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1 Introduction

1.1 Global Burden, Scope, and Effect of HIV/AIDS

Presently around 37 million people around the globe live with Human Immunode-
ficiency Virus (HIV), making the disease one of the world’s most significant public
health challenges [1]. The vast majority of patients live in low- to middle- income
countries. HIV-positive patients living in sub-Saharan Africa account for nearly 70%
of the global disease burden [2]. If left untreated, HIV eventually leads to Acquired
Immunodeficiency Syndrome or AIDS. The virus attacks the body’s immune system,
specifically the CD4+ T-cells, causing the patient to become gradually more and
more susceptible to opportunistic infections and cancer [3]. Unlike some other viral

diseases, once infected, HIV cannot be cured. Approximately 1.5 million will die from

HIV-related illnesses each year [1].
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Figure 1: The different stages of HIV progression
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HIV infection can be clinically characterized by three major stages as seen in
Fig. 1: (1) acute infection, (2) clinical latency or chronic infection, and (3) Acquired

Immunodeficiency Syndrome or AIDS. When a person is exposed to viral particles
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1.2 Recent Advances in HIV Therapeutics 2

found in the bodily fluids of an infected person, initial infection is a probabilistic
event. If infected, within 2-4 weeks, many, but not all people will develop flu-like
symptoms. During the acute infection phase, vast amounts of virus are produced
in the body. Afterwards, during the latent or chronic infection phase, symptoms
become mild to non-existent as HIV continues to actively produce viruses. Finally,
if left unchecked, HIV will lead to the deterioration of one’s immune system to the
point of AIDS, which is defined as when the CD4 cell count falls below 200 cells/mm?
of blood [3].

1.2 Recent Advances in HIV Therapeutics
1.2.1 Antiretroviral Drugs & Patient Adherence

Although there is not yet a cure for HIV, many antiretroviral therapies (ART) are
now available which suppress viral replication. Beginning with the first FDA-approved
antiretroviral drug, AZT in 1987, now there are more than 30 different ART drugs
available [4]. This has greatly improving disease prognosis for HIV patients. How-
ever, despite these scientific breakthroughs, long-term adherence to treatment regimen
remains a serious problem. Currently, most HIV therapies involve daily administra-
tions of the prescribed drug once or twice per day. Thus, one missed dose may lead
to rapid fluctuations and differences in drug concentrations as it is absorbed and
cleared from a patient’s system. This rigorous schedule requires careful monitoring
over the longterm. For some patients, adherence is difficult due to physical, social, or
geographical constraints, particularly in resource-poor settings. Others find adhering
difficult due to experiencing adverse side-effects such as nausea or diarrhea [5]. As a
result, these patients face the prospect of poor treatment outcomes and an increased

risk of drug-resistant viral strains.
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1.3 Mathematical Approach 3

1.2.2 Advent of Extended-Release Therapeutics

Fortunately, recent technological advances have made possible a new class of extended-
release HIV therapeutics, which may only need to be taken on a weekly or monthly
basis. In particular, these include long half-life injectable drug nanosuspensions, small
subdermal implants that can be inserted under the skin, as well as gastric extended-
release devices [6,7,8,9]. Researchers hope these new breakthroughs will allow for
steadier overall drug concentrations in a patient’s system and will in turn require less
care and improve adherence given the lower frequency of dosing. Nevertheless, they
also come with associated potential risks including the difficulty of removing the drug
in the event of an adverse reaction or the potential selection for drug resistance if

patients do not adhere, resulting in long periods of drug decay.

1.3 Mathematical Approach
1.3.1 History of Using Math Models to Understand HIV

Historically, mathematical models have been used for quite some time to better un-
derstand the dynamics of a range of infectious diseases including HIV, HBV, and HCV
[10, 11]. These ground-breaking models have helped us deepen our mechanistic un-
derstanding of processes ranging from how viral latency is maintained to interactions
between HIV and elements of our immune system such as macrophages, cytotoxic T
lymphocytes, and CD4+ T-cells [12, 13]. It is now considered a powerful established

tool to help us make sense of and predict HIV treatment outcomes.

1.3.2 Project Objectives

The purpose of this project is to mathematically model and predict the effects of new
extended-release drugs with longer half-lives on viral dynamics and patient prognosis.

The goal of this project is three-fold: (1) Simulate the extended-release viral dynamics
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and corresponding patient viral load using a system of ordinary differential equations
in response to varying drug pharmacokinetic parameters such as drug half-life and
dosing patterns. (2) Incorporate a stochastic element to the deterministic model
to allow for appearance of multiple resistant strains with multiple mutations (3)
Compare and contrast how outcomes for these novel slow-release versions of commonly
prescribed ART for adults differ from current daily regimens. Through this, we want
to examine how extended-release drugs affect the chances of treatment failure and
appearance of drug resistant strains. One of the main reasons for the development
of these extended-release therapeutics is the hope of improved patient adherence.
However, one potential drawback is that while the extended formulations have longer
half-lives and decrease the frequency of dosing, it may maintain drug concentrations
at suboptimal levels near the end of a dosing interval for a longer period of time with
unknown consequences. We seek to find an optimal extended-release dosing pattern
and explore the tradeoff between adherence and C,,,., the highest drug concentration
available in the blood for extended release drugs. We hope that the results from the
simulations will help inform and guide researchers on how to best design these new

therapeutics.

2 The Basic Deterministic Viral Dynamics Model

2.1 Model Formulation

To model HIV infection, we begin with a basic deterministic viral dynamics model
(Fig. 2). We are interested in the interaction dynamics in the patient or host body of
three key populations: the uninfected target cells x, the free viral particles v, and the
infected CD4+ T-cells y. Healthy cells x are produced at a constant rate A, die at
rate d, and are infected at a rate proportional to the viral load v and the infectivity

constant 3. Infected cells produce viruses at rate k, the burst size of free viruses
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2.2 Equilibrium Analysis & Biological Intuition of Ry 5
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Figure 2: Schema of the basic deterministic model of viral dynamics

released from infected cells, and viruses are cleared from the system at rate u. These

interactions give us the following system of ordinary differential equations [10]:

— = A—dx — Pxv
d
d—i{zﬁxv—ay (1)
d
d—::ky—uv

2.2 Equilibrium Analysis & Biological Intuition of R

This system of nonlinear ODEs has two equilibrium points, which can be solved by

. . _ d
setting the equations to 0 = ¢

with:

=4 fl—f. We find that either the infection dies out

t

rx = \/d,
yx =0, (2)
vk =0
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2.3 Linking of Drug Pharmacodynamics to Viral Dynamics 6

Or the viruses grow and establish an infection:

ox =

= o

A du

= — — — 3
TS (3)
*_)\k:_d
U_au 15}

Whether the initial viral population is able to take hold during primary infection
and proceed to the acute phase depends on the intrinsic rate parameters of the three
populations. Standard stability analysis shows that there is only one stable equilibria.
An important quantity called the reproductive ratio, Ry, can be used a heuristic to
determine which of the two equilibria the system will converge towards. Ry is defined
as the number of newly infected cells that will arise from each infected cell in a large
population of uninfected cells [10]. It can be calculated by multiplying together the
following terms: the amount of viruses produced per infected cell per time, average
lifetime of each infected cell, the infected cells produced per virion per uninfected

cell per time, the number of total uninfected cells, and the average time before virion

is cleared. This is equal to Ry = k x (1/a) * f * x % (1/u). Since we assumed a
large population of uninfected cells, x &~ A/d. Substituting it in, we get: Ry = %.

Ry > 1 is equivalent to the stability requirement for the infected equilibria. Thus,
when Ry > 1, the infection will take hold and population values will converge towards
Eq. (3), since heuristically it means on average an infected cell will produce more
than one of itself, while if Ry < 1, the infection will die out and the population values

will decrease towards Eq. (2).

2.3 Linking of Drug Pharmacodynamics to Viral Dynamics

At a biological level, HIV drugs work by inhibiting the capacity of HIV to infect new

cells. In order to account for the effect of different HIV drugs on viral dynamics,
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2.3 Linking of Drug Pharmacodynamics to Viral Dynamics 7

we need to connect a drug’s dosing schedule and pharmacodynamic parameters, or
dose-dependent effect to the basic model. We do this by modifying the parameter, 3,
which is a measure of infectivity of free viruses. We will define the new [ parameter
as a function of f,, the fraction of viruses uninhibited by a particular drug. f, is in

turn a function of the dosage of the drug being administered over time. We can set:

ﬁnew = fu * 6 (4)

Using the Median effect model which is based on the law of mass action, f,
will vary temporally depending on dosage according to a dose-response curve fre-
quently used in pharmacodynamics (Fig. 3) [14]. Empirical measurements of f,, for
ART and many other drugs, show that f, can be modeled as the following sigmoidal
dose-response curve that includes the following terms: the half maximal inhibitory
concentration, IC5y, a measure of how much drug is needed to cause 50% inhibition,

the slope m as shown in Fig. 3, and the time-dependent drug concentration, D [15]:

1

MO = T ®)
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Figure 3: Dose-response curve with varying slope, m. This demonstrates the variation
in steepness of the dose-response curve depending on the value of m
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2.4 Quantifying Drug’s Inhibitory Potential Through IIP 8

2.4 Quantifying Drug’s Inhibitory Potential Through ITP

We further introduce the concept of instantaneous inhibitory potential (IIP) as a
more accurate measure of a drug’s antiviral strength and ability. Compared to other
measure of inhibitory potential such as the inhibitory quotient or 1C5, IIP takes into

account the slope of the dose-response curve [14]. It is defined as:

1p - 1og(fi) (6)

Since f, depends on the drug dosage over time, the average instantaneous in-
hibitory potential (I1P,,,) of a drug will vary over the dosing interval as well, from
0 to 7 as a drug decays exponentially due to normal body metabolism. Thus we can
calculate the I1P,,, over the dosing interval 7 by substituting eqn. (5) into eqn. (6)

—in(2)

and setting D = C)qpe /2

—In(2)

1 (7 Craze V2,
[IPaUg:;/O [1+(T50) ] (7)

where C),,; is the maximal serum concentration deliverable to a patient under regular
dosing, ty/; is the drug half-life, and in(2)/t,/, is the rate constant for exponential
decay of the drug over time.

We next calculated the /1F,,, of a comprehensive list of the most common ART
drugs prescribed to HIV patients [16]. The results were sorted into 4 drug classes
based on similar mechanisms of action as shown in Fig. 4. They include nucleoside
reverse transcriptase inhibitors (NRTI), nucleotide reverse transcriptase inhibitors
(NNRTI) both of which work through inhibiting the HIV reverse transcriptase en-
zyme, protease inhibitors (PI) which selectively bind to viral proteases to block cleav-
age of important protein precursors necessary for production of viruses, integrase
inhibitors (II) which block the insertion of the viral genome into the host cell, and

fusion inhibitors (FI) which interfere with binding of an HIV virion to target cells.
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2.5 Simulating the Deterministic System 9

lIP Values by Drug Class: NRTI, NNRTI, PI, Il, FI
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Figure 4: Comparison of IIP values based on drug class

From Fig. 4, we see an apparent drug class-based difference in IIP value ranges.
Slope values are class-specific for antiviral drugs. For example, NRTI and II have
slopes of 1, a common characteristic of noncooperative inhibitors, while NNRTIT and
PT have slopes of > 1 [16]. Thus slopes and corresponding IIP values define intrinsic
limitations in antiviral activity for some classes. For instance, the average I1P value
for a drug in the PI class is significantly larger than that in the NRTI class. It has
been found experimentally that only drugs with slopes > 1 will achieve high-level

inhibition of single-round infectivity [16].

2.5 Simulating the Deterministic System

To numerically simulate the system of ODEs found in eqn. (1) in response to expo-
nential drug dosing, we first connect the drug dosing model to the system of ODEs by
modifying the § parameter as described in Section 2.3. To simulate missed doses, we

drew a random number from a Binomial distribution at the beginning of each poten-
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2.5 Simulating the Deterministic System 10

tial dose. If a dose is not followed, drug concentrations will continue to exponentially
decay. We assumed at the start of simulation, the drugs are administered for the first
time to treatment naive patients who are in the chronic infection stage. Thus the
three populations, which the ODEs track, begin from steady state initial conditions
defined earlier in eqn. (3).

We chose to simulate two drugs with /1F,,, values on opposite ends of the spec-
trum to act as a standard for comparison and verify that our model makes biolog-
ical sense. The two drugs are Stavudine (d4T), a NRTI and Darunavir/Ritonavir
(DRV/r), a PL.

Following a regular exponential dosing schedule with two daily doses per day
which we can see in Fig. 5 and 6, when a dose was missed, the drug concentration
continues to decay until the next dose taken. Since we chose two drugs with drasti-
cally different IIP values to simulate, the two drugs also show a dramatic difference
in f, values. While DRV/r had f, values close to 0, suggesting that it is potent
enough to inhibit nearly all infected cells when given at full dose, d4T had at best
fu values of approximately 0.7 which approached 1 during periods of missed doses.
This correspondingly affected the viral dynamics. While we see a smooth curve which
resembles exponential decay towards 0 in the concentration of infected cells and free
viruses for DRV /r, we see a less steep decline in the case of d4T. It is interesting to
note that in case of d4T viral dynamics, we see a ribbed pattern of decline which
correlates with the time of dosing. This can likely be attributed to the small ITP
associated with d4T, suggesting of its relatively poor antiviral function and resulting
sensitivity to drug concentration variations. This means that even small decreases
over the course of a single dose will result in corresponding fluctuations in virus and

infected cell concentrations.
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Figure 5: DRV /r: Drug concentration, f,, and viral dynamics as a function of time,
x = uninfected cells, y = infected cells, v = free viruses, adherence = 0.5,a = 0.5,d =
0.01,u = 20,k = 10°, A = 10, 8 = 107%, ¢;» = 15 hrs, IC5 = 0.0265 pMol,
Craz = 14.8, m = 3.55

3 Two Competing Viral Strains Model

3.1 Model Formulation

Since we are ultimately interested in comparing the long term effects of extended-

release HIV therapeutics on the chances of drug resistance with that of regular release
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Figure 6: d4T: Drug concentration, f,, and viral dynamics as a function of time, x
= uninfected cells, y = infected cells, v = free viruses, adherence = 0.5,a = 0.5,d =
0.01,u = 20,k = 10°, A = 10, = 1075, t15 = 3.5 hrs, IC5 = 0.5524 pMol,
Croaw = 2.3, m = 1.1263

formulations, we next extended our basic deterministic model to account for two
competing strains, a wildtype strain and a mutant strain with nucleotide mutations
in its genome that confer it greater fitness under certain conditions.

As can be seen in the schematic in Fig. 7, similar to before, uninfected cells z are

produced at constant rate A and die at rate d. However, there are now two distinct

MODELING VIRAL DYNAMICS IN RESPONSE TO EXTENDED-RELEASE DRUGS Shirley Mo



3.1 Model Formulation 13
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Figure 7: Viral dynamics of two competing viral strains

populations of infected cells, y and ¥, which are produced at rate proportional to
B and B, respectively, and die at rate a (based on the simplifying assumption that
the two strains have comparable death rates). Both strains are assumed to have
approximately the same burst sizes k of new viruses, and free viruses die with similar
death rates u. However, since the two strains will have different fitnesses, we assume
that they have correspondingly distinct infectivity rates, 8 and (,,. Finally, to allow
for creation of mutant virus from a population that is fully wildtype, we now have
the extra parameter e, defined as the probability of mutation during the reverse
transcription stage as the free HIV virus integrates itself into a susceptible host cell’s
genome. Thus, a freshly infected wildtype cell has an € chance of becoming a mutant
infected cell at any time point.

The interactions between our 5 different populations of interest can be defined

through the augmented system of ODEs below:
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3.2 Two Strain Dynamics and Equilibria 14

d
d—f =\ —dx — B,,xv,, — Bxv,
d
= B(1 - Jav — ay,
d
= =ky—u, (8)
W Berv + Bz -
e ETV mTUm — Qs
dvy,
—;}t = kYm — uvp,

3.2 Two Strain Dynamics and Equilibria

In the presence of no drugs, the system in eqn. (8) now has three equilibria depending
on the relative Ry values of the two strains. If both Ry wr, Roymr < 1, then both
strains will die out. If Rywr > 1 and Rowr > Romr, then eventually the wild-
type strain will dominate, with the mutant strain present at very low levels, while if
Royvr > 1 and Ry yr > Rowr, only the mutant strain will survive.

In the hostile environment of the human body, different viral strains must compete
for limited resources, specifically new susceptible cells to infect. In general, wildtype
viral strains have the greatest fitness in drug-free environments and will be found in
the greatest numbers. On the other hand, the resistant mutant strain will have a
fitness advantage multiplier p affecting the IC5y, which comes into play only in the
presence of a drug. However, this also comes at a cost factor s reducing its fitness
under normal drug-free circumstances. The mutation may also reduce the slope of
the dose-response curve by some fraction o. This is illustrated in Fig. 8 for the
drug Tenofovir Alafenamide (TAF). Thus, according to empirical observations, we
can define the percent of mutant viruses not inhibited by the drug, f,. as [15]:

1—s

fu,m - D \m (9)
1+ (pIC'50) (14+0)

where 0 < s <1, p>1,and o <0.
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3.2 Two Strain Dynamics and Equilibria 15

And analogously, we rename the wildtype reproductive ratio in the presence of no

drug, Ry = Ryy. We can define the reproductive ratios as a function of the dosing, D

as [15]:
Roo
Ry = —F— 10
T+ (G2 (10)
Roo(l — S)
Rom = 11
1+ (p[gso)m(1+0) ( )

—WT
M184V
K65R

Viral fitness (Ro)

0 1 1 1
1078 1072 107! 10° 10" 102
Drug concentration (nMol)

Figure 8: Fitness of wildtype and mutant viral strains as a function of drug concen-
tration for Tenofovir Alafenamide (TAF)

From this, we can infer that the relative proportions of wildtype to mutant viruses

and infected cells will depend on the drug dosing concentration at a particular time.
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3.3 Simulation Algorithm: Accounting for Stochastic Appearance of Mutants 16

3.3 Simulation Algorithm: Accounting for Stochastic Ap-

pearance of Mutants

While deterministic systems are a good method for understanding overall dynamics of
the system, it does not account for the probabilistic appearance of rare mutations in
the population. In order to assess the chance of treatment failure due to resistance for
regular versus extended-release drugs, we must account for the stochastic appearance
of resistant viruses as wildtype viruses reproduce. To do this, we remove the € terms
from our ODE system in eqn. (8) and replace the deterministic addition of resistant
mutants with a stochastic value obtained from sampling from a Poisson distribution
with rate parameter, = Ynewins * €, Where Ypewins = number of newly infected
wildtype cells after one day. We chose the Poisson distribution since there are a large
number of newly infected cells which may mutate with some small probability €, each
of which is approximately independent of each other. A binomial distribution with
large n and small p is roughly Poisson [17].

In this current system, when Ryowr < 1, wildtype viruses will go to zero and
eventually the whole infection will become extinct and cured. However, in reality, the
constant reactivation of HIV-infected CD4 T-cells from the latent reservoir, which is
largely unaffected by ART prevent this from happening [18]. To account for this, we
add a positive constant rate term, ¢, to % in eqn. (8). This represents the continual
influx of newly active HIV infected cells into the system. We set ¢ = ua/k so that
even when 8 = 0, there will be a viral load of approximately one copy per ml.

Ultimately, we need the continual stochastic appearance of mutant infected cells
from wildtype infected ones. To achieve this, we allow for entering and exiting from
the numerical ODE solver in MATLAB after At = 1 day to sample for the number of
newly infected mutant cells. At the end of each day of the simulated drug dosing trial

for one patient, the number of newly infected wildtype cells in a patient is calculated
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3.3 Simulation Algorithm: Accounting for Stochastic Appearance of Mutants 17

as follows:

ynewinf = y(tem't) - y(tenter) + Ydied — latent (12)

This value is then used to sample from the Poisson distribution for the number of
new mutant infected cells.
We choose initial conditions for the simulation to be the approximate steady state

in treatment naive HIV patients with wildtype and resistant viruses and infected cells

at equilibrium concentrations. Thus, we have zy = ,%v Yo = 2— %, vy = % — %, Vom =
Ak dlu _[A dulu : : : :
(% — 5% and Yo =[5 — §]% assuming the mutation involves only a 1-nucleotide

change. If the starting total number of cells or viral particles is less than one, we
draw a Poisson random number for the probability of its appearance.

We display in Fig. 8 a simulated trial for one patient treated with an exponen-
tial regular-release dosing schedule for the drug, FTC. We can see the stochastic

appearance of the mutant virus around ¢ = 11 days.
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Figure 9: d4T Exponential Regular-Release: V = free viruses, adherence = 0.1,a =
0.5,d =0.01,u =20,k = 10°, A =10, 8 = 107, ¢;2 = 3.5 hrs, IC5y = 0.5524 pMol,
Craz = 2.3, m = 1.1263

4 Multiple Competing Viral Strains with Multi-

mutations

4.1 Model Formulation

Since there are often many mutations which confer some fitness advantage compared
to the wildtype strain for a certain drug, we next generalize the earlier two strain
deterministic model to account for multiple mutant strains with the possibility of
multiple accumulated nucleotide change mutations. Keeping the same simplifying
assumptions that were made in assigning parameters previously, we see that each

additional mutant viral strain adds a unique infectivity parameter, 3,,; and mutation
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parameters, ey, for changing from wildtype to strain 7. All other parameter values
are assumed to be approximately identical. The wildtype virus infectivity parameter
decreases from (1 — €) in the two strain case to §(1 — Xe;;) in the multistrain case

to account for all the mutant strains as shown in Fig. 10.

k
ol
Free WT virus (v) Infected WT cells (y)
d Q o 5(1—Z€ij)®_y,

Uninfected cells (x)

v/ on@ oiu@

Inf MT1 virus Inf MT1 cells  Inf MT2 virus Inf MT2 cells  Inf MT3 virus [nf MT3 cells
(/Uml) (yml) (UmZ) (ym2) ('Um3) (ymg)

Ll el Lo

Figure 10: Multistrain HIV model schema

In addition to wildtype-to-mutant mutations, not shown in the schema above is the
possibility for a mutant strain to accumulate more than a single nucleotide mutation
and change from one mutant strain to another. To capture the numerous possible
transitions from one strain to another, we can define a transition matrix P which
tracks all such changes with a probability 0 < €;; < 1 in each entry where ¢ denotes the
starting strain and j denotes the end strain. The leftmost vertical column represent
the starting strain and the topmost horizontal column represent the end strain. If
there are a total of n mutant strains, the size of P is (n+ 1) x (n+ 1). Each row of
the matrix will always sum to 1. We see in the simple example case of three mutant

strains with two 1-nucleotide mutant strains at different genetic loci, MT1 and MT?2
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and one two-nucleotide mutant strain, DM1 (composed of both MT1 and MT2 single
nucleotide mutations) what P would look like below. The first row represents the
mutation probability of a change from wildtype to mutant. All subsequent rows can
be derived from those values. One can see that MT1 can gain a second mutation
to become DM1 with probability ey, while it can not change from MT1 to MT2,
represented with an entry of 0. It is important to note that the lower diagonal matrix
is empty because we assume that the back mutation probability is small enough to
be negligible. The reason for that is the population of ¢ + 1 mutation strains tends
to be much smaller than ¢ mutation strains for some arbitrary ¢ so the contribution

is very small even if back mutations were possible.

wT MT1 MT2 DMl
wT 1—€ — €3 — €169 €1 €9 €1€9
MT1 0 1—¢ 0 €9
P =
MT?2 0 0 l1—€¢ ¢
DM1 0 0 0 1

From this, we can define the system of ODEs for the multimutation, multistrain

model to be:

dx -

p /\—dx—izlﬁixvi,

dy; o

e (P % ¢;)vi|lx — ay;, (13)
dv;
CZ = ky; — uv;,
VO<i<n+1

where n = total number of mutant strains, y; and v; denote the wildtype infected

cells and viruses, respectively, y; and v; denote the mutant infected cells and viruses
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for all 7 > 1, and ¢; = | 1|, the standard basis vector.

0

Equilibrium analysis gives us approximate steady state chronic infection popula-

tion values before the start of treatment of [10]:

au

x*—@,

A du

yl*_a_ﬁa

s Ak d
! au 57 (14>

Yk é—d—u*r

) a 5/€ )

e d
UZ*_@_B*T“
V2<i<n+1

where r; ~ n!(£)" denotes the mutation-selection balance ratio of mutant strain i
with respect to the wildtype, with € = mutation rate, s = fitness cost as defined in

Section 3.2, and n = the number of nucleotide mutations in strain .

4.2 Simulation Algorithm: Incorporating Multiple Strains

with Multiple Mutations

To account for the stochastic appearance of multiple mutants and probabilistic changes
from one mutant strain to another, we augment the hybrid deterministic-stochastic
algorithm from Chapter 3. First, we maintain the same daily entering and exiting
from the numerical ODE solver and calculate wildtype to mutant strain changes in

the same manner as in the two strain model algorithm. For mutant to mutant tran-
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sitions, after each day simulated, we similarly calculate the number of newly infected
mutant cells according to the equation: Ynewinf = Y(tewit) — Y(tenter) + Yaiea Where
Ynewinf 18 @ vector containing all mutant strains. Then, for each starting mutant
strain, we iterate through the corresponding row of the transition matrix to draw
Poisson-distributed values of the number of new ending mutant according to the rate
parameter, 1 = Ynewinf,starting * P (starting strain, ending strain). The final concen-

tration of infected cells for an arbitrary strain x is:

Yz, final = Yz, newinf + Z POiS(yi,newinf * P(Z7 QT))
v starting strain 1
¢ (15)
— Z Pois(Yy newing * P(z,k))

v starting strain x
where the first summation represents the total amount of freshly mutated incoming
strain x infected cells and the second summation represents the total amount of freshly
mutated outgoing infected cells that was originally strain .

The transition matrix P can be calculated by finding the first row which consists
of all possible wildtype to mutant transitions. All subsequent rows can be found
from the first row. The ewr; value for all mutant strains j can be calculated by
looking at the exact change in amino acid residue from wildtype to mutant. Since
each residue has multiple codons, we looks at all possible starting codons and ending
codons. Single nucleotide mutant strains will have mutations requiring only a single
change in nucleotide sequence, while multiple nucleotide mutant strains will have
multiple changes in the nucleotide sequence. For each starting codon to ending codon
transition, the probability of the observed nucleotide change can be found in the
table in Fig. 11. ¢;; can be found by summing all possible starting and ending codon
transitions weighted by the estimated prevalence of the starting codon compared to
all possible starting codons for the amino acid residue. The prevalence parameters

used were: py = 0.2226, pc = 0.1823, p4 = 0.3510, pg = 0.2442 [15].
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To:
Ra U C A G To any
From: [U 1.11E-05] 1.34E-05] 3.60E-06 2.80E-05
C 2.41E-05 6.46E-06/ 1.70E-07 3.08E-05
A 7.93E-07| 5.29E-07 1.11E-05 1.24E-05
G 8.46E-07| 8.46E-07| 5.48E-05 5.65E-05

Figure 11: Mutation probabilities for changing from one nucleotide to another

For the multiple mutations scenario, there are two possible ways for multiple mu-
tations to occur: (1) either a strain can accumulate multiple mutations at different
residues in the genome, (2) a strain can undergo multiple nucleotide changes at the
same residue. In the first case, assuming different positions equate to roughly in-
dependence, we can simply multiply together all respective mutation rates. For the
second case, we can break down multiple nucleotide changes as multiple sequential
mutations at the same residue and multiply together the resulting mutation rates.

It is interesting to note that sometimes single mutations will be observed which
have no obvious fitness benefit compared to wildtype, however the combination of
the single mutation with other mutations will lead to multimutation strains which do
have a fitness advantage. To account for this phenomena, we also tracked all single
mutation strains that have the potential to become viable multimutation strains but

have only wildtype fitness parameters (s =0,p = 1,0 = 0).

4.2.1 Defining Clinical Trial Simulation Outcomes & Suppression Trials

Based on the multimutation, multistrain model described, we implemented it numer-
ically to simulate the infection dynamics within a single treatment-naive patient with
corresponding equilibrium initial conditions. Each patient underwent simulated an-
tiviral drug therapy for a period of 48 weeks. Simulations were performed for clinical

trial cohorts of 100 patients each. At the end of it, we classified the outcomes for
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each patient as follows [15]:

1. Success: defined as < 200 viral copies/ml

2. Failure due to resistance: defined as when mutant viruses constitute more than

20% of the total virus population

3. Failure due to wildtype virus proliferation

4.2.2 Exploring Different Extended-Release Dosing Strategies

To better understand how extended-release HIV regimens effect the risk of drug resis-
tance over time, we designed two different dosing landscapes, which closely resemble
the experimental pharmacokinetics of current extended-release drug formulations:
piecewise linear decay and exponential decay [6,7,8,9]. We examined two possible
dosing frequencies: either weekly (7 days) or monthly (28 days). Missed doses are
calculated according to a binomial distribution with the next dose potentially admin-
istered after a length of time equal to one day. This appears to be more realistic and
representative of patient behavior since a person who misses a monthly single-dose
drug is unlikely to forget for an entire month. During each missed dose, drug concen-
trations continue to decay according to the previous trajectory of the last administered
dose. Each new dose increases the plasma drug levels by AC = C,,00 — Chnin Where
Cinin 1s the lowest drug concentrations observed while following complete adherence

to an exponential regular-release regimen.

4.2.3 Slower Exponential Decay (First-Order Elimination)

In the simplest case, we maintain the same overall shape of the dosing curve for
extended-release as for regular-release decay. This sort of pharmacokinetic dosing
is approximately similar to that experimentally seen for injectable nanosuspensions

either administered subcutaneously or intramuscularly [7, 8].
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Figure 12: Extended-Release exponential dosing as a function of time

Since we seek to separate the effects of an extended-release dosing schedule on
patient outcomes from that of a typical regular-release daily dosing schedule for the
sake of comparison, we design a dosing pattern with parameters that keep the same
average drug concentration of the regular release version. For an exponential land-
scape, this equates to keeping the C,,,, the same, while proportionally increasing the
half-life, ¢, 5 by the fold decrease in dosing frequency. For example, if the daily dosing
half-life is k, then the half-life for weekly dosing is 7 * k and analogously, the half-life
for monthly dosing is 28 x k. From this, we have the following dosing equation for a

single dose beginning at t = 0:

—In(2)

D(t) — Cmax * €t1/2*d05in9f'requency *t (16>

4.2.4 Piecewise Linear Decay (Zero-Order Elimination)

Next we look at a more ideal case where the extended-release technology will maintain
a constant level of drug in the body before extended-release exponential decay near
the end of the dosing period. This sort of dosing pattern is seen experimentally with

subdermal implants as well as gastric release devices [6,9].
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Figure 13: Extended-release linear dosing as a function of time

Again, we calculate the parameter values that allow for the same average drug
concentrations as the regular-release version. From this, we have the following dosing

equation for a single dose beginning at t = 0, D(t) =:

Cmam 0 S t S corner

—In(2)
ty jg*dosing prequency

*(t—corner)

Cmaa: * e t Z corner

where the corner is calculated as the value in the piecewise function which would
maintain the same average drug concentrations as regular release. Furthermore, we
noticed that in order to maintain the same average as regular-release, the C),,, must
be lower than that of the exponential dosing pattern. Thus, we define a new variable
h which is equal to the percentage of the original C,, ., value. It can be calculated that
Cavg/Cmaz < h < 1. When h = 1, the dosing curve becomes perfectly exponential
while when h approaches its lower bound, the curve’s C,,,, decreases while the length

of the horizontal leg of the piecewise function increases in length to its upper bound.
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5 Results & Discussion

5.1 Examining Drugs of Interest

We chose a total of four drug candidates, one from each drug class to investigate
further: Rilpivirine (RPV) a NNRTI, Tenofovir Alafenamide (TAF) a NRTI, Dolute-
gravir (DTG) a II, and Atazanavir (ATV/r) a P1. Using the average IIP values in Fig.
4 as a guide for inhibition strength, we chose candidates with intermediate to high
ITP values within their respective classes. Two other important factors for selection
include current drugs being developed into extended-release formulations in the HIV
research community and low dose amounts since a limiting factor is the amount of

drug an extended-release device can carry.

5.2 Comparing Regular-Release & Extended-Release Disease

Outcomes

First, we performed simulations to see if extended-release drugs do offer significant
benefits in terms of disease outcomes. Figure 13 summarizes the results of the simu-
lations for each of the four drugs: RPV, TAF, DTG, and ATV /r. We found that the
extended-release exponential dosing regimen at both weekly and monthly intervals
offered notable increases in the percentage of patients with treatment success at the
end of 48 weeks in comparison to regular-release. This was the case for three out
of the four drug candidates: ATV /r, DTG, and RPV. The only drug that showed
no significant improvement was TAF which showed 100% failure due to resistance at
all adherence levels and dosing strategies. For the other three candidates, monthly
extended-release appeared to provide even better chance of treatment success than
weekly dosing, decreasing the risk of failure due to resistance or wildtype prolifera-

tion. The simulations suggest that extended-release drugs offer significant benefits in
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countering the effects of poor patient adherence.

Regular-Rel Extended-Release, Weekly Extended-Rel Monthly
. . Failure Failure Failure Failure
Drug Adhere. Treatment Fallul:e Due to Failure Du-e to |Treatment Dueto Due to WT Treatment Dueto Dueto WT
Success Resistance WT Prolif. Success . . Success X .
Resistance Prolif. Resistance Prolif.
ATV/r

0.1 0 0 100 81 0 19 100 0 0
0.3 27 0 73 99 0 1 100 0 0
0.5 60 0 40 100 0 0 100 0 0
0.7 89 0 11 100 0 0 100 0 0
0.9 99 0 1 100 0 0 100 0 0
1 100 0 0 100 0 0 100 0 0

TAF
0.1 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0

DTG
0.1 0 100 0 37 63 0 92 8 0
0.3 0 100 0 79 21 0 100 0 0
0.5 12 88 0 100 0 0 100 0 0
0.7 43 57 0 100 0 0 100 0 0
0.9 100 0 0 100 0 0 100 0 0
1 100 0 0 100 0 0 100 0 0

RPV
0.1 3 85 12 2 98 0 5 95 0
0.3 0 100 0 7 93 0 27 73 0
0.5 1 99 0 75 25 0 46 54 0
0.7 17 83 0 89 11 0 73 27 0
0.9 85 15 0 92 8 0 88 12 0
1 91 9 0 90 10 0 93 7 0

Figure 14: Comparing regular-release and extended-release dosing on disease out-

comes for RPV, TAF, DTG, and ATV /r

5.3 Tradeoff Between (), and Patient Adherence

The previous simulations suggest that extended dosing strategies appear promising
as a way to counter poor patient adherence to frequent drug regimens. However, one
potential drawback is that while decreasing the frequency of dosing and mitigating the
effects of poor adherence, extended-release drugs may maintain drug concentrations
at lower levels in the body due to inherent limitations of the release device. Thus, to
investigate how low of a C,,,, would extended-release drug still offer benefits in com-
parison to the regular release version, we performed another set of simulations which
explored the tradeoff. We compared disease outcomes for both extended-release ex-
ponential and linear dosing landscapes at various levels: 10% , 30%, 50%, 70%, 90%,
and 100% of the original C,,., as shown in Figure 14, 15, 16, and 17. Additionally,
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we looked at the lowest ()., can be decreased while still yielding comparable disease
outcomes as the original C),,, for all extended-release regimens.

For ATV /r, we found that even at 10% of the original C,,,,, diseases outcomes were
significantly better than regular-release. Following a weekly exponential dosing sched-
ule, the lowest C),4, can be decreased while still yielding comparable disease outcomes
as at the original C),4, is 50%. For the monthly exponential dosing schedule, the low-
est Chae can go is 10% or lower (since 0.1 was the lowest C),,, concentration tested).

For TAF, we found that following a weekly or monthly exponential and linear dos-
ing pattern at lower C),,, not surprisingly did not yield any improvements in disease
outcomes. We find that 100% of patients failed TAF treatment due to proliferation
of resistant viral strains at 48 weeks.

For DTG, across all extended-release regimens, we found that at 70% of the orig-
inal C),.., diseases outcomes were still comparable if not better than the regular-
release version. In following a weekly exponential dosing schedule, disease outcomes
appeared to be particularly sensitive to C,,.., and a decrease to 90% yielded a sig-
nificant increase in risk of failure due to resistance at an adherence level of 30%.
Similarly, for the monthly exponential dosing schedule, a decrease to 90% yielded a
significant increase in failure due to resistance at the lowest adherence level of 10%.
For the weekly linear dosing schedule, a decrease to 90% of the original C,,., yielded
a significant increase in risk of treatment failure at 50% adherence. Finally, for the
monthly linear dosing schedule, a decrease to 90% of the original C,,., vielded a
significant increase in risk of treatment failure at 30% adherence.

For RPV, across all extended-release regimens, we found that at 90% of the original
Chnaz, diseases outcomes were still comparable if not better than the regular-release
version. Following a weekly exponential dosing schedule, disease outcomes appear to
be particularly sensitive to C,,., and a decrease to 90% yielded a significant increase

in risk of failure due to resistance at an adherence level of 50%. For the monthly
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exponential dosing schedule, the lowest C),,, can decrease while still yielding com-
parable disease outcomes as at the original C,,,, is at 90%. For the weekly linear
dosing schedule, disease outcomes appear to be particularly sensitive to C,,., and a
decrease to 90% yielded a significant increase in risk of failure due to resistance at an
adherence level of 70%. Finally, for the monthly linear dosing schedule, a decrease to
90% of the original C,,,, yielded a significant increase in risk of treatment failure at
50% adherence.

From these results, it appears that there is no uniform guideline for the propor-
tional decrease in C),,,, which yields relatively comparable results to the regular-
release or the original C),,, for extended-release. Recommendations for the lowest
Cinaz 18 very much drug dependent. Further exploration of more drug candidates

within each class is necessary to draw any drug-class specific conclusions.

5.4 Optimal Dosing Schedule for Best Viral Load Suppres-

sion Outcomes

Next, we looked at which dosing schedules resulted in the best disease outcomes
during these suppression trials. We define best outcome in terms of the greatest
percentage of people with treatment success. For ATV /r, we saw that a monthly
exponential dosing schedule resulted in the best viral suppression, with close to 100%
treatment success even at the lowest proportion of C,,,, and adherence. For TAF, we
saw that all dosing patterns resulted in 100% failure due to resistance. Thus, none
were ideal. For DTG, we found that a monthly exponential dosing pattern resulted
in the greatest percentage of treatment success. Finally, for RPV, we found that both

monthly exponential and linear dosing patterns appeared similarly optimal.
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Exponential, Weekly Exponential, Monthly
Prop. of Adhere Treatment Failure Due Failure Due | Treatment Failure Due Failure Due
Cmax Success to Resistance to WT Prolif.| Success to Resistance to WT Prolif.
0.1
0.1 43 0 57 99 0 1
0.3 91 0 9 100 0 0
0.5 99 0 1 100 0 0
0.7 100 0 0 100 0 0
0.9 100 0 0 100 0 0
1 100 0 0 100 0 0
0.3
0.1 61 0 39 99 0 1
0.3 99 0 1 100 0 0
0.5 100 0 0 100 0 0
0.7 100 0 0 100 0 0
0.9 100 0 0 100 0 0
1 100 0 0 100 0 0
0.5
0.1 73 0 27 100 0 0
0.3 100 0 0 100 0 0
0.5 100 0 0 100 0 0
0.7 100 0 0 100 0 0
0.9 100 0 0 100 0 0
1 100 0 0 100 0 0
0.7
0.1 74 0 26 100 0 0
0.3 99 0 1 100 0 0
0.5 100 0 0 100 0 0
0.7 100 0 0 100 0 0
0.9 100 0 0 100 0 0
1 100 0 0 100 0 0
0.9
0.1 74 0 26 99 0 1
0.3 100 0 0 100 0 0
0.5 100 0 0 100 0 0
0.7 100 0 0 100 0 0
0.9 100 0 0 100 0 0
1 100 0 0 100 0 0
1
0.1 81 0 19 100 0 0
0.3 99 0 1 100 0 0
0.5 100 0 0 100 0 0
0.7 100 0 0 100 0 0
0.9 100 0 0 100 0 0
1 100 0 0 100 0 0

Figure 15: Comparison of disease outcomes for ATV /r at different proportions of
Cma:p
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Exponential, Weekly

Failure Due Failure Due|

Exponential, Monthly

Linear, Weekly

Linear, Monthly

Failure Due Failure Due|

Failure Due Failure Due|

Failure Due Failure Due

Prom o e |Tratment "G U g reamens P P ) nreamen P DU tratmend P
Resistance  Prolif. Resistance  Prolif. Resistance  Prolif. Resistance  Prolif.
0.1
0.1 0 100 0 0 100 0 0 51 49 0 48 52
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0
0.3
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0
0.5
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0
0.7
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0
0.9
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0
1
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0

Figure 16: Comparison of disease outcomes for TAF at different proportions of C,,4.:
For linear dosing, h = 0.96

5.5 Recommendations for the Best Drug Candidate for Fur-

ther Development

Finally, based on all these simulations, we looked at which of these drug will likely

be the most promising candidate for further development into extended-release for-

mulations. While both DTG and ATV/r had outstanding outcomes assuming the

original 4, for extended-release, ATV /r appeared particularly effective even at the

lowest proportion of the original C,,,, and adherence. Thus, it appears to be the

most promising candidate out of the four drugs.
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Exponential, Weekly Exponential, Monthly Linear, Weekly Linear, Monthly
Prop. of Treatment Failure Due Failure Due| Treatment Failure Due Failure Due| Treatment Failure Due Failure Due| Treatment Failure Due Failure Due
Cmax Adhere Success .to to W.T Success .to to W.T Success .to to W.T Success .to to W.T
Resistance Prolif. Resistance Prolif. Resistance Prolif. Resistance Prolif.

0.1
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0

0.3
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0

0.5
0.1 3 97 0 8 92 0 1 99 0 0 100 0
0.3 11 89 0 13 87 0 0 100 0 0 100 0
0.5 3 97 0 13 87 0 0 100 0 0 100 0
0.7 2 98 0 6 94 0 1 99 0 0 100 0
0.9 0 100 0 0 100 0 1 99 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0

0.7
0.1 16 84 0 44 56 0 1 99 0 1 99 0
0.3 37 63 0 90 10 0 10 90 0 19 81 0
0.5 25 75 0 100 0 0 14 86 0 55 45 0
0.7 99 1 0 100 0 0 58 42 0 68 32 0
0.9 100 0 0 100 0 0 100 0 0 91 9 0
1 100 0 0 100 0 0 100 0 0 100 0 0

0.9
0.1 37 63 0 72 28 0 8 92 0 14 86 0
0.3 55 45 0 100 0 0 22 78 0 67 33 0
0.5 100 0 0 100 0 0 57 43 0 100 0 0
0.7 100 0 0 100 0 0 100 0 0 100 0 0
0.9 100 0 0 100 0 0 100 0 0 100 0 0
1 100 0 0 100 0 0 100 0 0 100 0 0

1

0.1 37 63 0 92 8 0 9 91 0 28 72 0
0.3 79 21 0 100 0 0 27 73 0 96 4 0
0.5 100 0 0 100 0 0 95 5 0 100 0 0
0.7 100 0 0 100 0 0 100 0 0 100 0 0
0.9 100 0 0 100 0 0 100 0 0 100 0 0
1 100 0 0 100 0 0 100 0 0 100 0 0

Figure 17: Comparison of disease outcomes for DTG at different proportions of C,,q.:

For linear dosing,

h=0.6

6 Conclusion and Future Directions

In this project, we developed a hybrid stochastic-deterministic model of viral dynam-

ics capable of tracking multiple viral strains with multimutations. In linking drug dos-

ing to viral dynamics, we were able to predict patient outcomes in response to regular

and extended-release formulations of ART. These results demonstrate the promising

nature of weekly or monthly extended-release therapeutics as a better longterm al-

ternative for HIV patients than the therapeutic options that are currently available.

Drugs such as ATV /r and DTG with high IIP values, low dosage, and comparable

MODELING VIRAL DYNAMICS IN RESPONSE TO EXTENDED-RELEASE DRUGS Shirley Mo



34

Exponential, Weekly Exponential, Monthly Linear, Weekly Linear, Monthly
Prop. of Treatment Failure Due Failure Due| Treatment Failure Due Failure Due| Treatment Failure Due Failure Due| Treatment Failure Due Failure Due
Cmax Adhere Success .to to W.T Success .to to W.T Success .to to W.T Success .to to W.T
Resistance Prolif. Resistance Prolif. Resistance Prolif. Resistance Prolif.

0.1
0.1 0 100 0 0 100 0 0 18 82 0 97 3
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0

0.3
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0

0.5
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0

0.7
0.1 0 100 0 0 100 0 0 100 0 0 100 0
0.3 0 100 0 0 100 0 0 100 0 0 100 0
0.5 0 100 0 0 100 0 0 100 0 0 100 0
0.7 0 100 0 0 100 0 0 100 0 0 100 0
0.9 0 100 0 0 100 0 0 100 0 0 100 0
1 0 100 0 0 100 0 0 100 0 0 100 0

0.9
0.1 1 99 0 0 100 0 0 100 0 0 100 0
0.3 3 97 0 29 71 0 0 100 0 7 93 0
0.5 3 97 0 42 58 0 0 100 0 51 49 0
0.7 70 30 0 65 35 0 3 97 0 59 41 0
0.9 88 12 0 84 16 0 83 17 0 76 24 0
1 94 6 0 92 8 0 87 13 0 91 9 0

1

0.1 2 98 0 5 95 0 0 100 0 0 100 0
0.3 7 93 0 27 73 0 0 100 0 24 76 0
0.5 75 25 0 46 54 0 1 99 0 44 56 0
0.7 89 11 0 73 27 0 37 63 0 72 28 0
0.9 92 8 0 88 12 0 80 20 0 81 19 0
1 90 10 0 93 7 0 85 15 0 95 5 0

Figure 18: Comparison of disease outcomes for RPV at different proportions of C,,4.:
For linear dosing, h = 0.86

outcomes even at lower C,,,, values appear to be particularly good candidates for fur-
ther development into extended-release formulations. However, one important caveat
is that our simulations were performed on patient samples of size 100. Much larger
scale simulations should be conducted to confirm these findings. Moreover, due to
limited experimental drug data, we estimated a few of the mutation parameters for
RPV and DTG. With time, more experimental data will also improve the accuracy
of our model.

In our simulations with TAF, we saw 100% failure due to resistance. In reality,

many drugs such as TAF are often administered as part of a drug cocktail in combi-
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nation therapies. As a next step, we plan to extend the model to also consider how
these extended-release drugs work in the context of combination therapy. Based on

this, we will explore ways to optimize and improve disease outcomes.
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