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Abstract

Electronic circuits intuitively visualize and quantitatively simulate biological systems with
nonlinear differential equations that exhibit complicated dynamics. Drug cocktail therapies are

a powerful tool against diseases that exhibit such dynamics. We show that just six key states,
which are represented in a feedback circuit, enable drug-cocktail formulation: 1) healthy cell
number; 2) infected cell number; 3) extracellular pathogen number; 4) intracellular pathogenic
molecule number; 5) innate immune system strength; and 6) adaptive immune system strength. To
enable drug cocktail formulation, the model represents the effects of the drugs in the circuit. For
example, a nonlinear feedback circuit model fits measured clinical data, represents cytokine storm
and adaptive autoimmune behavior, and accounts for age, sex, and variant effects for SARS-CoV-2
with few free parameters. The latter circuit model provided three quantitative insights on the
optimal timing and dosage of drug components in a cocktail: 1) antipathogenic drugs should be
given early in the infection, but immunosuppressant timing involves a tradeoff between controlling
pathogen load and mitigating inflammation; 2) both within and across-class combinations of
drugs have synergistic effects; 3) if they are administered sufficiently early in the infection, anti-
pathogenic drugs are more effective at mitigating autoimmune behavior than immunosuppressant
drugs.
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. Introduction

DYNAMIC models of host-pathogen interactions fitted to clinical data can bring critical
insights to the complexity of multiple diseases and provide valuable information for

the development of treatments. For example, a dynamic circuit model can serve as a
foundational tool for rapid drug cocktail formulation in the current pandemic, future
pandemics, or other diseases, even in non-viral pathogens and cancers. Circuit models
explicitly visualize underlying relationships among components in biological systems while
simultaneously being an exact mathematical representation of the underlying equations [1],
[2], [3], [4], [5], [6]. Building from this established theoretical foundation, circuit models
have achieved a strong track record of fitting data from synthetic and naturally occurring
biological systems [6], [7], [8], [9] but have not thus far been applied towards principled
approaches to drug-cocktail formulation.

Clinically, combining drugs into cocktails to achieve synergistic effects has been a key
strategy in combating viral diseases. For decades, combination antiretroviral therapy has
been the standard of care for the management of HIV [10]. More recently, anti-HIV broadly
neutralizing antibodies (bNAbs) are also being studied in cocktail formulations [11], with
exploration towards combining antiretroviral cocktails and bNAb cocktails into multi-class
cocktails [12]. In the context of influenza, several novel drugs that target viral and host
factors have reached clinical trials as synergistic combination therapies with oseltamivir, an
established monotherapy, with both positive and negative results [13], [14], [15]. Inspired
by these prior clinical antiviral combination therapies, we aimed to innovate /n silico drug-
cocktail formulation and discovery via a circuit design approach. Although our methods can
be applied to several diseases, in this paper, we shall focus on COVID-19.

The COVID-19 pandemic, caused by the SARS-CoV-2 coronavirus and its ensuing variants,
has disrupted society and the economy around the world. As of February 1, 2023, the
World Health Organization had reported totals of 754 million cases and 13.2 million
deaths worldwide [16]. Boosted vaccination against SARS-CoV-2 significantly reduces the
rates of symptomatic infection, morbidity, and mortality, but varied host response strengths
and waning protection efficacies are frequently reported among the vaccinated population
[17], [18], [19], [20], [21]. For example, fully vaccinated and boosted individuals can still
suffer severe disease due to breakthrough infections [22], [23]. Similar to vaccination, host
responses to SARS-CoV-2 infection differ greatly and the currently available drugs against
COVID-19 have shown varying efficacy among patients [24], [25], [26], [27], [28], [29],
[30], [31], [32], [33], [34], [35], [36], [37]. Therefore, it is useful to study and analyze
virus-host interactions and drug treatment courses for COVID-19 quantitatively.

There exist many models of within-host SARS-CoV-2 infection. The simplest variety of
model does not account for the host immune response beyond first-order viral clearance and
infected cell death rate constants [38], [39], [40], [41]. Another approach is to model the
adaptive immune response exclusively, with no infection dynamics [42]. However, SARS-
CoV-2 infection calls for models that incorporate virus-host cell infection dynamics together
with the immune response [43]. Such a synergy is especially important for COVID-19,
wherein strong immunity will prevent and clear infection, but overactive immunity can
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lead to cytokine storm or autoimmunity. Several groups have used mathematical methods
to combine models of infection kinetics and immune response dynamics [39], [40], [44],
[45], [46], [47], [48], [49], [50], [51]. Some of these papers also include monotherapy and
combination therapy effects; cytokine storm; age and sex effects; vaccination effects; and
separate adaptive and innate immune responses, but no model in the literature has all of
these features and no model includes adaptive autoimmunity or accounts for viral variant
effects. An alternative modeling strategy is to apply well-studied engineering principles
and tools to the COVID-19 modeling problem, as has been done with the application of
chemical engineering simulation software for batch reaction kinetics to the modeling of the
epidemiological dynamics of SARS-CoV-2 [52].

In our study, we employed an electronic circuit modeling approach to construct a within-host
model of COVID-19 with interactions between the virus, host, and drugs. We first developed
a simplified dynamic model of host-virus-drug interactions that fit clinical data across mild
and severe COVID-19, while also establishing regimes of cytokine storm and adaptive
autoimmune behaviors. Then, we accounted for the effects of patient age and sex and

viral variant on COVID-19 dynamics. Having established the model, we used it to evaluate
the timing and combination of five drug treatments for COVID-19: an anti-S monoclonal
antibody (anti-S mAb), Molnupiravir (Mol), Paxlovid (Pax), Dexamethasone (Dex), and
Tocilizumab (Toc).

II. Circuit Model Rationale and Development

Prior work has developed mechanistically detailed models of COVID-19 viral replication
with specific viral protein and molecule species [53] and host lung and immune system
responses with several specific cellular subprocesses [49] and signaling pathways [50].
However, especially with a novel disease, creating realistic dynamic behavior using many
cellular, molecular, and protein species-specific parameters can be prohibitive. Additionally,
the human immune system is highly complex with many intra- and inter-cellular signaling
and effector systems across several cell types; thus, no human immune system model that is
complete and fits quantitative experimental data yet exists [54], [55], [56], [57]. Therefore,
to model COVID-19, including virus-host interactions and combinatorial drug effects, we
developed a biological circuit model with six main states: healthy lung epithelial cell number
(HC); infected lung epithelial cell number (I1C); extracellular viral population virion number
(Vpop); intracellular viral protein and molecule number (VPM); the strength of the innate
immune response (11); and the strength of the adaptive immune response (Al).

The dominant interactions between the six main states, and the modulation of those
interactions by drugs, are described by Fig. 1. (1) Healthy cells (HC) modulate their

net growth rate to attempt to maintain a homeostatic population size. (2) At the time of
infection, an initial amount of virus infects the healthy cells, creating infected cells (IC). (3)
The replicating virus hijacks infected cells to produce viral proteins and molecules (VPM).
(4) If the infected cell produces large numbers of viral proteins and molecules, the cell’s
material and energetic resources can be overwhelmed and the cell will die. (5) Infected cells
release fully formed virions, causing infection to progress, but these virions can be bound
and neutralized by the anti-S mAb. The production of (3) intracellular viral species (VPM)
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and (5) fully formed virions (VVpop) are inhibited by Mol and Pax. (6) As they become larger
in quantity, the three viral states — IC, Vpop, and VPM - trigger the innate immune response
(1) (e.g., via pattern recognition receptors and cytokine release). (7) Together with that
innate immune response, the three viral states are then able to trigger the adaptive immune
response (Al) (e.g., via MHC antigen presentation).

The (8, 9) innate and (10, 11) adaptive immune responses are sustained by local positive
feedback loops that are uncontrolled (8, 10) or controlled by the level of infection

(9, 11). Strong activation of the uncontrolled innate immunity local positive feedback

loop (8) can cause a cytokine storm. Other interaction-example pairings are: (9) innate
immunity’s controlled positive feedback and chemokine signaling; (10) adaptive immunity’s
uncontrolled positive feedback and the accumulation of antibodies produced by plasmablasts
and plasma B cells; and (11) adaptive immunity’s controlled positive feedback and B-cell
affinity maturation. (12) In the presence of ongoing infection, the adaptive immune response
can further grow the innate immune response (e.g., via cytotoxic T-cell cytokine production).
Dex limits all productive sources of both immune responses, while Toc only reduces the
value of the innate immune state, which correlates with inflammation. As a non-specific
inflammatory immune response, the innate immune response kills both (13) healthy cells
and (14) infected cells (e.g., via TNFa production [58]). (15) In contrast, the adaptive
immune response only significantly targets infected cells for killing (e.g., via cytotoxic
T-cells). Both the (16, 17) innate and (18, 19) adaptive immune responses remove virions
(16, 18) (e.g., via phagocytosis and antibody-mediated opsonization, respectively), but the
immune cells are susceptible to viral infection (17, 19).

For simplicity, a few features and states are not shown in Fig. 1, but are represented by our
circuit models (and associated mathematics): 1) Vpop, VPM, 11, and Al all have intrinsic
half-life decays; 2) as VPM approaches zero after infection, infected cells recover to healthy
cells (i.e., a cell is not infected if it no longer contains viral proteins or molecules); 3) there
is an immunological memory state (e.g., memory B-cells) that, when non-zero, increases the
sensitivity and speed of the adaptive immune response; 4) there is an adaptive autoimmunity
(AAI) state that parallels the Al state; 5) Triggering AAI requires stronger infection and
inflammation than Al, but AAI targets the innate immune response and healthy cells [59],
[60].

In order to reduce the number of parameters needed to populate the circuit, the model states
were normalized to be in the range [0, 1], i.e., from the basal level to the maximal level

(or, for HC from no healthy cells to the homeostatic population size). Such normalization
gave us the flexibility to capture disease dynamics with a wide dynamic range at different
orders of magnitude and allowed us to make the reasonable assumption that most saturation
constants are approximately 0.5 normalized units (n.u.), half of the maximum state value
[61], [62]. Another model design decision was to consider the model’s states as relative
changes from their basal, uninfected values. For example, there are basal levels of cytokines
or phagocytic cells in the innate immune system when no viral infection is present, but we
initialize the Il state as /f = 0. In the context of model rates, we assumed that basal rates of
cell death and population growth are negligible compared to those caused by infection and
recovery. For example, we do not include an intrinsic death rate of infected cells because
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it would be insignificant compared to the infected cell death caused by infection and the
subsequent immune response.

lll. Circuit Design

It is useful to visualize our biological circuit models as electronic circuits, which represent
the state variables (molecular concentrations or cell population numbers) as voltages and

the flow variables (the derivative or rate-of-change variables) as currents. The circuit
representation allows for intuitive identification of connections between states and the
resulting feedback loops without having to parse long lists of differential equations [2],

[3], [5], [6]. At the same time, the circuit representation is more quantitative than a

flow diagram because each component represents a term in a mathematical equation. We
designed and simulated all circuits in industry-standard Candence Virtuoso integrated circuit
design software (see Method S-C in the Supplementary Methods, Tables, and Figures and
find all Cadence files in the Supplementary Code).

For several frequently used components, Fig. 2 gives the conversion from electronic circuit
component to mathematical equation. These components are wired together to construct
biological circuits. The COVID-19 biological circuit for viral replication is shown in Fig. 3
(a) and the biological circuits for the innate and adaptive immune responses are presented
in Figs. 3 (b) and (c), respectively. The biological circuit for adaptive autoimmunity (not
shown) is identical to the adaptive immunity circuit in Fig. 3 (c) but with updated names
(i.e., “Al’ becomes ‘AAI’) for the states and some parameters. A more traditional — but
mathematically equivalent — differential equation representation of the circuit model is
provided in Table I, with the parameters and their values described in Table S-1 in the
Supplementary Methods, Tables, and Figures. A third way to represent the system is via a
feedback diagram, which can be constructed by observing the state interactions described
by the model’s biological schematic (Fig. 1), circuit schematic (Fig. 3), or differential
equations (Table I). An example feedback diagram highlighting the interactions between
viral infection, the innate immune response strength, and the adaptive immune response
strength is given in Fig. S-1 in the Supplementary Methods, Tables, and Figures.

IV. Model Parameterization and Data Fitting

For the COVID-19 circuit model to be legitimate, it needed to have parameters that both
agreed with literature and produced dynamics that fit clinical data. The most consequential
parameters for creating the model’s global behavior were the rate constants, the values

of which are given in Table S-l.a. The calculation of these rate constants from literature
and their subsequent fitting to clinical data (resulting in the curves shown in Fig. 4), are
described in Method S-A. Non-rate model parameters are given in Table S-1.b. The fitted
clinical data is available in the Supplementary Data.

The dynamics of the model’s six main states for the mild and severe diseases follows a
general pattern (Figs. 4 (a) and (d)). When an initial amount of extracellular virus (Vpop)
infects cells and replicates to infect more cells, the number of healthy lung epithelial cells
(HC) decreases while the number of infected lung epithelial cells (IC) increases. At the
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same time, the number of extracellular virions (Vpop) and the number of intracellular viral
proteins and molecules (VPM) increases. Eventually, viral antigens (from IC, Vpop, and
VVPM) accumulate to a level that activates the immune system. The innate immune response
(1) is easier to trigger but is transient. The adaptive immune response (Al) is persistent but
requires both antigen and innate immunity stimulation to become activated. Realistically,
the adaptive immune response would eventually wane over time due to the Tyeq calming

of the T-cell response and the shift of antibody production from short-lived plasmablasts to
long-lived plasma B cells in the bone marrow [65], [66]. However, these effects are beyond
the scope of our model for acute COVID-19.

The dynamic differences over the infection course between the mild and severe diseases
were significant, as shown in the model’s fit to severity-categorized clinical data (Figs. 4
(b), (c), (), (F)). As clinically observed, our model showed that severe disease patients
generally have a larger viral load and fewer healthy cells than patients with mild disease do.
Such differences were explained by changes in only two sets of parameters in our model,
namely the activation Ky constants for triggering the innate and adaptive immune responses
(processes 6 and 7, respectively, in Fig. 1). The activation K4 parameter differences are given
in Table S-I.c. In the model of severe disease, the innate and adaptive immune systems
required a higher level of infection (IC, Vpop, VPM) to trigger an immune response. In
other words, severe patients in the model experienced less sensitive innate and adaptive
immune detection of SARS-CoV-2 infection, corresponding to higher immune activation

Kq values; poorer antigen detection allowed the disease to progress and worsen in severity
before an immune response was mounted. For the selection and normalization of the clinical
data, see Method S-B. Using model parameters relevant in literature and severity-specific
immune activation K values, our circuit model captured dynamic clinical data faithfully.

Additionally, the model recapitulated common COVID-19 complications, specifically
cytokine storm and adaptive autoimmunity. Model parameters were selected to make the
host susceptible or resistant to either complication. For cytokine storm, a susceptible

host had a lower activation K for the innate immune response’s uncontrolled positive
feedback loop (process 8 in Fig. 1) compared to the resistant host (default). For adaptive
autoimmunity, a susceptible host had lower activation Ky values for more easily triggering
an adaptive autoimmune response (the AAI process analogous to the Al process 7 in Fig.
1) compared to the resistant host (default). The complication-resistant and complication-
susceptible parameters are given in Table S-1.d. Fig. S-2 illustrates what the cytokine storm
and adaptive autoimmunity susceptible model simulations look like for severe disease. The
complication-resistant parameters were used in later simulations unless explicitly stated
otherwise.

Finally, the model’s adaptive immunity memory (Almem) state was used to model
COVID-19 in individuals who have been vaccinated or previously infected. In the model,
having an immunological memory of COVID-19 effectively reduced the adaptive immunity
activation K4 and increased the activation rate for the adaptive immune response (process

7 in Fig. 1). For individuals with prior infection or vaccination, the adaptive immunity
memory state was initialized to Almemg = 1 n.u. (Table S-1.e). In contrast, Almemg =0
n.u. was used for individuals who are SARS-CoV-2 naive and unvaccinated (Table S-1.e).
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A comparison between simulations with and without prior infection or vaccination is given
in Fig. S-3, with the infection dynamics being less severe for the former, as expected. If

the vaccination or prior infection had occurred within the previous several months, then its
disease-mitigating effects may be even stronger since the initial level of antibodies would be
non-zero, meaning Alg would be non-zero in the model [67], [68]. To be conservative and
assume the worst-case scenario, all other simulations in this work assumed an unvaccinated
host with no prior infection.

V. Modeling the Effects of Age, Sex, and Viral Variant

COVID-19 has shown differential effects on individuals based on their age and sex, with
people of older age and male sex having worse outcomes [69], [70], [71]. To make our
model more robust to these differences, we included ageand sex-specific multiplicative
parameters in our model. For both age and sex, multiplicative factors scaled the efficacy
of the innate immune response (processes 14 and 16 in Fig. 1) and both the activation
sensitivity (process 7 in Fig. 1) and positive feedback strength (processes 10 and 11 in Fig.
1) of the adaptive immune response. The placement of these multiplicative factors within
the model’s ODEs is described in Table S-I1.a. The multiplicative parameters’ values are
described in Table S-11.b. For context, the young age parameters represent an individual
approximately in their 30s and the old age parameters represent an individual approximately
in their 60s [72], [73], [74], [75].

Assuming severe disease, the combinatorial effects of age and sex on the COVID-19 model
dynamics are shown in Fig. 5. Consistent with epidemiological observations, the young
female simulation had the most favorable disease course while the old male simulation had
the least favorable (Figs. 5 (a)—(d)). Most noticeably, the larger innate immune response
from the old male simulation was indicative of excessive inflammation (Fig. 5 (e)). In the
adaptive immune response, there was a cross-over in the dynamics (Fig. 5 (f)) between

the different ages and sexes. This cross-over occurred because the old/male person’s less
effective innate immune response left more antigen to activate a strong adaptive immune
response early in the infection, but the strength of the young/female person’s adaptive
immunity positive feedback allowed for the young/female person’s adaptive immune
response to surpass the old/male person’s response over time. Overall, the model suggested
that age has a stronger effect on disease dynamics than sex because age dominated whether
the disease dynamics were more or less favorable compared to default settings (when all age
and sex multipliers are set to 1).

Another determinant of COVID-19 infection parameters [76], [77], and probably outcomes
[78], [79], [80], [81], [82], is the SARS-CoV-2 variant type. To account for variant-to-variant
differences, we included multiplicative parameters that scale the virus’ infection rate of
healthy cells (process 2 in Fig. 1) and evasion of the adaptive immune response (processes
15 and 18 in Fig. 1). The placement of these multiplicative factors within the model’s ODEs
is described in Table S-11.a. The multiplicative parameters’ values are described in Table
S-11.b. The model would be more accurate with an innate immunity evasion parameter rather
than an adaptive immunity evasion parameter because this would make the immune evasion
strength independent of the modeled person’s prior infections and vaccinations. However,
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though strong studies have been performed on innate immunity evasion in individual
variants [83], quantitative measurements across variants are not available.

Assuming severe disease in an old male, the effects of variants D614G (default), Alpha,
Beta, and Delta on COVID-19 infection dynamics are displayed in Fig. 6. Compared to
D614G, the Alpha variant had dynamics that were similar in magnitude, but faster. These
differences are attributable to Alpha’s higher cellular infection rate but poorer adaptive
immunity evasion (Table S-11.b). The Beta and Delta variants caused simulation dynamics
that are equally large in magnitude but opposing in strategy. The Beta variant’s powerful
evasion of adaptive immunity allowed it to achieve the highest peak viral load of all the
variants (Fig. 6 (c)). In contrast, the Delta variant’s extremely high rate of cellular infection
enabled it to peak fastest in its effects on epithelial cell populations (Figs. 6 (a) and (b))

and viral states (Figs. 6 (c) and (d)) without triggering a larger immune response than the
Beta variant (Figs. 6 (e) and (f)). Based on our simulation results, it is reasonable to propose
that the Delta variant’s faster infection dynamics were a key determining factor in the Delta
variant becoming the dominant variant in the human population over the D614G, Alpha, and
Beta variants. We would expect that the Omicron variant has even faster infection dynamics
than the Delta variant.

For both the Beta and Delta variant in Fig. 6, the infection is very serious. The number of
healthy lung epithelial cells drops to a fifth of the homeostatic value (Fig. 6 (a)) and the
magnitudes of the innate and adaptive immune responses are at least double the immune
response magnitudes resulting from the D614G and Alpha variants (Figs. 6 (e) and (f)),
increasing the risk for cytokine storm and adaptive autoimmunity complications. As a result,
therapeutic drugs and drug cocktails must be examined to make the infection dynamics less
severe.

Rationale and Development of Drug Pharmacokinetics and

Pharmacodynamics Models

Based on the platform of our virus-host interaction model validated above, we sought to
model the pharmacokinetics and pharmacodynamics of potential drug interventions. The
effects of five drugs on COVID-19 dynamics were examined in the model: an anti-S
monoclonal antibody (anti-S mAb), Molnupiravir (Mol), Paxlovid (Pax), Dexamethasone
(Dex), and Tocilizumab (Toc). The anti-S mAb dosing and kinetics are based on the
REGEN-COQV casirivimab/imdevimab cocktail, but a specific mAb or mAb cocktail can be
substituted in response to whichever mAb or mAb cocktail is effective against the suspected
or dominant variant at the time of infection. To classify the drugs, we will refer to anti-S
mAbs, Mol, and Pax as “antivirals” and Dex and Toc as “immunosuppressants.”

The drugs’ pharmacokinetic models were chosen to have a pulse administration and
first-order decay, which in electronics is equivalent to a parallel 1-R-C circuit (Fig. S-4).
Treatment start times, dose timing, and dose amount were informed by NIH treatment
guidelines and clinical trial procedures (Tables S-111.a and S-111.b). The drugs’ half-lives
and their electrical-equivalent first-order RC time constants are listed in Table S-111.c.

A comparison between the pharmacokinetics of the anti-S mAb (a single dose with
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slow decay) and Pax (frequent doses with fast decay) demonstrated the range of the
pharmacokinetic model’s behaviors (Fig. S-5).

Based on each of the five drugs’ mechanisms of action, we incorporated the drugs’
pharmacodynamics into the COVID-19 circuit model, as presented in Figs. 1 and 3 and
Table I. The anti-S mAb binds extracellular virions (Vpop) and prevents them from infecting
cells. As a nucleoside analogue and a protease inhibitor, respectively, Mol and Pax inhibit
the production of extracellular virions (Vpop) and intracellular viral proteins and molecules
(VPM). As a glucocorticoid, Dex has systemic effects [84], [85] and therefore it was
modeled as broadly inhibiting the activation and positive feedback of the immune response
(11, Al, and adaptive autoimmunity). Toc is an anti-IL-6 receptor mAb and therefore it was
modeled as blocking the inflammatory aspects of the innate immune response (11). The
saturation constant (Kg) for each drug was taken or estimated from literature and is listed in
Table S-1V.

The design choice to construct a simplified 6-state model caused a tradeoff with
pharmacodynamic modeling granularity; the 6-state model may not capture some drugs’
specific mechanism of action (e.g., exact biochemical targets), but the it is much faster to
implement and parametrize. For example, as discussed above, Mol and Pax both inhibit the
production of Vpop and VPM by different mechanisms: the former is a nucleoside analogue
and the latter is a protease inhibitor. However, in our model, their actions were modeled in a
mechanistically identical way.

VII. Single-Drug Treatment Simulations

Before formulating a drug cocktail, it was essential to understand each drug’s effect on the
system as a monotherapy. To best challenge the drugs, we simulated the drugs’ performance
under worst-case scenario conditions, namely severe disease, old age, male sex, and Delta
variant. To determine the suggested time to start the monotherapy treatment courses, we
reviewed NIH treatment guidelines and clinical trial procedures (see Table S-I11.a). For
severe disease, these treatment start times, which we refer to as the “guidance” timings, were
6 to 8 days post-infection (dpi) for anti-S mAb, Mol, and Pax; 10 dpi for Dex; and 12.5 dpi
for Toc.

When following the late guidance timing of 8 dpi (i.e., 5 days post-symptom onset for severe
disease), the anti-S mAb only moderately improved the disease dynamics compared to no
drugs (Figs. 7 (a) and (b)). Free virions (\VVpops) were quickly bound by the anti-S mAb,
causing the other viral states (IC, VPM) to decline, but the healthy cell population (HC) had
already been more than halved by the time of anti-S mAb administration and inflammation
from the innate immune response (I1) was mostly unchanged (Fig. 7 (b)). In contrast, the 6
dpi early guidance timing (i.e., 3 days post-symptom onset for severe disease) for the anti-S
mADb essentially halted disease progression before it could become serious (Fig. 7 (c)).
Before the anti-S mAb could be administered, the healthy cell population only declined by
less than 20% (Fig. 7 (c)). Then, when the anti-S mAb bound the free extracellular virions,
no more healthy cells could be infected while the existing infected cells either died from
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their infection, were cleared by the moderate innate immune response, or recovered after
their intracellular viral proteins and molecules degraded (Fig. 7 (c)).

Similarly, for Pax, the late drug guidance timing (5 days post-symptom onset — i.e., 8 dpi in
severe disease) was not optimal (Fig. 8). While the 8 dpi Pax did reduce the peak viral load
(Fig. 8 (b)), the number of infected cells remained high (Fig. 8 (a)) and the inflammatory
peak of the innate immune response was only slightly reduced (Fig. 8 (c)). In contrast, the
minimum drug guidance timing, with Pax administered 3 days post-symptom onset (i.e., 6
dpi in severe disease), was much more effective (Fig. 8). When administered at 6 dpi, Pax
lowered the viral load, number of infected cells, and innate immunity inflammation to levels
similar to those seen in the anti-S mAb simulation (Figs. 7 (b) and 8). The dynamics of all
six main model states from the Pax simulations are shown in Fig. S-6. The simulation results
for Mol were nearly identical to those for Pax and are available in Fig. S-7. In summary,
starting antiviral drugs (anti-S mAb, Mol, or Pax) as early as guidance allows was essential
for the antivirals’ efficacy.

For the immunosuppressants, Dex and Toc, setting the treatment start time was a trade-off
between the management of inflammation and viral load (Fig. 9). Our model predicted that
if immunosuppressants were given following the drug timing guidance (10 dpi for Dex and
12.5 dpi for Toc), it would be too late for the immunosuppressants to be beneficial because
the inflammation had already peaked (Figs. 9 (b) and (e) — red curves). In the case of

Dex, the primary effect of 10 dpi administration was a weakening of the adaptive immune
response, the decline of which is not desirable (Fig. 9 (c) — red curve). In contrast, if the
immunosuppressants were administered at a slightly earlier time, they successfully reduced
the magnitude (Dex) or duration (Toc) of the peak levels of inflammation, reducing the risk
of cytokine storm or adaptive autoimmunity (Figs. 9 (b) and (e) — green curves). However,
if the immunosuppressants were given too early during the disease, the viral load became
very large (Toc) or uncontrollable (Dex) because the immune response was too weak to
limit the infection (Figs. 9 (a) and (d) — blue curves). More specifically, when the Dex was
given too early (8 dpi), the innate and adaptive immune responses were never strong enough
(until after Dex treatment was over) to remove extracellular virions faster than they could be
produced. In comparison, when Toc was given too early (7.5 dpi), the viral load eventually
came under control during the Toc treatment (Fig. 9 (d) - blue curve) because Toc weakened
only the innate immune response and not the adaptive immune response (Figs. 9 (e) and

(f) — blue curves). The dynamics of all 6 main model states for the simulations shown in
Fig. 9 are given in Figs. S-8 and S-9 for Dex and Toc, respectively. In summary, to find the
optimum start time for immunosuppressive treatments, multiple simulations with different
treatment start times should be performed and compared.

VIll. DRUG COCKTAIL FORMULATION SIMULATIONS

Using the original drug parameters from literature (Tables S-111.b, S-1ll.c, and S-1V), the
five drugs appeared efficacious when modeled as monotherapies. However, the parameters
underlying that success should be approached conservatively, especially the bioavailability
and reported saturation constants (Ky) of the drugs. The bioavailability of a drug at the
site of action may be lower than measured or assumed, which would cause the modeled
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drug concentration to be an overestimate. Also, a drug’s effective saturation constant (Ky)
may be higher /n vivothan values reported from /n vitro experiments. Therefore, prior to
beginning drug cocktail formulation, we assumed that the drugs’ efficacy /n vivo would

be generally poorer than predicted. Thus, we increased the drugs’ saturation constants to
model the drugs’ clinical performance being generally weaker. This decision served two
purposes. One, it makes the simulations of drug effects more conservative and, thereby,
possibly more accurate. Two, it allows us to easily explore the synergistic effects of drug
cocktail designs, which we wouldn’t see as clearly if monotherapies were already sufficient
for clearing infection or reducing inflammation. To select the sub-optimal K4 values used
to weaken the drugs’ effects, we simulated several candidate order-of-magnitude changes in
Kq for each drug and chose the order-of-magnitude change that gave the most intermediate
response during simulated monotherapy treatment (Fig. S-10). The selected sub-optimal, or
“high,” Kgq values were 10% * Kq map, 103 * Kg mol, 103 * Kg pax, 102 * Kg pey, and 5 * 102
* K Toc. The values were used in all subsequent simulations unless noted otherwise.

The first cocktail that we investigated used the 3 antiviral drugs (anti-S mAb, Pax, and
Mol) at their optimized 6 dpi timing. As shown in Fig. 10, each additional drug added

to the cocktail synergistically improved the cocktail’s efficacy. Viral load, infected cells,
and inflammation all decreased while the number of healthy cells increased. The only,
minor, downside was that a treated infection produced less antigen to stimulate adaptive
immunity, meaning that the adaptive immune response became weaker as the antiviral
cocktail improved (Fig. 10 (f)). In reality, this weaker adaptive immune response could be
easily compensated for by vaccinating the host after the infection has cleared [86], [87].

The second cocktail that we simulated used the 2 immunosuppressant drugs, Dex and Toc,
administered at 9 dpi and 10 dpi, respectively. These drugs worked together synergistically,
reducing the peak (Dex) and period (Toc) of innate immunity inflammation (Fig. 11 (a)).
The immunosuppressant cocktail only reduced the peak value of /4 by 14%, but the

time the Il state was above 0.2 n.u. (approximately 50% of the maximum value) fell

by 50%. Therefore, due to the shorter duration and weaker strength of innate immune
response positive feedback, there was a lower risk for triggering cytokine storm or adaptive
autoimmunity. Whereas the antiviral drug cocktail curtailed the innate immune response by
reducing the amount of viral antigen, the immunosuppressant cocktail reduced the innate
immune response by blocking inflammatory cytokine signaling via Toc and transiently
weakening the immune system’s positive feedback loop-gains via Dex (Figs. 11 (a) and
(b)). Again, the weaker adaptive immune response that results from this immunosuppressive
cocktail can be compensated for by vaccinating the individual after the disease course [86],
[87]. The full dynamics of all states for the immunosuppressant cocktail are given in Fig.
S-11.

In Fig. 12, we combined the antiviral and immunosuppressant cocktails into a single,
multifunctional cocktail. The antiviral drug timings were maintained from prior optimization
(6 dpi for anti-S mAb, Mol, and Pax). To control the viral load, the immunosuppressant
cocktail treatment start times were delayed to 10 dpi and 13 dpi for Dex and Toc,
respectively. The model predicted that the use of the antiviral drug cocktail early in the
disease course suppresses viral load such that it was largely unnecessary to administer
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immunosuppressant drugs later in the disease course (Fig. 12 (a)). Nevertheless, Dex and
Toc still served to decrease the peak and period of innate immunity inflammation (Fig. 12
(b)), reducing the risk of triggering a cytokine storm or adaptive autoimmunity. The cost of
using the immunosuppressants was that the adaptive immune response also weakened (Fig.
12 (c)), which, combined with the suppressed innate immune response, allowed for a longer
tail of viral infection (Fig. 12 (a)). The full dynamics of all states for the multifunctional
cocktail are given in Fig. S-12.

IX. Cocktails Against Cytokine Storm and Autoimmunity

Finally, we tested whether either the antiviral or immunosuppressant drug cocktails

could avert cytokine storm and adaptive autoimmunity complications (Fig. 13). For

these simulations, we used the cytokine storm and adaptive autoimmunity complication-
susceptible parameters described previously (Table S-1.d and Fig. S-2). The antiviral
cocktail, despite using the sub-optimal Ky parameters, completely avoided the cytokine
storm (Fig. 13 (c)) and minimized autoimmunity until after the viral load had subsided (Fig.
13 (b) and (d)). As a result, the antiviral cocktail allowed the healthy lung epithelial cell
population to recover fully by 35 dpi (Fig. 13 (a)). In contrast, the immunosuppressant
cocktail with sub-optimal K4 parameters only gave a moderate, transient decrease in
cytokine storm inflammation while making minimal impact on autoimmunity (Figs. 13

(c) and (d)). Consequently, the healthy cell number only recovered to a value of 0.54 n.u.,
almost half of the homeostatic value of 1 n.u., indicating severe lung damage or death

(Fig. 13 (a)). To completely reverse the cytokine storm (Fig. 13 (c)), partially reverse the
autoimmune response (Fig. 13 (d)), and match the healthy lung epithelial cell recovery of
the antiviral cocktail (Fig. 13 (a)), the immunosuppressant cocktail required full-efficacy
(literature Kq) drug performance. Together, these results emphasize the model’s prediction
that treatment with antivirals early in the disease course is more effective than later treatment
with immunosuppressants when trying to avoid cytokine storm or autoimmunity. The full
dynamics of all states for the evaluation of cocktails against cytokine storm and adaptive
autoimmunity complications are given in Fig. S-13.

X. Conclusion

Using SARS-CoV-2 as a concrete example, this study presents an electronic circuit model
of within-host infection kinetics, immune responses, and therapeutic drug interventions,
as monotherapies and combination therapy cocktails. The model fits clinical data across
disease severities and accounts for the effects of age, sex, and viral variant on COVID-19
dynamics. The model additionally emulates cytokine storm, adaptive autoimmunity, and
adaptive immune memory. Several key results were uncovered by running simulations
of our model: First, antiviral drugs should be given early to prevent the generation

of viral load and inflammatory immune responses later in the disease course. Second,
there is a critical tradeoff in the timing of administration of immunosuppressants.
Immunosuppressant treatment given too early in the disease course allows for viral load
to grow uncontrollably while immunosuppressant treatment given too late will miss the
period of peak inflammation, during which immunosuppression is most needed. Third,
combining drugs within and across classes (i.e., antivirals and immunosuppressants) has
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a larger, synergistic effect on the system compared to monotherapies. Fourth, antiviral
drugs administered earlier in the disease course are better for avoiding cytokine storm or
autoimmunity than immunosuppressant drugs administered later in the disease course.

In a SARS-CoV-2 pandemic context, the circuit model is significant because it provides

a way to rapidly and rationally evaluate the timing, dose, and combination of drugs in a
model specific to patient (age, sex) and virus (variant) characteristics. In the future, we
envision the model to be a useful platform applicable to other diseases due to its six-state
simplicity while robustly capturing host-pathogen-drug interactions. Narrowly interpreted,
the model could easily and quickly be applied to future coronavirus or other viral pandemics
with different parameters specific to the disease and virus. More broadly, host-pathogen
interaction models can also be adapted to represent infectious-disease dynamics where the
pathogen is not necessarily viral but could be bacterial or fungal. Most broadly, the model
could be adapted for carcinogenesis modeling and cancer cocktail therapy evaluation: in
the latter case, the model states would be healthy and cancerous tissue, tumor antigens and
circulating cancer cells, and the innate and adaptive immune responses.

For the SARS-CoV-2 circuit model, there are several avenues of further research available.
Fitting clinical data from individual patients would provide insight into the infection-
to-infection variation in COVID-19 dynamics and model parameters. If data fitting in
individual patients is found to be reliable and the ranges of model parameters are well
understood, the model may be able to make personalized drug cocktail formulation
suggestions for patients. Also, the production and consumption or degradation rates of the
states could be analyzed in terms of their energy costs, allowing for the calculation of power
consumption by competing viral and host processes. For example, the transcriptional and
translational energy costs to a host cell to produce one virion could be calculated and drugs
could be selected that preferentially target metabolically stressed cells. Furthermore, the
software-designed-and-run model presented here could be ported to cytomorphic computing
chips [1], [4], [53], [88], [89], [90], [91], [92], allowing for high-speed iterations of drug
cocktail formulations, which could be optimized by machine learning. Such computational
techniques may prove faster than empirical methods at identifying promising drug cocktails
for clinical applications. Finally, any of these avenues of further research may identify model
parameters that SARS-CoV-2 is highly sensitive to, which can be used to propose new
targets for drug discovery efforts.

Using only 6 main states made parametrizing the COVID-19 circuit model tractable, but
also gave rise to some of its limitations. Generally, lumping innate and adaptive immunity
into just two states made it impossible to capture the responses of different immune cell
types and signaling molecules within those systems. In future work, the immunity states
could be more granular, separating the adaptive immune response into B- and T-cell
populations and separating the innate immune response into phagocytic cell counts and
cytokine/chemokine production. A more specific limitation of using a simplified model was
that drugs’ mechanisms of action become oversimplified. For example, Toc is a mAb that
targets the IL-6 receptor, but many other cytokines exist and likely contribute to cytokine
storms [93]. Yet, the model groups all of these cytokines, and Toc’s effect on them, into

a single innate immunity state variable. This loss of drug mechanism and target specificity
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may have also contributed to the model’s failure to differentiate the performance of Mol and
Pax; in reality, Pax has outperformed Mol in clinical trials [25], [26]. It is also possible that
the modeled Mol-Pax similarity arose from bioavailability or saturation constant parameters
being incompletely examined in the literature or from the absence of viral variant effects

on drug efficacies in the model. In future models of drug effects, the drug targets could be
modeled with greater mechanistic detail before being connected back into the rest of the
biological system.

In conclusion, we have developed a circuit model of virus-host-drug interactions in
COVID-19 that fits clinical data and accounts for key host (age, sex, immunological
memory), virus (variant), and disease (severity, complications) features. The model allows us
to make predictions about which drug regimens and combinations can best combat infection
and reduce the risk of complications.

Circuit models, which are quantitative yet visually tractable, are a useful tool to gain insight

into biological systems and are an enabling tool for drug-cocktail formulation and design.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.
Flow diagram of the essential interactions between virus, host, and drugs in the circuit

model. Positive, upregulating interactions are shown by green lines with activation arrows.
Negative, downregulating interactions are shown by red lines with repression symbols
except for drugs, which are differentiated by purple lines and repression symbols. The

gray numbers marking the interactions correspond to the numbered descriptions of the
interactions in the preceding text. Healthy lung epithelial cell number (HC); infected lung
epithelial cell number (IC); extracellular viral population virion number (Vpop); intracellular
viral protein and molecule number (VPM); the strength of the innate immune response (11);
and the strength of the adaptive immune response (Al).
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Non-linear Hill
coefficient current
sources make the
activating state’s
effect less gradual
around V;, , = Ky .

Constant voltage
sources fix the state
to a constant value.

Non-linear voltage
sources set the main
state (V) to a value
on [0,1] based on the
saturation of the
input state (V).

Binding blocks
determine how much
of the total input
(Vin) is free (Vou)
after binding with
two other species
Vi, V2).

RC filters create an
output state that has
gain (multiplication
of magnitude) and
phase (time shift)
differences from the
input.

Key conversions between electronic circuit components and mathematical equations. The
state variables are represented by voltages, denoted V, and the rate-of-change variables are
represented by currents, denoted |. Saturation constants are denoted K4 and cooperativity
constants are denoted h.
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Fig. 3.

Electronic circuit schematics of COVID-19. The circuits represent (a) viral replication and
infection of lung epithelial cells, (b) the innate immune response, and (c) the adaptive
immune response. The states were named V¢ for heathy lung epithelial cell number,

V)¢ for infected lung epithelial cell number, V\/pop for extracellular viral population virion
number, Vypp for intracellular viral protein and molecule number, V), for the strength of the
innate immune response, V a for the strength of the adaptive immune response, and Vana,
for the strength of the adaptive autoimmune response. Wires with the same voltage label

are assumed to be connected (i.e., have the same voltage). The wire styles differentiate total
(solid lines) and free (dashed lines) variables.
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Fig. 4.

Dynamics of the COVID-19 circuit model and fits to clinical data for mild and severe
disease. (a) The dynamics of the six main model states in a simulation of mild disease. (b)
The adaptive immune response strength, Al, from the model agrees with the dynamics of
the normalized median level of anti-S IgM antibodies from clinical data for mild disease
[63]. (c) The extracellular viral load, VVpop, from the model agrees with the dynamics

of normalized clinical PCR measurements from clinical data in mild disease [64]. (d)-(f)
The corresponding model dynamics and clinical data fits for severe disease. The only
parameters that differ between the mild and severe disease simulations are the immune
response activation Ky values, given in Table S-1.c. The data point size is proportional to the
number of samples at that time point. The sample size ranges from 1 to 10 for PCR data and
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from 1 to 8 for IgM data. See Method S-B for more information about the fitted data. The
fitted data is available in the Supplementary Data.
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The effects of age and sex on COVID-19 dynamics. Combinations of age and sex affect
all states of the COVID-19 circuit model: (a) healthy lung epithelial cell number (HC),
(b) infected lung epithelial cell number (IC), (c) extracellular virion number (Vpop), (d)
intracellular viral protein and molecule number (VPM), (e) innate immunity response
strength (1), and (f) adaptive immunity response strength (Al). The “Default Severe
Disease” curves are identical to the severe disease curves presented in Figs. 4 (d) and (e).

Severe disease is assumed for all age and sex combinations.

IEEE Trans Mol Biol Multiscale Commun. Author manuscript; available in PMC 2023 June 30.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Beahm et al.

~ 08}
=] I
206

—

o 04

0.2
0

—

= 0.8
£06}
S04t
Lo2t

0 7 14 21 28

R

0 7 14 21 28

DA

Page 28
—D614G — Alpha Beta Delta
1
’;: 0.8
£06}
E 0.4}
> 0.2
0 L2\
35 0 7 14 21 28 35
Time (d post-infection) Time (d post-infection)
(@) (d)
1 . .
08
306}
S04
T 02t f gg >§
0
35 0 7 14 21 28 35
Time (d post-infection) Time (d pczs';—infection)
e
1
~08}
g 0.6}
— 04 -
< 02! /
0 " L
35 0 7 14 21 28 35

0 7 14 21 28
Time (d post-infection)

()

Fig. 6.

Time (d post-infection)

(f)

The effect of SARS-CoV-2 variants on COVID-19 dynamics. Viral variant type affects

all states of the COVID-19 circuit model: (a) healthy lung epithelial cell number (HC),

(b) infected lung epithelial cell number (IC), (c) extracellular virion number (Vpop), (d)
intracellular viral protein and molecule number (VPM), (e) innate immunity response
strength (1), and (f) adaptive immunity response strength (Al). The D614G curves are
identical to the old male curves in Fig. 5 and an old male with severe disease is assumed for

all viral variant simulations.
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Fig. 7.

Ar?ti—S mADb treatment start time optimization via circuit model simulations. Compared

to the undrugged simulation (a) and the later 8 dpi treatment in (b), the anti-S mAb
monotherapy given at 6 dpi (b) was most effective, causing IC, Vpop, and VPM to rapidly
go to zero while preserving 80% of the healthy cell population. For ease of comparison, the
drugged simulations in (b) and (c) are overlayed on top of the undrugged simulation from
(a), represented by gray lines. The simulations assumed severe disease, old age, male sex,
and Delta variant.
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Fig. 8.
Pax treatment start time optimization via circuit model simulations. The latest guidance-

given start time of 8 days post-infection (dpi), equivalent to 5 days post-symptom onset

in severe disease, reduced the viral load (b), but failed to make significant changes to the
number of infected cells (a) or the level of inflammation (c). Administering Pax at the earlier
6 dpi start time reduced all three states: 1C, Vpop, and Il. The simulations assume severe
disease, old age, male sex, and Delta variant.
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Dex and Toc monotherapy start time optimization via circuit model simulations. The Vpop
(a, d), /% (b, e), and Al (c, f) state dynamics for three different treatment start times for Dex
(a)-(c) and Toc (d)-(f) monotherapies suggest that there is an optimal intermediate start time
for immunosuppressants that balances viral load management and inflammation reduction.
(a) In the worst case, viral load became uncontrollable if Dex was started at 8 dpi because
the immunosuppressant was given before the innate and adaptive immune responses were
strong enough to stabilize the viral load. In panels in which it cannot be seen, the black line
is behind the red line. The simulations assumed severe disease, old age, male sex, and Delta

variant.
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Fig. 10.

Model-predicted effects of synergistic antiviral drug cocktails on COVID-19 dynamics. To
examine the effect of each component of the antiviral drug cocktail, simulations were run
by adding one drug to the cocktail at a time and comparing the resulting changes to state
dynamics. The wavy features in some of the plots arise from the frequent dosing and short
half-lives of Pax and Mol. All three drugs’ start times were 6 dpi. The simulations assumed
severe disease, old age, male sex, Delta variant, and high drug Ky values.
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Fig. 11.
Model-predicted effects of a synergistic immunosuppressant drug cocktail on COVID-19

dynamics. Dex reduced the peak innate immunity inflammation value (a) at the cost of
weakening the adaptive immune response (b). The addition of Toc caused the inflammation
to recede from its peak value more quickly (a) without further worsening the adaptive
immune response (b). Dex treatment is started at 9 dpi and Toc treatment is started at 10 dpi.
The simulations assumed severe disease, old age, male sex, Delta variant, and high drug Kq4
values.
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Fig. 12.
Model-predicted effects of a synergistic multi-class drug cocktail on COVID-19 dynamics.

The antiviral (AV) cocktail greatly reduced the viral load (a), causing a decrease in innate (b)
and adaptive (c) immune responses. Adding the immunosuppressant (1S) cocktail to create

a multi-class cocktail further reduced the peak level of inflammation and the period of high
inflammation (b) at the cost of a longer tail of viral load (a) and a weaker adaptive immune
response (c). All three antiviral drugs were started at 6 dpi. Dex treatment was started at 10
dpi and Toc treatment was started at 13 dpi. The simulations assumed severe disease, old
age, male sex, Delta variant, and high drug Ky values.
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Antiviral (AV) and immunosuppressant (IS) drug cocktail evaluation for the prevention or
correction of cytokine storm and adaptive autoimmunity. The “High Ky” cocktails were
simulated with sub-optimal drug performance (Fig. S-10), while the “Lit. K4” cocktail
was simulated with literature-value drug performance (Table S-1V). All three drugs in

the antiviral cocktail were started at 6 dpi. For both immunosuppressant simulations, Dex
treatment was started at 9 dpi and Toc treatment was started at 10 dpi. The simulations
assumed severe disease, old age, male sex, and Delta variant.
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