MBE, 23(5): 1356-1374.
% DOI: 10.3934/mbe.2026050
AIMS Received: 14 December 2025
EE Revised: 27 March 2026
Accepted: 30 March 2026
https://www.aimspress.com/journal/mbe Published: 07 April 2026

Research article

Effect of drug resistance on an HIV epidemic in heterogeneous populations

Roberto A. Saenz*
Faculty of Sciences, Universidad de Colima, Colima, Mexico
* Correspondence: Email: rsaenz@ucol.mx.

Abstract: The emergence of drug resistance (DR) may impair the control of the human immunode-
ficiency virus (HIV) epidemic. We analyze the transmission and drug-resistance dynamics of HIV
using a stochastic model in combination with Monte Carlo simulations, which considers population
heterogeneity, set in terms of the set-point viral load (SPVL) distribution. In our modeling framework,
once a SPVL is sampled, it determines the transmission rate and survival time for each new infected
individual. On the other hand, DR emergence randomly occurs with a fixed probability in an individual
receiving antiretroviral therapy (ART). In addition, we implicitly assume that the SPVL serves as a
proxy for the replication pressure and resistance risk, as the DR fitness-cost proportionally reduces the
SPVL in our model (an assumption motivated by modeling convenience instead of an actual biological
mechanism present in the DR dynamics). Finally, we simplify the dynamics by assuming no ART regi-
men switching in cases of treatment failure (which we assumed to be only due to DR). Our results show
that for a high treatment coverage, DR causes a higher stationary infection prevalence in populations
with moderate-to-high mean viral loads. Moreover, DR could produce more infections for greater ART
coverage, especially when treatment is administered early after contagion; however, an earlier initiation
of ART allows for the possibility of epidemic extinction. Additionally, we evaluate the effect on the
epidemic dynamics of other parameters, such as the probability of DR emergence and the relative fitness
of the DR strain. Overall, our analysis contributes to the understanding of drug resistance evolution in
situations where ART is inadequately managed.
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1. Introduction

Despite the progress that has been made, the epidemic of human immunodeficiency virus (HIV) is
still a public health concern. By the end of 2024, there were around 40.8 million people living with
HIV worldwide, with an estimated 1.3 million new infections in 2024 alone [1]. However, about 5.3
million people did not know they were living with HIV in 2024, that is, only 87% of people with
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HIV knew their status [1]. From 1995 to 2010, an estimated 2.5 million deaths were averted in low-
and middle-income countries by implementing prevention measures and using antiretroviral therapy
(ART) [2]. ART represents a crucial epidemic intervention: it slows down disease progression, increases
the survival periods, and decreases the transmissibility [3]. In 2024, 77% of people living with HIV
had access to ART [1]. Regional ART coverage in 2024 went from 48% in the Middle East and North
Africa, to 80% in Western and Central Europe and North America [1]. The current recommendation
from the World Health Organization (WHO) is that ART should be initiated for all people living with
HIV, following a confirmed diagnosis and clinical assessment [4]. Therefore, a swift detection of new
infections and their corresponding diagnosis are essential to anticipate a positive impact of this initiative.
On the other hand, the median time from HIV infection to diagnosis in the U.S. was estimated at 39.5
months in 2018 [5], thus highlighting the challenging task that is required to meet the recommendations.

Drug-resistant (DR) viruses emerged shortly after the initial use of a single antiretroviral, in the late
1980’s [6]. DR strains of the virus have the ability to replicate in the presence of drugs. The virus’ fast
replication rate and its lack of proofreading mechanisms favor the emergence of DR strains [7]. The
main predictors for acquired drug resistance are suboptimal antiviral therapy and incomplete therapy
adherence [8]. The estimated prevalence in 2024 of DR strains resistant to at least one drug was 25%,
while for dual class resistance was estimated to be between 4.7 and 8.5% [9]. Most DR strains are less
fit than the wild-type virus, but they can still be transmitted between individuals [10]; there are even
some DR associated mutations that have no significant impact on the transmission fitness [11].

Most studies that use mathematical models for the analysis of epidemic dynamics of drug resistance
assume a homogeneous population, thereby considering, at most, different risk groups [12—17]. However,
it has been reported that infected individuals are heterogeneous with respect to the set-point viral loads
(SPVL), the viral load around which an individual stabilizes after acute infection, and that not all
populations have the same viral load distributions [18]. The SPVL of an infected individual is relevant,
as it determines the individual’s duration of infection and infectiousness [18]. Viral loads used to
influence ART initiation [19], so that they may have had an effect on the dynamics of drug-resistant
strains of the virus. Therefore, it seems pertinent to analyze an HIV epidemic that considers these
interacting components. Using a mathematical modeling framework consisting of a stochastic model
attached to Monte Carlo simulations, which have been previously used to study the dynamics of HIV
within a host [20], we study the impact of drug resistance on an epidemic of HIV in a heterogeneous
population. To consider a more accessible framework, we study the simplified case where there is a
single ART regimen and no DR screening, so that ART continues to be administered even if it fails at
viral suppression; this is a situation that represents an inadequate treatment system. After justifying
each of the components of our model, we employ it to analyze several epidemic scenarios. We report
the effect on the epidemic dynamics of factors such as ART coverage, and fitness cost and probability of
emergence of a drug resistance strain.

2. Materials and methods

2.1. Modeling framework

The model consists of a stochastic model tied up to Monte Carlo simulations. The stochastic model
determines the epidemic dynamics at the population level. In turn, the infectiousness and lifespan of a
newly infected individual are determined by sampling the distribution of viral loads in the population
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and randomly deciding whether ART is administered and drug resistance emerges, as well as other
infection attributes. Importantly, we only consider one ART regimen in our model, that is, the same ART
continues to be administered even in the presence of DR. The probability of a new infection depends on
the combined infectiousness, or transmission profile, of all infected individuals. Although this proposed
modeling framework resembles an individual-based model, we do not follow any particular individual
throughout the duration of the infection.

2.1.1. Stochastic model

We implement a stochastic model based on Markov chains [21] to describe the epidemic dynamics at
the population level, which consist of demographics and new infections with either drug-sensitive (DS)
or drug-resistant (DR) virus. The stochastic model keeps a record of discrete changes in the population
sizes of susceptible (S), DS-infected (Ips), and DR-infected (/pg) individuals in a sufficiently small
interval (¢, ¢ + Ar). The time step Ar (fixed throughout the simulation) is chosen such that there is at
most one event that occurs during this time interval. The events that are considered in the stochastic
process are as follows: birth or death (i.e., entering or leaving the pool of susceptible individuals) and
the infection of a susceptible individual with a DS or a DR strain. The corresponding probabilities of
occurrence in the time interval (z, r + At) are as follows: 6At, uS At, (Aps(t)/N)S At, and (Apg(¢)/N)S At,
respectively, where N = S + Ipg + Ipg is the total population size. Infected individuals die after their
infectious period (see Section 2.1.3). We assumed that each infectious individual has his or her own
transmission rate (which is a function of time since the individual got infected). Therefore, the function
A;(t)/N denotes the force of infection (i € {DS, DR}), which is formed by the sum of all individual
transmission rate profiles of infectious individuals at a given time . A detailed definition is given in
Section 2.1.6 below. Table 1 shows the rates for the various events in the model.

Table 1. Events and corresponding probabilities for the stochastic model.

Event Change in population size ~ Probability
Birth S->85+1 ry = 0At
Death S—-5-1 ry = uS At

Infection with DS S - S —1,Ips > Ips+1 r3 = —ﬂ"]f](t)SAt
Infection withDR S — S =1, Ipg = Ipg+1 14 = AD]G(I)SAI

No event 1=3% 7

For all simulations, we use parameter values as outlined in Table 2. For simplicity, we began all
simulations with an initial population size of N, individuals, 5% of which are infected, and each of
these initially infected individuals is assumed to be at any point in their first two years of infection. For
the computational implementation we use At = 0.25 days, which we found to satisfy that the probability
of occurrence of at least one event, [6 + uS + (Aps(¢) + Apgr(?))S /N]At, does not exceed 1 throughout
the simulation.
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Table 2. Parameter values used in the stochastic model.

Parameter Definition Value
Ny Initial population size 2000?
1/u Average period as susceptible individuals 30y

0 Recruitment rate of susceptible individuals 67 y~!®

Note: “For computational convenience. °It approximates u X N, so that
N, is the stationary population size in the absence of disease.

2.1.2. Distribution of set-point viral loads

The heterogeneity of the population is taken into account through the variability of the SPVL.
Examples of such variability for two cohorts are shown in Figure 1A (adapted from [18]). The SPVL
are important as they determine the between-host transmission rate and the infectious period [18]. These
SPVL distributions are well described by skew-normal distributions [18]. For our analysis, we use the
cohort distributions in Figure 1B, which were generated from skew-normal distributions, with means

varying from 10%7° to 1037 (using the parameters, other than the mean, estimated in [18] corresponding
to the Zambian cohort).
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Figure 1. A) Distributions of SPVL for a Zambian (white bars) and an Amsterdam (black
bars) cohorts; adapted from Fraser et al. 2007. The skew-normal distribution is fitted to the
Zambian cohort (broken curve). B) Skew-normal distributions with means 10*7> (blue), 1023

(green), 10*7 (yellow), 10°% (orange), and 10°7> (red). All other parameters correspond to
the Zambian cohort (black broken curve).

2.1.3. Transmission rates and infectious periods

An individual infected with HIV goes through three stages of infection: primary, asymptomatic,
and Acquired Immunodeficiency Syndrome (AIDS) [22]. These three stages of the infectious period
are used to obtain each transmission rate profile. The duration of the primary and AIDS stages in our
model are fixed to 2.9 and 9 months, respectively, according to estimates from [22]. The duration of the

asymptomatic period D in years is determined by the SPVL V, which is given by the Hill’s function

as follows:

Dy
max™ 5

D(V)= ——-,
VD 4+ D2k

2.1
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where D,,,, is the maximum duration in years, Ds is the viral load at which the duration is half its
maximum, and Dy is the steepness of the decrease in duration as a function of the viral load [18]. The
values for the parameters of function D(V) are shown in Table 3. After going through all three stages of
infection, an infected individual will die.

The rate of infection S, that is, the transmission rate per unit time (at asymptomatic stage), is also
determined by the SPVL V, using the Hill’s function as follows:

ﬁ max Vﬁ]‘

VB +ﬁ§6,

BV) = (2.2)

where ,,.. 1S the maximum infection rate per annum, S5, denotes the viral load at which the infectious-
ness is half its maximum, and gy is the steepness of the increase in infectiousness as a function of viral
load [18]. The values for the parameters of function S(V) are shown in Table 3. We use this transmission
rate at the asymptomatic stage S(V), for a given V, to compute the rates at the primary and AIDS stages.
For the whole duration of the primary and AIDS stages, the transmission rate obtained with B(V) is
multiplied by the ratios of transmission hazards between stages 13.5 and 7.2, respectively, to reflect the
findings that the infectiousness in these two stages are greater than for the asymptomatic stage — and
such difference is not explained by the viral load [22]. Then, the definition of the transmission profile
p(7) is given by the following:

13.5- B(V), <29
o =1 W, 29<7<29+D(V) 2.3)
72-B(V), 29+D(V)<71<29+DV)+9

where 7 is the time, in months, since the onset of infection. Figure 2A (dotted gray curve) shows an
example of a transmission rate profile of an infected individual. In particular, note that the transmission
rate is constant in each of its three stages (i.e., a step function), and it is greatest and shortest on its first
(primary) stage.

Table 3. Parameter values used for transmission rates and infectious period functions®.

Parameter Definition Value

D,ax Maximum infectious period 254y

Dsg Viral load at which duration is half its maximum 3058 copies/ml
Dy Steepness of decrease in duration 0.41

Bunax Maximum infection rate per annum 0.317 y!

Bso Viral load at which infectiousness is half its maximum 13,938 copies/ml
B Steepness of increase in infectiousness 1.02

Note: *As reported in [18].
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Figure 2. Graphical examples of transmission profiles. The transmission rate of an infected
individual as a function of time are graphed for the DS strain (red) and the DR strain (blue)
for the following cases: A) DS initial infection with successful ART; B) DS initial infection
with failing ART; C) DR initial infection with ART; and D) DR initial infection without ART.
Dotted grey curves represent the transmission rate of the DS strain in the absence of ART. The
vertical arrow indicates the start of ART.

2.1.4. Start of ART

In an individual that is going to receive ART, we assume that ART is initiated as soon as a patient is
diagnosed (aligned to the current WHO recommendation [4]). Hence, we translate the waiting time
for ART initiation into the time from HIV infection to diagnosis. We evaluate two gamma probability
distributions for the time from HIV infection to diagnosis (Figure 3A). The first distribution is fitted to
observed data from 2018 [5]. Peruski et al. reported a median time of 39.5 months (3.29 years) from
HIV infection to diagnosis, while 35.9% of people with HIV received their diagnosis within one year of
infection [5]. Additionally, they reported that 1 in 4 people with HIV diagnosed in 2016 had the virus
for more than 7 years before diagnosis [5]. Therefore, the data we use to fit the gamma distribution
F(t) are Fi(1) = 0.359, F1(3.29) = 0.5, and F(7) = 0.75 (red dots in Figure 3A). In order to take the
WHO recommendation for earlier diagnosis into account, we consider a second distribution for the time
from infection to diagnosis, thereby assuming a median time of 0.5 years and that 75% of people are
diagnosed within one year of infection. Then, the data we use to fit the gamma distribution F,(¢) are
F>(0.5) = 0.5 and F,(1) = 0.75 (blue dots in Figure 3A). For comparison purposes, in Figure 3B, we
show the time it takes the CD4* count to reach less than 350 cells/mm?, which used to be the criterion
for ART initiation [19] that was found to be dependent on the viral load at baseline [23]. This time was
found to range from a median of 0.7 years in those with a viral load greater than 500,000 copies/mL to a
median of 4.7 years in those with less than 1000 copies/mL [23].
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Figure 3. A) Probability distributions for time until ART starts, based on the time from HIV
infection to diagnosis, with median either 3.29 (red) or 0.5 years (blue). Dots represent the
assumed probabilities and the curves are the corresponding adjusted gamma distributions.
B) Percentage of patients with CD4 count less than 350 cells/mm? over time by baseline
viral load. Clinical data (stairs plot; from The UK Collaborative HIV Cohort Study Steering
Committee, 2007) and corresponding adjusted gamma distribution (solid curves) for baseline
viral loads: <1000 (black), 1000-10,000 (blue), 10,000-50,000 (light blue), 50,000—100,000
(green), 100,000-500,000 (yellow), and >500,000 (red) copies/mL.

2.1.5. Drug resistance

Resistance to a drug carries a fitness cost to the viral strain. We interpret this fitness cost in terms of
the SPVL, similar to the concept of replication capacity [24]; however, the fitness cost could also be
directly measured in terms of the transmission [11]. In our simulations, the SPVL, once sampled, is
decreased by a proportion k. We take k = 0.8, although the replication capacity significantly varies for
different mutation classes [24]. This number is consistent with the proportion obtained when we run
simulations of the within-host model with parameters estimated in [25]. Our assumption that the fitness
cost of a DR strain reduces its SPVL by a proportion k implies an implicit crucial role of the SPVL in
DR amplification, as a higher SPVL ends up with a higher DR transmission.

Moreover, we assume that the administration of ART could only fail due to the emergence of a DR
strain. DR is not the only reason why ART could fail, but ART failure is mostly caused by inadequate
therapy adherence and suboptimal drug regimens, which are the same main sources for DR emergence.
The failure of ART is assumed to happen with some probability p'z”. For an individual that will develop
DR, we assume that the probability that the DS strain has been replaced by time 7 (from the moment the
individual got infected) is given by the following:

Probyy¢(t) = NormalCDF (t; y,, 0y), (2.4)

that is, a normal probability distribution with parameters u, and oy, where pu; = Tagr + LDS 59. The
choice of a normal probability distribution for this waiting time is solely for simplicity. Tz7 denotes the
time at which ART is initiated; thus, as previously discussed, it follows a gamma distribution (Figure 3).
LDS s is the average time that it takes the DS viral load to go from 50% the total viral load to under the
detection level (i.e., it has been replaced by the DR strain). The standard deviation o is chosen such
that Prob{T sgr < T < s} = 0.49, that is, the probability that the DS strain has been replaced earlier
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than the initiation of ART is small (i.e., Prob{t < Tagr} = 0.01). The later implies, by symmetry of
the normal distribution, that Prob{u; < v < LDS 50} = 0.49, which, in part, explains our choice of y;.
LDS 5y and o are estimated using an extension of the stochastic model for viral dynamics within a host
in [25] to include forward mutations and ART [26]. The best estimates found were LDS 5o = 71 days
and oy = 30.5 days. From the definition of Prob}(t), we have that the probability that an individual
initially infected with a DS strain, that develops drug resistance after receiving ART, transmits the DR
strain at time 7 is given by the following:

Prob* (t) = Proby{ (7).

Then, the transmission rate (as a function of time) for the DR strain is the product of the transmission
rate (corresponding to a DR infection) and Prob3"*(t). Likewise, the transmission rate for the DS strain
is the product of the transmission rate (corresponding to a DS infection) and 1 — Prob3" (7).

A transmitted DR strain will eventually be replaced by a DS strain if the individual does not receive
ART. We take the probability that a DR strain has been replaced by a DS strain by time 7 to be a gamma
probability distribution fitted to the data (corresponding to thymidine analog-associated mutations,
TAM) provided in [27]. The estimated parameters for such a gamma distribution are arsy, = 0.85131
and bray = 3024.65 (which gives a mean of 7 years and a median of 4.5 years for the replacement of a
DR strain). Then, we take the probability that an individual initially infected with a DR strain and who
does not receive ART, transmits the DR strain at time 7 as follows:

Prob?%" (1) = 1 — NormalCDF (t; u,, 07\ (2.5)

where u, = T,,; — LDRs,. Here, T} ~ Gamma(aram, bram), and LDRs; is the average time that it takes
the DR viral load to go from 50% the total viral to under the detection level (i.e., it has been replaced by
the DS strain). The standard deviation o, is chosen such that Prob{u, < v < u, + LDRsy} = 0.49 (i.e.,
approximately 0.50). We use the values LDRsy, = 71 days and u, = 30.5 days (same as for DS strain),
which agree with simulations obtained from the model for viral dynamics within a host in [25]. As
before, the transmission rate (as a function of time) for the DR strain is the product of the transmission
rate (corresponding to a DR infection) and Prob}%"(t). Likewise, the transmission rate for the DS strain
is the product of the transmission rate (corresponding to a DS infection) and 1 — Prob3" (7).

2.1.6. Transmission rate profiles and the force of infection

The force of infection for each strain, Apg(?) or Apg(?), as a function of time is the result of adding
together the individual transmission profiles that correspond to that viral strain of all infected individ-
uals, lined up according to their time of infection. Therefore, the DS force of infection is given by

the following:
1

Aps(t) = " pos(t; ), (2.6)
=1
where j represents each of the total I infected individuals, and the aligned transmission profile pps (; )
for the j-th infected individual is defined as

0, t<T;
pps(t; ) =1 ppst—T;)), T;<t<T;+D; 2.7)
O, T] + D} <t
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which takes the j-th individual’s time of infection 7';, infection period D;, and transmission profile (from
the time of infection) pps (7; j) into account. The definition is analogous for Apg(%).
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variables
NO NO
New New New
infection birth death
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S=S-1 S=S-1
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infection A(t)

Figure 4. Flowchart describing the computational simulations.
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The computational simulations are described in the flowchart diagram in Figure 4. For each new
infected individual, a set-point viral load is sampled from a distribution of SPVL. Likewise, a timing
of natural death is sampled in all cases from an exponential distribution with parameter u (so it is
equivalent to a natural death in the stochastic process) to ensure that an infected individual does not live
longer that an uninfected individual. With this information, a first draft of the individual’s transmission
profile is created: the transmission rate and the duration of the asymptomatic stage are determined from
Eqgs 2.1 and 2.2, respectively, using the previously sampled SPVL; for the primary and AIDS stages
(which last 2.9 and 9 months, respectively), the transmission rate obtained for the asymptomatic stage
is multiplied by 13.5 and 7.2, respectively (Section 2.1.3). The individual transmission profile, so far,
results from putting together all three stages (Figure 2A, dotted gray curve). If the new infection was
with the DS strain (instead of the DR strain), then it is randomly decided with probability psrr whether
the individual will receive ART. If the individual will not receive ART, then the computed transmission
profile is the final profile and it is added to the force of infection Apg ().

If, on the other hand, the individual is going to receive ART, then the onset of ART is determined
from the corresponding gamma distribution (Section 2.1.4). Whether ART is successful is randomly
determined with the probability pj%r. If ART is indeed successful, then the viral load goes down (to
negligible figures), so that the transmission rate is practically zero and the duration of infection extends
to its maximum (D,,,,). Figure 2A shows a sketch of such a transmission profile. If, on the contrary,
ART fails, then it is assumed that it is due to the emergence of a DR strain; thus, pi%7 = 1 — p72”.
The viral load of the DR strain (the sampled SPVL decreased by the proportion k), together with the
probability of transmitting the DR strain (as discussed in Section 2.1.5), determine the DR transmission
rate function (the DS transmission rate includes the probability of transmitting the DS strain, i.e., one
minus the DR probability). Then, the individual transmission profile is obtained by taking all the above
into account, including the three stages of infection as before. Note that in this case, such a profile is
composed of a DS transmission and a DR transmission function, and each of them is added to their
corresponding forces of infection (Apg (¢) or Apg(?)). Moreover, as we do not assume DR testing nor ART
switching, the same ART continues to be administered and the DR strain continues to be transmitted.
Figure 2B illustrates such a transmission profile.

If the individual is initially infected with a DR strain and is going to receive ART, then ART is always
going to fail (as there is a single ART regimen). In any case, the timing of ART initiation is determined
(Section 2.1.4). While ART is absent (has not been initiated yet), there is a probability 1 — Prob7%" (1)
that an emergent DS strain is transmitted. This probability will be zero when ART starts and so only the
DR strain is transmitted. Figure 2C shows a simplified version of this case. If a DR-infected individual
does not receive ART at all, then the DR strain will eventually be replaced by the DS strain (according
to the probability of transmitting the DS strain given by one minus equation 2.5). Figure 2D shows a
graphical representation of this transmission profile. As before, the resulting DS and DR transmission
profiles are added to their corresponding force of infection (Apg (¢) or Apg(?)).

3. Results

For all simulations (unless told otherwise), we assume a skew-normal distribution of SPVL with a
mean of 10*73 (as shown in Figure 1B). Figure 5A,B show the simulated prevalence without ART (red),
and with ART (90% coverage) in the absence (green) and in the presence (yellow) of drug resistance,
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for each of the two time distributions of ART initiation, respectively. For the ART initiation with a
median of 3.29 years, without ART the prevalence reaches an endemic state, which is at most halved
with a 90% ART coverage, although it could also be as high as without ART (Figure 5A). When the
probability of emergence of drug resistance is 0.01, having a 90% ART coverage produces an endemic
state as high as the endemic state without DR (Figure 5SA). The latter indicates that DR does not have
a significant impact on the epidemic for this ART initiation scheme. On the other hand, if ART is
administered earlier (using the time distribution with median of 0.5 years), then the epidemic does
not take off when 90% of infected individuals receive ART and DR does not emerge (green region
in Figure 5B), but the epidemic could eventually rise to an endemic state higher than without ART if
there is a 0.01 probability of DR emergence (yellow region in Figure 5B). In other words, under these
assumptions, using ART could create more infections because of DR. However, in this case, we also
found the possibility that the epidemic goes extinct, which is a scenario that is absent if the therapy is
administered much later. Additionally, we notice that the use of ART creates a higher variability in the
simulations, that is, the plotted bands are wider for the simulations with ART than without ART (red).
This is due to all the random events associated with the use of ART, such as the start of treatment and
the emergence of resistance.
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Figure 5. Prevalence without ART (red) and with ART (90% coverage) in the absence of
DR (green) and with DR (yellow; p7x” = 0.01) for a time distribution of ART initiation
with median A) 3.29 years and B) 0.5 years. Each region denotes 5- to 95-percentiles of
values obtained in simulations. Boxplots of transmission potential distributions for individuals
without ART (no ART) and with ART without DR (no DR), with DR emergence (emer DR),
and with initial infection with the DR strain (init DR) for a time distribution of ART initiation
with median C) 3.29 years and D) 0.5 years; outliers are not included.

Figure 5C,D show the distributions of transmission potentials, defined as the integral of the trans-
mission profile over the lifetime of an infected individual [18], associated with the previous cases. In

particular, the transmission potential balances the effect of increasing the transmission rate for a shorter
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duration when the viral load increases. We calculated these distributions of transmission potentials by
sampling the SPVL distribution (a sample size of 10,000), computing the transmission profile for each
sampled viral load, and determining the integral of each of these transmission functions. When ART
1s used, the start of ART has to be considered to compute the transmission profile for each sampled
viral load. For the case where DR is present, we take two possibilities into account: when DR emerges
after ART is given and when the infection starts with a DR strain. When ART is administered, there is
a marked drop in transmission potential, from a median value of 3.4 (no ART) to around 1 (no DR),
as shown in Figure 5C,D. This decrease in transmission potential is more significant when ART is
started earlier (5D). However, if the DR strain emerges, then the transmission potential (emer DR)
increases to levels similar to the case when ART is absent (although the median is only 2.4, the third
quartile is almost the same and the maximum value is considerably bigger). The increase in transmission
potential when the infection starts with the DR strain (init DR) is smaller than when DR emerges after
ART, but is still greater and more widespread (Figure 5C,D). An earlier ART initiation only produces a
slight decrease in the transmission potential when DR is present (Figure 5D). These observations on
transmission potentials help to explain the resulting dynamics in Figure 5A,B.
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1037 (blue), 10*% (green), 10*7 (yellow), 10°% (orange), and 10> (red), in the presence
of DR for a time distribution of ART initiation with median A) 3.29 years and B) 0.5 years.
Infectiousness (force of infection) due to DR strains for a time distribution of ART initiation
with median C) 3.29 years and D) 0.5 years. Each region denotes 5- to 95-percentiles of
values obtained in simulations.

The effect of varying the SPVL on the epidemic growth and its connection to drug resistance can
be appreciated in Figure 6, where the epidemic dynamics are shown for each of the generic cohorts
(with psrr = 0.90 and p7i" = 0.01), which correspond to each of the two time distributions of ART
initiation. The epidemic does not even rise for a mean viral load of 10*7 for any of the two ART
initiation distributions (Figure 6A,B). If ART is started earlier, then the same occurs for a mean viral
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load of 10*?°, and epidemic extinction is also possible for a mean of 10*7> and 10%>% but not for 10°7
(Figure 6B). However, there is the possibility that prevalences for both 10*7° and 10>* end up being
higher than for 10>7°, which indicates a reduction in the transmission potential when the set-point
of the viral loads gets too high (Figure 6B). For an ART start with a median of 3.29 years, all mean
viral loads from 10*2 to 10°7° produce an endemic state in an increasing manner, although there is no
significant difference between the last two (Figure 6A). The force of infection from the DR strain is
consistently higher for populations with higher mean viral loads (Figure 6C,D), which suggests that the
excess of infected individuals (as seen in Figure 6A,B) is due, in part, to the presence of DR. Moreover,
an earlier initiation of ART produces a greater force of infection from the DR strain (higher levels in
Figure 6D than in 6C), which emphasizes the role of drug pressure on the DR dynamics. Additionally,
we explore the role of the variance of the SPVL distribution on the epidemic dynamics and find that a
bigger variance (i.e., a more heterogeneous population) produces more DR infectiousness but similar
levels of prevalence (figure not shown).

Moreover, we look at the effect of varying the ART coverage (pagr) on the epidemic dynamics,
thereby keeping the probability of DR emergence at p7/z” = 0.01 for each of the two time distributions
of ART initiation. In general, increasing ART coverage delays and shortens the peak of infection
prevalence (Figure 7A,B). Moreover, when ART is started with a median of 3.29 years, the steady state
of prevalence stays very similar for all ART coverages, with a possible smaller prevalence for 100%
ART coverage (Figure 7A). A common epidemic state is also found when ART is started earlier for O to
50% ART coverage, with a smaller stationary value for 75% ART coverage (Figure 7B). However, for a
100% ART coverage, there is a wider range of possible results, from epidemic extinction to an endemic
state higher than for smaller ART coverages (Figure 7B).
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Figure 7. Prevalence with ART coverage, parr, of O (blue), 25 (green), 50 (yellow), 75
(orange), and 100% (red), in the presence of DR for a time distribution of ART initiation with
median A) 3.29 years and B) 0.5 years. Each region denotes 5- to 95-percentiles of values
obtained in simulations.

We examine the role of the probability of DR emergence, P{);”, by varying it from its baseline value
of 0.01 (Figure 8), for each of the two time distributions of ART initiation. For the ART initiation
with a median of 3.29 years, the stationary value of the prevalence is very similar for probabilities
of DR emergence of 0.01 and 0.10, and as much as half smaller for the probability of 0.001 (Figure
8A). For the case of ART initiation with an earlier median of 0.5 years, Pi" = 0.10 always results
in an epidemic state (higher than the epidemic state without ART) while P{z" = 0.001 always drives

the epidemic to extinction (Figure 8B). However, a 0.01 probability of DR emergence could end up
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in epidemic extinction or could produce an endemic state as high as for P7" = 0.10 (Figure 8B).

Therefore, shortening the waiting time for ART administration could stop the epidemic whenever the
probability of DR emergence is sufficiently small.
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Figure 8. Prevalence with probability of DR emergence, P
(yellow), and 0.10 (red) for a time distribution of ART initiation with median A) 3.29 years
and B) 0.5 years. Each region denotes 5- to 95-percentiles of values obtained in simulations.
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Figure 9. Prevalence for simulations with DR relative fitness of 0.7 (green), 0.8 (yellow),
and 0.9 (red) in the presence of DR for a time distribution of ART initiation with median A)
3.29 years and B) 0.5 years. Each region denotes 5- to 95-percentiles of values obtained in
simulations.

We evaluate the effect on the epidemic dynamics due to the relative fitness of the DR strain by
varying the relative fitness parameter k between the values 0.7, 0.8 (baseline), and 0.9 (Figure 9) for
each of the two time distributions of ART initiation. We consider a 90% ART coverage (pagrr = 0.90)
and P7F" = 0.01 for these simulations. For a late start of ART, the prevalence of infections reach an
endemic state for all the relative fitness values in an increasing order (Figure 9A). On the other hand, if
ART is initiated earlier, then the epidemic does not rise for a relative fitness of 0.7 and could be driven
to extinction for both 0.8 and 0.9 (Figure 9B). However, for these two relative fitness, there is also the
possibility that the epidemic reaches an endemic state higher than the prevalence without ART. Those
maximum endemic states are, in fact, greater than their corresponding values for a late ART start. These
results suggest that the minimum relative fitness for the DR strain that would be able to sustain an
epidemic when 90% of patients receive ART has to be greater than 0.7. Furthermore, we studied the
role of the speed at which the DR strain is replaced by a DS strain in the absence of treatment. For this
purpose, we replaced the probability given in Eq 2.4 by a gamma probability distribution fitted to data
of persistence of drug mutation classes. Of the six drug-mutation classes shown in [27], we considered
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three classes: Lamivudine/emtricitabine-asociated (LEA) mutations, thymidine analog-asociated (TAA)
mutations, and protease inhibitor (PI) mutations. We found no significant difference on the prevalence
of infection between the three drug mutation classes, although the prevalence is slightly smaller for
LEA mutations, which is associated with a smaller DR infectiousness (figure not shown).

4. Discussion

There are several sources of population heterogeneity that may have an effect on an epidemic and the
DR dynamics, such as a heterogeneous infection susceptibility and a heterogeneous infectious rate. The
relative impact of each on them should be evaluated. However, in this study, we considered the SPVL as
the only source of population heterogeneity. The importance of the viral load is evident as it determines
the transmission rate and infection period [18]. Moreover, the viral load distributions are not necessarily
the same for two populations [18]. In this study, we used generic distributions built by varying their
mean viral loads (based on examples reported in the literature) to show the effect they could have in
the overall epidemic when DR is present. We found that the presence of DR strains could result in a
similar infection prevalence between two populations with different mean viral loads, and even in a
higher endemic state for a smaller mean SPVL. The latter can be explained by the viral transmission
potential, because higher mean viral loads imply a shorter survival. However, populations with higher
mean viral loads will end up with a higher DR infectiousness, which is, in part, due to our assumption
that the SPVL of the DR strain is a proportion of the wild-type SPVL. In any case, our results indicate
that considering the viral load distributions of the population under study, whenever available, would be
valuable when studying the DR dynamics.

Our findings suggests that an early start of ART has the potential to stop the epidemic, even in the
presence of DR and under the assumptions of no DR screening and no ART regimen switching (which
amplify the DR epidemic). However, DR also creates the possibility of having more cases than without
ART (although not surprising because of the aforementioned assumptions). The later could be avoided
if the probability of DR emergence is sufficiently small. On the other hand, if the wait of ART initiation
is longer (as the one reported in [5]), then the therapy will not be enough to eradicate the epidemic,
although it may reduce it even if DR is present. Current recommendations indicate to initiate ART
immediately, or as soon as possible, after HIV diagnosis in order to increase ART uptake, accelerate
viral suppression for patients, and improve virologic suppression rates among people with HIV [28].
However, in high- and upper-middle-income countries, the mean time from HIV infection to diagnosis
was estimated as 3 years [29]. This waiting time until diagnosis is expected to decline as the WHO
advocates for an increase in HIV testing rates [4].

The effect of varying ART coverage was also studied, and we found that there could be more cases
when more patients receive ART, especially when the therapy is started earlier. This pattern was also
found previously with a model based on partial differential equations [14], and for models for the
dynamics of influenza infections [30,31]. As the negative effect of increasing ART coverage is likely
due to the simplified assumption of not switching ART regimens (or at least stopping therapy) when
DR is present, other control measures such as DR screening and alternate ART schemes should be
included in the model to give a more comprehensive analysis. Such control measures could certainly
be added to our modeling framework for their assessment. Additionally, in our analysis, we identified
the existence of a minimum relative fitness for the DR strain that guarantees its prevalence, which of
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course is expected. We could take advantage of this finding as we could determine whether a particular
ART coverage could eliminate the epidemic (or drive it to minimum levels) for a given specific relative
fitness from a combination of ART and a DR strain.

The modeling framework employed, thereby combining a stochastic model and Monte Carlo simula-
tions, has several advantages from our point of view. It is similar to an individual-based model but still
more efficient, as only infected (and not susceptible) individuals are tracked. Using a stochastic scheme,
which is based on Markov chains, allows us to study the dynamics variability due to probabilistic
events, such as the emergence of DR. Thanks to the Monte Carlo simulations, we can make use of
information from observed probability distributions (i.e., data from the literature), such as distributions
of SPVL, time of ART initiation, or time of DR emergence for a specific drug class. These probability
distributions provide the heterogeneity of the population as well as the stochasticity of certain events.
The latter determines the main difference and advantage over a deterministic age-of-infection model
with a heterogeneous population. On the other hand, a clear downside of our framework is related to
the computational effort needed to run the simulations, as there is an inverse relationship between the
population size and the time step that guarantees a correct implementation. Furthermore, we make
use of several assumptions to simplify the model. For instance, we assume that ART that fails viral
suppression is only due to the emergence of a DR strain. By not including other causes of ART failure,
we are indeed overestimating the benefits of therapy. A simple way to include ART failure in our model,
not caused by DR, is by considering an effective ART coverage, that is, decreasing the selected ART
coverage (the percentage of individuals that receive ART) by some factor (representing the percentage of
treated individuals that achieve viral suppression). The model could be further improved by considering
a second-line ART that could be implemented once the first-line ART fails to suppress the virus (for any
reason) or DR strains resistant to a specific line of ART. Nevertheless, the previous assumptions would
significantly increase the complexity of the model, which would make its implementation and analysis
more demanding.

All findings shown here stress the importance of considering the dynamics of DR in heterogeneous
populations of individuals infected with HIV. Perhaps more importantly, we present a simple modeling
framework for heterogeneous populations that is flexible enough to be easily extended to include other
factors and even other infectious diseases. Some examples of such factors are alternative criteria to start
ART in a patient, the use of clinical drug-resistance tests, and the use of pre-exposure profilaxis.
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