine storm" secondary to COVID-19) would drive hypothesis-
driven modeling and simulation of patient outcomes. Additionally, optimal dosing regimens of the 
compounds can be derived by exploring the expression levels of Ca2+ channels and ACE across 
the relevant tissues and extrapolating from in vitro studies of channel blocking and inhibition to 
assess the likelihood that a sufficient concentration of drug can reach a site-of-action to either 
minimize viral replication or reduce inflammatory effects. The levels of such endogenous 
mediators can be linked to the expected drug concentrations in plasma or active site to gain a 
deeper understanding of the interaction of drug with the active site components and their 
downstream pharmacological effects – integration of these PK-PD parameters with VSL's 
BIOiSIM platform can extend the prediction of drug disposition and safety and efficacy applicable 
to other drug therapies in healthy and diseased populations.  
As more data is collected, and the pathophysiology of COVID-19 in healthy and diseased 
populations is understood, more customized prescriptions of specific CCB/ACEI combinations 
can be derived by looking at susceptibility to drug-drug interaction and variability in relevant gene 



expression levels between subjects. Overall, these results give additional confidence in the 
BIOiSIM platform's ability to rapidly identify and simulate drug disposition for compounds that may 
be efficacious therapies for rapidly emerging, deadly conditions. 
 
MATERIALS & METHODS 
Overview of BIOiSIM platform 
The core functionality of the in silico simulation platform described here was outlined in a recent 
work around modeling penetration of transdermal formulations to systemic circulation [40]. Briefly, 
the platform is comprised of a 16-organ model of compound PK, validated across an internal 
database of small molecule compounds. Auxiliary models (specific PK or PD) can be integrated 
into the centralized framework to expand the ability to make specific predictions of compound 
disposition. AI-ML algorithms are utilized to either optimize missing parameters in the case of 
insufficient experimental data, or as predictive solutions to train on existing in vivo/in vitro 
datasets. The software systems are hosted on Amazon Web Services (AWS) cloud and enable 
high throughput of parallelized PK simulations (PK simulator performance is ~0.08s to simulate 
1hr of drug exposure at 0.36s resolution). 
The drug-dependent parameters used in the model are either experimentally determined or 
predicted/optimized using a combination of ML cost minimization algorithms; these include 
integrating iterative optimization algorithms with random walk methods (similar to Markov 
Chain/Monte Carlo) to converge on a global minimum. Details of the approach are discussed in 
our recent publication 42. 
 
Modeling compound disposition 
Computing the mass balance between the compartments follows the general form: 𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑑𝑑𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑑𝑑𝑑𝑑 = 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(𝐶𝐶𝑏𝑏𝑏𝑏𝑜𝑜𝑜𝑜𝑑𝑑,𝑖𝑖𝑜𝑜 − 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝐾𝐾𝑇𝑇:𝑃𝑃,𝑢𝑢𝑜𝑜𝑢𝑢𝑜𝑜𝑢𝑢𝑜𝑜𝑢𝑢∗𝑓𝑓𝑢𝑢𝑜𝑜𝑢𝑢𝑜𝑜𝑢𝑢𝑜𝑜𝑢𝑢,𝑝𝑝𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑜𝑜 ∗ 𝐵𝐵:𝑃𝑃)                             (1) 

For metabolizing and eliminating organs (e.g. liver, kidney) the general relationship in the model 
is defined as: 𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑑𝑑𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑑𝑑𝑑𝑑 = 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(𝐶𝐶𝑏𝑏𝑏𝑏𝑜𝑜𝑜𝑜𝑑𝑑,𝑖𝑖𝑜𝑜 − 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝐾𝐾𝑇𝑇:𝑃𝑃,𝑢𝑢𝑜𝑜𝑢𝑢𝑜𝑜𝑢𝑢𝑜𝑜𝑢𝑢∗𝑓𝑓𝑢𝑢𝑜𝑜𝑢𝑢𝑜𝑜𝑢𝑢𝑜𝑜𝑢𝑢,𝑝𝑝𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑜𝑜 ∗ 𝐵𝐵:𝑃𝑃 − 𝐶𝐶𝐿𝐿𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 ∗ 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)               (2) 

where tissue-dependent parameters are expressed as V (organ volume), Q (flow rate), CL (organ-
level clearance), and K (unbound tissue:plasma partition coefficient); B:P represents whole blood 
to plasma partition ratio, and C is the drug concentration in the specific compartment.  
This global approach has been previously described in our manuscript 42. 
 
Given the identified relevant tissues for SARS-CoV-2 infection (nasal, lung, and intestine), a 
critical aspect of the approach was enabling simulation of compound disposition to those relevant 
sites-of-action. Generally, the tissues were assumed to be well-mixed; thus, distribution was 
characterized using a partition coefficient: 𝐾𝐾𝑇𝑇𝑖𝑖𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇:𝑃𝑃𝑏𝑏𝑜𝑜𝑇𝑇𝑃𝑃𝑜𝑜 =

𝐶𝐶𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑢𝑢𝑡𝑡𝐶𝐶𝑝𝑝𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑜𝑜          (3) 

where Ctissue is concentration of the compound-of-interest in a particular organ/tissue, and 
KTissue:Plasma is the drug/subject-specific partition coefficient in the tissue. The methodology utilized 
to determine the partition coefficient was derived from the simulation accuracy of the plasma-
concentration curve. There are multiple different methodologies that have been utilized in an 
attempt to predict these partition coefficients accurately, including industry standards such as the 
Rodgers-Rowland and Schmitt equations, however even these relationships are susceptible to 
significant variability 43-45. These models predict compound partitioning as a function of logP 
(octanol-water partition coefficient), pKa, and plasma protein binding (fu,p); however, for specific 



groups of compounds they are found to underperform in their predictive capabilities based on the 
simplifying assumptions used 43-4743-4738-4238-4238-4238-4238-4238-4238-4238-4234-3837-4137-4137-4137-4132-3632-3632-

36[38-42] . We therefore utilized the standard Rodgers-Rowland equation, optimization of the 
octanol-water partition coefficient, and direct optimization of an average Kp to increase the 
simulation accuracy for in vivo PK. Partition coefficient values were directly optimized for 
Captopril, Lacidipine, and Verapamil, while octanol-water partition values (logP) were optimized 
for Spirapril.  
 
The nasal epithelium mechanism for compound distribution involved integration with a permeation 
across a barrier. Given the location of nasal goblet cells in vivo, compound into the epithelium 
was modeled with assumptions of 1D flux across the barrier derived from Fick's Law. To 
approximate compound buildup in tissue and effective reduction of the concentration gradient 
without incorporating semi-infinite sink assumptions, the epithelium thickness was scaled down 
by a factor of two. To model penetration to the nasal epithelium, a model of small molecule 
penetration across a permeable barrier was utilized. The developed model was identified and 
adapted from a combination of approaches utilized for predicting penetration across the barrier: 
 𝑑𝑑𝐶𝐶𝑁𝑁𝑜𝑜𝑑𝑑𝑑𝑑 = 𝑄𝑄𝑁𝑁𝑜𝑜 �𝐶𝐶𝑜𝑜  − 𝐵𝐵𝑃𝑃∗𝐶𝐶𝑁𝑁𝑜𝑜𝑘𝑘𝑝𝑝𝑜𝑜𝑜𝑜  � − 𝑃𝑃𝑜𝑜𝑜𝑜𝑇𝑇𝑜𝑜𝑏𝑏 ∗ 𝐴𝐴 ∗  � 𝐶𝐶𝑁𝑁𝑜𝑜𝐾𝐾𝑝𝑝𝑁𝑁𝑜𝑜  − 𝐶𝐶𝑜𝑜𝑜𝑜𝑇𝑇𝑜𝑜𝑏𝑏_𝑇𝑇𝑒𝑒𝑖𝑖 ∗ 𝑓𝑓𝑜𝑜𝑜𝑜𝑇𝑇𝑜𝑜𝑏𝑏  �  (4) 

 𝑑𝑑𝐶𝐶𝑜𝑜𝑜𝑜𝑝𝑝𝑜𝑜𝑝𝑝_𝑡𝑡𝑝𝑝𝑡𝑡𝑑𝑑𝑑𝑑 = 𝑃𝑃𝑜𝑜𝑜𝑜𝑇𝑇𝑜𝑜𝑏𝑏𝐴𝐴𝑇𝑇𝑇𝑇𝑜𝑜𝑓𝑓 � 𝐶𝐶𝑁𝑁𝑜𝑜𝐾𝐾𝑝𝑝,𝑁𝑁𝑜𝑜  − 𝐶𝐶𝑜𝑜𝑜𝑜𝑇𝑇𝑜𝑜𝑏𝑏_𝑇𝑇𝑒𝑒𝑖𝑖 ∗ 𝑓𝑓𝑜𝑜𝑜𝑜𝑇𝑇𝑜𝑜𝑏𝑏  �    (5) 

 
where Na refers to the nasal tissue compartment, Cnasal_epi the concentration in the nasal 
epithelium, fnasal the fraction of compound bound to the tissue, Pnasal the permeability across the 
barrier, and A the area across which compound diffusion can occur. Physiological parameters 
used in the model were aggregated from a diversity of sources 48-50. For the purpose of these 
simulations, permeability was assumed to be 0.000101 cm/s for all of the compounds studied, 
and the partition coefficient into the nasal tissue was assumed to be equivalent to that of lung 
tissue, as reported in Table 2 51-53 
 
Rapid repurposing workflow 
Test Dataset 
An internal database largest proprietary curated database consisting of structure-related data for 
>1M compounds, >3700+ unique in vivo plasma concentration-time validation datasets from 
public and proprietary sources (signed data sharing partnerships) representing ~2000 unique 
compounds and 83 different subject populations (different species, gender, strain, sub-strain).  
The dataset was compiled through a combination of automated data scraping and manual data 
curation, resulting in the development of over 41 coded/automated consistency checks that detect 
outliers and corrupt data coming from either published literature on FDA compounds or from 



ongoing data partnerships. This innovative data 
curation approach was applied to CCB/ACE data 
curation, import and validation. 
Screening through the internal database of 
compounds, comprising >2000 small molecules 
PK parameters & in vivo datasets identified five 
compounds that targeted the pathway-of-interest 
and had sufficient validation data available for 
confident & rapid simulation of outcomes. To 
establish the combinatorial effect of ACEIs/CCBs 
combinations on COVID-19 infection, an accurate 
prediction of drug concentration at a site-of-action 
is required. Figure 2 highlights the approach taken 
to identify the 5 drugs (3 ACEIs, 2 CCBs) that were 
candidates for the study as a result of the available 
in vivo clinical data and preclinical PK parameters that were already established. to validate the 
ability to predict plasma concentration accurately (as the standard metric for PK). 

Drug  
Name 

Class ka LogP pKa fu,p B:P 
Clearance 
(L/hr/kg) 

Kplung Kpgut 

Lisinopril ACEI 0.17* -1.115 54 

3.17 
(acid), 
10.21 
(base) 
54 

0.99 5 0.71* 0.072 5 0.57 0.50 

Captopril ACEI N/A 0.34 55 

4.01 
(acid), 
-1.2 
(base) 
56 

0.73 5 0.45* 0.72 5 0.15* 0.15* 

Spirapril ACEI 0.53 4 0* 

3.62 
(acid), 
5.2 
(base) 
57 

0.314678* 0.74** 0.43 4 0.21* 0.16* 

Lacidipine CCB 1.7843* 5.51 58 

19.47 
(acid), 
-6.4 
(acid) 59 

0.05 60 0.70* 1.23 61 11.72* 11.72* 

Verapamil CCB N/A 3.795 62 
9.68 
(base) 
61 

0.064 3 
0.88 
28,62 

0.84 3,5,62 3.69* 3.69* 

 
 
 

Figure 1: Metrics for candidate compound 
identification utilizing internal database of small 
molecule PK. The numbers in blue boxes 
correspond to the number of compounds 
identified as acceptable during each stage of 
curation. 

Table 3: Classification of identified ACEI, CCB compounds and utilized physicochemical 

and PK parameter values obtained from literature, default value approximation, or ML 

optimization. 

* Optimized parameter values 

**Default value used 



Statistics and Tools 
The statistical methodologies utilized for the data analysis have been detailed in a previous work 
42. Briefly, in vivo plasma concentration datasets and associated error bars, when available, were 
manually digitized from source publications using "WebPlotDigitizer" version 4.2.34. Model 
development and validation was done using the in-house platform in Python with Cython 
integration; matplotlib (v2.0.2) and Numpy (v1.14.2) were auxiliary packages used in simulation 
deployment and analysis. Model validation and analysis of model goodness-of-fit/accuracy was 
conducted using three quantitative metrics:  absolute average fold error (AAFE), average fold-
error (AFE), and chi-squared statistic (Χ2) with associated p-value (null hypothesis defined as no 
difference in predicted vs. experimental measurements). Sensitivity of the model was evaluated 
using convergence plots generated during optimization of the parameters. Non-compartmental 
calculations were utilized to compare the accuracy of the simulations to the experimental data; 
AAFE and AFE were utilized to evaluate the accuracy of the PK outputs AUC0-t, Cmax, and tmax 
using the general equations: 𝐴𝐴𝐴𝐴𝐴𝐴 = 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝐴𝐴𝐴𝐴𝐴𝐴𝑓𝑓𝐴𝐴 = 10

1𝑜𝑜∑ log�𝑝𝑝𝑜𝑜𝑡𝑡𝑢𝑢𝑡𝑡𝑝𝑝𝑡𝑡𝑡𝑡𝑢𝑢𝑡𝑡𝑜𝑜𝑢𝑢𝑝𝑝𝑡𝑡𝑜𝑜𝑜𝑜𝑡𝑡𝑢𝑢𝑡𝑡 �𝑜𝑜𝑡𝑡=1
              (6) 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝐴𝐴𝐴𝐴𝐴𝐴𝑓𝑓𝑓𝑓𝐴𝐴𝐴𝐴𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝐴𝐴𝐴𝐴𝐴𝐴𝑓𝑓𝐴𝐴 = 10

1𝑜𝑜∑ �log�𝑝𝑝𝑜𝑜𝑡𝑡𝑢𝑢𝑡𝑡𝑝𝑝𝑡𝑡𝑡𝑡𝑢𝑢𝑡𝑡𝑜𝑜𝑢𝑢𝑝𝑝𝑡𝑡𝑜𝑜𝑜𝑜𝑡𝑡𝑢𝑢𝑡𝑡 ��𝑜𝑜𝑡𝑡=1
             (7) 

where n is the total number of compounds used in the analysis and Predicted_i/Observed_i 
correspond to predicted and observed values of PK parameters, respectively. χ2 was calculated 
using the relationship: 𝜒𝜒2 =

1𝑜𝑜∑ �𝑒𝑒𝑜𝑜𝑇𝑇𝑑𝑑𝑖𝑖𝑝𝑝𝑑𝑑𝑇𝑇𝑑𝑑𝑡𝑡−𝑜𝑜𝑏𝑏𝑇𝑇𝑇𝑇𝑜𝑜𝑜𝑜𝑇𝑇𝑑𝑑𝑡𝑡𝑜𝑜𝑏𝑏𝑇𝑇𝑇𝑇𝑜𝑜𝑜𝑜𝑇𝑇𝑑𝑑𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡 �2 𝑜𝑜𝑖𝑖=1                      (8) 

where observederror is the standard error/deviation in the measurements in the individual 
experimental data timepoints, obtained by digitizing the error bars from the respective 
publications. Optimization convergence was driven and measured by AAFE of AUC, Cmax, and 
tmax. Statistical calculations of AFE, AAFE, and visual plot analysis were done in GraphPad Prism 
version 8.4.1 (GraphPad Software, San Diego, CA) and Microsoft Excel (2016). 

Drug 
Name 

Formulation Experimental Setup Reference 

Lisinopril 
(Oral) 

20 mg oral dose 
20 mg of Lisinopril was given orally for 10 
consecutive days. 8 subjects in the study. 

1 

Captopril 
(IV) 

2.78mg, 5.67 mg, 
11.4mg IV dose 

1 mL of intravenous injection at three 
different dosage levels was administered to 
7 healthy subjects. 

5 

Spirapril 
(Oral) 

25mg, oral 
administration 

25 mg spirapril p.o. prepared by dissolving 
25mg of lyophilized spirapril in 50mL tap 
water was given to the subjects. 16 subjects. 

4 

Lacidipine 
(Oral) 

2mg,4 mg 
Oral Dose 

Single dose of 2mg and 4mg of Lacidipine 
was administered. The study has a total of 24 
subjects (12 male, 12 female) 

2 

Verapamil 
(IV) 

50 mg IV dose 
5 subjects received 5mg (+)verapamil 
dissolved in 30 ml of saline infused over 5 
minutes. 

3 

Table 4: Background on datasets used for systemic plasma-venous compartment disposition 

simulation and optimization of missing PK parameters 



 
Subjects 
Species-specific parameters used in the simulations were adapted from literature sources and 
included parameters such as organ flow rates, composition, volumes, and protein levels for the 
physiological compartments in the BIOiSIM model 63-67. Parameters for the model of small 
molecule diffusion across the nasal tissue and epithelium were obtained from a thorough literature 
review 48,49,68,69. 
 
 
References 

1 Beermann, B. Pharmacokinetics of lisinopril. Am J Med 85, 25-30, doi:10.1016/0002-

9343(88)90346-4 (1988). 

2 Da Ros, L., Squassante, L. & Milleri, S. Dose linearity of lacidipine pharmacokinetics after single 

and repeated oral doses in healthy volunteers. Clin Pharmacokinet 42, 99-106, 

doi:10.2165/00003088-200342010-00004 (2003). 

3 Eichelbaum, M., Mikus, G. & Vogelgesang, B. Pharmacokinetics of (+)-, (-)- and (+/-)-verapamil 

after intravenous administration. Br J Clin Pharmacol 17, 453-458, doi:10.1111/j.1365-

2125.1984.tb02371.x (1984). 

4 Krahenbuhl, S., Grass, P., Surve, A., Kutz, K. & Reichen, J. Pharmacokinetics and haemodynamic 

effects of a single oral dose of the novel ACE inhibitor spirapril in patients with chronic liver 

disease. Eur J Clin Pharmacol 45, 247-253, doi:10.1007/BF00315391 (1993). 

5 Lombardo, F., Berellini, G. & Obach, R. S. Trend Analysis of a Database of Intravenous 

Pharmacokinetic Parameters in Humans for 1352 Drug Compounds. Drug Metab Dispos 46, 1466-

1477, doi:10.1124/dmd.118.082966 (2018). 

6 Nicola, M. et al. Evidence based management guideline for the COVID-19 pandemic - Review 

article. Int J Surg 77, 206-216, doi:10.1016/j.ijsu.2020.04.001 (2020). 

7 Zhu, N. et al. A Novel Coronavirus from Patients with Pneumonia in China, 2019. N Engl J Med 

382, 727-733, doi:10.1056/NEJMoa2001017 (2020). 

8 Stokes, E. K. et al. Coronavirus Disease 2019 Case Surveillance - United States, January 22-May 30, 

2020. MMWR Morb Mortal Wkly Rep 69, 759-765, doi:10.15585/mmwr.mm6924e2 (2020). 

9 Guy, R. K., DiPaola, R. S., Romanelli, F. & Dutch, R. E. Rapid repurposing of drugs for COVID-19. 

Science 368, 829-830, doi:10.1126/science.abb9332 (2020). 

10 Beigel, J. H. et al. Remdesivir for the Treatment of Covid-19 - Preliminary Report. N Engl J Med, 

doi:10.1056/NEJMoa2007764 (2020). 

11 Harrison, C. Drug researchers pursue new lines of attack against COVID-19. Nat Biotechnol 38, 

659-662, doi:10.1038/d41587-020-00013-z (2020). 

12 Mauthe, M. et al. Chloroquine inhibits autophagic flux by decreasing autophagosome-lysosome 

fusion. Autophagy 14, 1435-1455, doi:10.1080/15548627.2018.1474314 (2018). 

13 Tran, D. H., Sugamata, R., Hirose, T. et al. Azithromycin, a 15-membered macrolide antibiotic, 

inhibits influenza A(H1N1)pdm09 virus infection by interfering with virus internalization process. 

J Antibiot 72, 759-768, doi:https://doi.org/10.1038/s41429-019-0204-x (2019). 

14 Uno, Y. Camostat mesilate therapy for COVID-19. Intern Emerg Med, doi:10.1007/s11739-020-

02345-9 (2020). 

15 Hoffmann, M. et al. Nafamostat Mesylate Blocks Activation of SARS-CoV-2: New Treatment 

Option for COVID-19. Antimicrob Agents Chemother 64, doi:10.1128/AAC.00754-20 (2020). 

16 Zhang, J., Xie, B. & Hashimoto, K. Current status of potential therapeutic candidates for the COVID-

19 crisis. Brain Behav Immun, doi:10.1016/j.bbi.2020.04.046 (2020). 

https://doi.org/10.1038/s41429-019-0204-x


17 Badagliacca, R., Sciomer, S. & Petrosillo, N. Endothelin receptor antagonists for pulmonary arterial 

hypertension and COVID-19: Friend or foe? J Heart Lung Transplant, 

doi:10.1016/j.healun.2020.04.007 (2020). 

18 Chen, X., Cao, R. & Zhong, W. Host Calcium Channels and Pumps in Viral Infections. Cells 9, 

doi:10.3390/cells9010094 (2019). 

19 Hoffmann, M. et al. SARS-CoV-2 Cell Entry Depends on ACE2 and TMPRSS2 and Is Blocked by a 

Clinically Proven Protease Inhibitor. Cell 181, 271-280 e278, doi:10.1016/j.cell.2020.02.052 

(2020). 

20 Wrapp, D. et al. Cryo-EM structure of the 2019-nCoV spike in the prefusion conformation. Science 

367, 1260-1263, doi:10.1126/science.abb2507 (2020). 

21 Li, F. Structure, Function, and Evolution of Coronavirus Spike Proteins. Annu Rev Virol 3, 237-261, 

doi:10.1146/annurev-virology-110615-042301 (2016). 

22 Zhou, P. et al. A pneumonia outbreak associated with a new coronavirus of probable bat origin. 

Nature 579, 270-273, doi:10.1038/s41586-020-2012-7 (2020). 

23 Ziegler, C. G. K. et al. SARS-CoV-2 Receptor ACE2 Is an Interferon-Stimulated Gene in Human 

Airway Epithelial Cells and Is Detected in Specific Cell Subsets across Tissues. Cell 181, 1016-1035 

e1019, doi:10.1016/j.cell.2020.04.035 (2020). 

24 Baudin, B. New aspects on angiotensin-converting enzyme: from gene to disease. Clin Chem Lab 

Med 40, 256-265, doi:10.1515/CCLM.2002.042 (2002). 

25 Rice, G. I., Thomas, D. A., Grant, P. J., Turner, A. J. & Hooper, N. M. Evaluation of angiotensin-

converting enzyme (ACE), its homologue ACE2 and neprilysin in angiotensin peptide metabolism. 

Biochem J 383, 45-51, doi:10.1042/BJ20040634 (2004). 

26 Kuba, K. et al. A crucial role of angiotensin converting enzyme 2 (ACE2) in SARS coronavirus-

induced lung injury. Nat Med 11, 875-879, doi:10.1038/nm1267 (2005). 

27 Patel, A. B. & Verma, A. COVID-19 and Angiotensin-Converting Enzyme Inhibitors and Angiotensin 

Receptor Blockers: What Is the Evidence? JAMA, doi:10.1001/jama.2020.4812 (2020). 

28 Donate-Macian, P. et al. The TRPV4 channel links calcium influx to DDX3X activity and viral 

infectivity. Nat Commun 9, 2307, doi:10.1038/s41467-018-04776-7 (2018). 

29 Ueda, M. et al. Highly pathogenic H5N1 avian influenza virus induces extracellular Ca2+ influx, 

leading to apoptosis in avian cells. J Virol 84, 3068-3078, doi:10.1128/JVI.01923-09 (2010). 

30 Johansen, L. M. et al. A screen of approved drugs and molecular probes identifies therapeutics 

with anti-Ebola virus activity. Sci Transl Med 7, 290ra289, doi:10.1126/scitranslmed.aaa5597 

(2015). 

31 Li, H. et al. Calcium channel blockers reduce severe fever with thrombocytopenia syndrome virus 

(SFTSV) related fatality. Cell Res 29, 739-753, doi:10.1038/s41422-019-0214-z (2019). 

32 Lavanya, M., Cuevas, C. D., Thomas, M., Cherry, S. & Ross, S. R. siRNA screen for genes that affect 

Junin virus entry uncovers voltage-gated calcium channels as a therapeutic target. Sci Transl Med 

5, 204ra131, doi:10.1126/scitranslmed.3006827 (2013). 

33 Horng, T. Calcium signaling and mitochondrial destabilization in the triggering of the NLRP3 

inflammasome. Trends Immunol 35, 253-261, doi:10.1016/j.it.2014.02.007 (2014). 

34 Maher, P. et al. The role of Ca(2+) in cell death caused by oxidative glutamate toxicity and 

ferroptosis. Cell Calcium 70, 47-55, doi:10.1016/j.ceca.2017.05.007 (2018). 

35 Yaron, J. R. et al. K(+) regulates Ca(2+) to drive inflammasome signaling: dynamic visualization of 

ion flux in live cells. Cell Death Dis 6, e1954, doi:10.1038/cddis.2015.277 (2015). 

36 D'Elia, J. A. & Weinrauch, L. A. Calcium Ion Channels: Roles in Infection and Sepsis Mechanisms of 

Calcium Channel Blocker Benefits in Immunocompromised Patients at Risk for Infection. Int J Mol 

Sci 19, doi:10.3390/ijms19092465 (2018). 



37 Silva, I. V. G., de Figueiredo, R. C. & Rios, D. R. A. Effect of Different Classes of Antihypertensive 

Drugs on Endothelial Function and Inflammation. Int J Mol Sci 20, doi:10.3390/ijms20143458 

(2019). 

38 Kim, H. J. et al. Effects of valsartan and amlodipine on oxidative stress in type 2 diabetic patients 

with hypertension: a randomized, multicenter study. Korean J Intern Med 32, 497-504, 

doi:10.3904/kjim.2015.404 (2017). 

39 Ragab, D., Salah Eldin, H., Taeimah, M., Khattab, R. & Salem, R. The COVID-19 Cytokine Storm; 

What We Know So Far. Front Immunol 11, 1446, doi:10.3389/fimmu.2020.01446 (2020). 

40 Gurwitz, D. Angiotensin receptor blockers as tentative SARS-CoV-2 therapeutics. Drug Dev Res, 

doi:10.1002/ddr.21656 (2020). 

41 Mourad, J. J. & Le Jeune, S. Effective systolic blood pressure reduction with olmesartan 

medoxomil/amlodipine combination therapy: post hoc analysis of data from a randomized, 

double-blind, parallel-group, multicentre study. Clin Drug Investig 29, 419-425, 

doi:10.2165/00044011-200929060-00005 (2009). 

42 Maharao, N., Antontsev, V., Hou, H., Walsh, J. & Varshney, J. Scalable in silico Simulation of 

Transdermal Drug Permeability: Application of BIOiSIM Platform. Drug Des Devel Ther 14, 2307-

2317, doi:10.2147/DDDT.S253064 (2020). 

43 Rodgers, T., Leahy, D. & Rowland, M. Physiologically based pharmacokinetic modeling 1: 

predicting the tissue distribution of moderate-to-strong bases. J Pharm Sci 94, 1259-1276, 

doi:10.1002/jps.20322 (2005). 

44 Rodgers, T. & Rowland, M. Physiologically based pharmacokinetic modelling 2: predicting the 

tissue distribution of acids, very weak bases, neutrals and zwitterions. J Pharm Sci 95, 1238-1257, 

doi:10.1002/jps.20502 (2006). 

45 Schmitt, W. General approach for the calculation of tissue to plasma partition coefficients. Toxicol 

In Vitro 22, 457-467, doi:10.1016/j.tiv.2007.09.010 (2008). 

46 Rodgers, T., Leahy, D. & Rowland, M. Physiologically Based Pharmacokinetic Modeling 1: 

Predicting the Tissue Distribution of Moderate-to-Strong Bases. Journal of Pharmaceutical 

Sciences 94, 1259-1276, doi:10.1002/jps.20322 (2005). 

47 Rodgers, T. & Rowland, M. Physiologically based pharmacokinetic modelling 2: Predicting the 

tissue distribution of acids, very weak bases, neutrals and zwitterions. Journal of Pharmaceutical 

Sciences 95, 1238-1257, doi:10.1002/jps.20502 (2006). 

48 Andersen, M. et al. Application of a hybrid CFD-PBPK nasal dosimetry model in an inhalation risk 

assessment: an example with acrylic acid. Toxicol Sci 57, 312-325, doi:10.1093/toxsci/57.2.312 

(2000). 

49 Boger, E. et al. Systems Pharmacology Approach for Prediction of Pulmonary and Systemic 

Pharmacokinetics and Receptor Occupancy of Inhaled Drugs. CPT Pharmacometrics Syst 

Pharmacol 5, 201-210, doi:10.1002/psp4.12074 (2016). 

50 Frederick, C. B. et al. Application of a hybrid computational fluid dynamics and physiologically 

based inhalation model for interspecies dosimetry extrapolation of acidic vapors in the upper 

airways. Toxicol Appl Pharmacol 152, 211-231, doi:10.1006/taap.1998.8492 (1998). 

51 Jia, L. & Wong, H. In vitro and in vivo assessment of cellular permeability and pharmacodynamics 

of S-nitrosylated captopril, a nitric oxide donor. Br J Pharmacol 134, 1697-1704, 

doi:10.1038/sj.bjp.0704431 (2001). 

52 O'Hagan, S. & Kell, D. B. The apparent permeabilities of Caco-2 cells to marketed drugs: 

magnitude, and independence from both biophysical properties and endogenite similarities. PeerJ 

3, e1405, doi:10.7717/peerj.1405 (2015). 

53 Wu C, L. K., Panqin Ma,   Lifang Gao,   Bo Li,   Ran Li,   Cong Luo,   Jianzhong Shentu,   Zhonggui Hea  

and  Jin Sun. Interspecies prediction of oral pharmacokinetics of different lacidipine formulations 



from dogs to human: physiologically based pharmacokinetic modelling combined with biorelevant 

dissolution. RSC Adv 5, 19844-19852 (2015). 

54 Drug bank – Lisinopril. Available from: https://www.drugbank.ca/drugs/DB00722.   

        .  (2020). 

55 Benet, L. Z., Broccatelli, F. & Oprea, T. I. BDDCS applied to over 900 drugs. AAPS J 13, 519-547, 

doi:10.1208/s12248-011-9290-9 (2011). 

56 Drug bank - Captopril. Available from: https://www.drugbank.ca/drugs/DB01197  

         (2020). 

57 Drug bank - Spirapril. Available from: https://www.drugbank.ca/drugs/DB01348.   

       .  (2020). 

58 Yang, B. et al. Virtual population pharmacokinetic using physiologically based pharmacokinetic 

model for evaluating bioequivalence of oral lacidipine formulations in dogs. Asian J Pharm Sci 12, 

98-104, doi:10.1016/j.ajps.2016.03.003 (2017). 

59 Drug bank - Lacidipine. Available from: https://www.drugbank.ca/drugs/DB09236  

         (2020). 

60 Lee, C. R. & Bryson, H. M. Lacidipine. A review of its pharmacodynamic and pharmacokinetic 

properties and therapeutic potential in the treatment of hypertension. Drugs 48, 274-296, 

doi:10.2165/00003495-199448020-00010 (1994). 

61 Drug bank - Verapamil. Available from: https://www.drugbank.ca/drugs/DB00661  

       (2020). 

62 Ye, M., Nagar, S. & Korzekwa, K. A physiologically based pharmacokinetic model to predict the 

pharmacokinetics of highly protein-bound drugs and the impact of errors in plasma protein 

binding. Biopharm Drug Dispos 37, 123-141, doi:10.1002/bdd.1996 (2016). 

63      

64     (1994). 

65 ICRP. Basic Anatomical and Physiological Data for Use in Radiological Protection Reference Values. 

Annals of the ICRP 32, 3-4 (2002). 

66 Maharao, N., Antontsev, V., Wright, M. & Varshney, J. Entering the era of computationally driven 

drug development. Drug Metab Rev 52, 283-298, doi:10.1080/03602532.2020.1726944 (2020). 

67 Peters, S. Physiologically‐Based Pharmacokinetic (PBPK) Modeling and Simulations: Principles, 

Methods, and Applications in the Pharmaceutical Industry.  (2012 John Wiley & Sons, Inc., 2012). 

68 Campbell, J. L., Andersen, M. E. & Clewell, H. J. A hybrid CFD-PBPK model for naphthalene in rat 

and human with IVIVE for nasal tissue metabolism and cross-species dosimetry. Inhal Toxicol 26, 

333-344, doi:10.3109/08958378.2014.896059 (2014). 

69 Sweeney, L. M., Kirman, C. R., Gargas, M. L., Carson, M. L. & Tardiff, R. G. Development of a 

physiologically-based toxicokinetic model of acrylamide and glycidamide in rats and humans. 

Food Chem Toxicol 48, 668-685, doi:10.1016/j.fct.2009.11.049 (2010). 

 
 
Acknowledgements 
The authors are grateful to Mr. Alexander Harmsen for useful discussions, and Dr. Nilesh Gupta 
for his help in reviewing and managing the writing process. 
 
Author Contributions 
K. Chakravarty, VG. Antontsev, J. Varshney: Conceptualization, supervision, writing - original 
draft preparation, writing - review and editing; N. Maharao, H. Hou, A. Jagarapu: data curation, 
validation, visualization, writing - review and editing; Y. Bundey: software, validation, writing - 
review and editing. All authors have read and agreed to the submitted version of the manuscript. 

https://www.drugbank.ca/drugs/DB00722
https://www.drugbank.ca/drugs/DB01197
https://www.drugbank.ca/drugs/DB01348
https://www.drugbank.ca/drugs/DB09236
https://www.drugbank.ca/drugs/DB00661


 
Conflict of interest 
The authors declare no conflict of interest. 

 



Figures

Figure 1

Potential model for the combinatorial actions of ACEi and CCBs on SARS-COV-2 infection, replication and
pro-in�ammatory response. ACEi acting indirectly through ACE2 and the MAS,ATR2 axis imparts an anti-
in�ammatory and anti-�brotic response, while CCBS acts at various steps, restores intracellular calcium
�ux, consequently, inhibiting post-infection virus internatization and genome replication. Bothe ACEi and
CCBs potential can induce a synergistic anti-in�ammatory and anti-�brotic response in the attenuation of
the “Cytokine storm.”



Figure 2

Convergence onto discrete parameter combinations during coarse optimization for Verapamil, Spirapril,
Lisinopril, Lacidipine, and Captopril. Relative cost on the y-axis is calculated as: Cost_relative =
AAFECmax*AAFEtmax*AAFEAUC where AAFECmax,, AAFEtmax, AAFEAUC – absolute average fold error
for Cmax (maximum plasma concentration), Tmax (time corresponding to Cmax) and AUC (area under
the curve) predictions



Figure 3

Dose and route-of-administration dependent prediction of compound plasma concentration for
Verapamil, Spirapril, Lisinopril, Lacidipine, and Captopril. Dashed lines correspond to BIOiSIM simulation
outputs. Error bars and individual data points were digitized from the original publications 1-5 (citations
in output table 4) where available, and correspond to standard error/standard deviation, as presented in
the original work.



Figure 4

Prediction of the site-speci�c distribution of Verapamil, Spirapril, Lisinopril, Lacidipine, and Captopril to
tissues implicated in COVID-19 replication and pathogenesis.



Figure 5

Diagram of modeling approach taken that extends beyond pharmacokinetic modeling of compound
disposition and can explore more complex viral & combination effects.


