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Abstract

Understanding the dynamics of acute HIV infection can offer valuable insights into the early

stages of viral behavior, potentially helping uncover various aspects of HIV pathogenesis.

The standard viral dynamics model explains HIV viral dynamics during acute infection rea-

sonably well. However, the model makes simplifying assumptions, neglecting some aspects

of HIV infection. For instance, in the standard model, target cells are infected by a single HIV

virion. Yet, cellular multiplicity of infection (MOI) may have considerable effects in pathogen-

esis and viral evolution. Further, when using the standard model, we take constant infected

cell death rates, simplifying the dynamic immune responses. Here, we use four models—1)

the standard viral dynamics model, 2) an alternate model incorporating cellular MOI, 3) a

model assuming density-dependent death rate of infected cells and 4) a model combining

(2) and (3)—to investigate acute infection dynamics in 43 people living with HIV very early

after HIV exposure. We find that all models qualitatively describe the data, but none of the

tested models is by itself the best to capture different kinds of heterogeneity. Instead, differ-

ent models describe differing features of the dynamics more accurately. For example, while

the standard viral dynamics model may be the most parsimonious across study participants

by the corrected Akaike Information Criterion (AICc), we find that viral peaks are better

explained by a model allowing for cellular MOI, using a linear regression analysis as ana-

lyzed by R2. These results suggest that heterogeneity in within-host viral dynamics cannot

be captured by a single model. Depending on the specific aspect of interest, a correspond-

ing model should be employed.

Author summary

We conducted a study to better understand the dynamics of early HIV-1 infection using

four different mathematical models. These models tested various biological hypotheses,

including the presence of cellular coinfection and phenomenological model capturing
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aspects of immune responses. We analyzed viral load data from 43 participants in a rich

dataset of people recently infected. The models we used were the standard viral dynamics

model, a model incorporating density-dependent cell death of infected cells, a model with

coinfection of infected cells (an adaptation of a macroparasite model to HIV-1 dynamics),

and a model that combined cellular coinfection and density-dependent cell death. Overall,

the model incorporating density-dependent cell death of infected cells performed the best

according to the Akaike Information Criterion (AIC) and Bayesian Information Criterion

(BIC). We also assessed the models’ performance by comparing them based on measures

such as viral growth rate, peak magnitude and timing, decay rate, and setpoint. We find

that different models describe differing features of the dynamics more accurately. For

example, viral peaks are better explained by a model allowing for cellular multiplicity of

infection (MOI). These results suggest that heterogeneity in within-host viral dynamics

cannot be captured by a single model. Therefore, depending on the aspect of interest, a

corresponding appropriate model should be employed.

Introduction

HIV-1 remains a global health challenge, with 38.4 million people living with HIV in 2021 [1].

To control HIV-1 incidence, a successful vaccine is likely needed [2]. However, candidate vac-

cines tested so far have failed or provide modest efficacy [3]. Elucidating the key events that

occur during acute infection may facilitate the development of effective vaccines. Here, we aim

to better characterize the dynamics of early HIV-1 infection by testing four different mechanis-

tic hypotheses; specifically, we aim to investigate the effects of cellular coinfection and immune

responses on acute HIV infection dynamics.

Acute HIV infection covers a period of 4–5 weeks in which the virus disseminates from the

initial site of infection into various tissues and organs [4]. Primary infection kinetics are char-

acterized by exponential increase in the number of virus particles in peripheral blood, reaching

a peak, followed by a decline to steady state level, which is referred to as the viral setpoint [5–

7]. The viral peak coincides with the first appearance of an adaptive immune response [8]. The

decline in plasma viremia is attributed to adaptive immune responses [8], and/or to target cell

limitation [9, 10].

Mathematical models have helped to better understand the processes driving within-host

dynamics of viral infections. In the case of HIV, acute infection has been modeled with a

standard model of viral dynamics initially developed to explore viral decay during treatment

[11, 12]. The model consists of uninfected target cells (CD4+ T cells), infected cells and free

plasma virus [12]. A central assumption of the model is that target cells are either uninfected

or infected with a single virion. Fitting of this model to viral load measurements has yielded

estimates for the within-host basic reproductive number R0 [13], as well as estimates for key

parameters [10–12, 14–17]. Overall, the standard model has been able to capture viral loads

in people living with HIV-1 early in infection and provide insight into viral kinetics follow-

ing treatment initiation [9–12]. However, fits to viral load measurements underestimates

peak viremia and produce oscillatory dynamics during the setpoint [18]. In addition, certain

important assumptions are made. First, the model assumed a constant, log-linear decay of

the infected cell population. While this assumption may be valid for the early stages of the

infection, it might not be realistic for longer periods of months or years. As the infection is

established, the increased presence of infected cells may stimulate immune responses that

could lead to an increased killing of infected cells, modeled phenomenologically by Holte

PLOS COMPUTATIONAL BIOLOGY Modeling dynamics of acute HIV infection

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012129 June 7, 2024 2 / 28

1714654) and National Institutes of Health (grant

nos. R21-AI143443-01A1 and R01-OD011095). E.

M. acknowledges the support of the National

Science Foundation (grant no. DMS-1714654). R.

M.R. acknowledges NIH grants R01-AI152703 and

R01-AI028433. The funders played no role in the

study design, data collection and analysis, decision

to publish or preparation of the manuscript.

Competing interests: I have read the journal’s

policy and the authors of this manuscript have the

following competing interests: JMC has served as

a consultant for Excision BioTherapeutics and

Merck.

https://doi.org/10.1371/journal.pcbi.1012129


et al. (2006) [19]. Reeves et al (2021) were the first to fit an ensemble of models to a rich data

set of acute HIV-1 infection (RV217 data set) [20] using a population non-linear mixed-

effects framework and found that the standard model incorporating the density dependent

cell-death term developed by Holte et al. provides the best fit at the population level [21].

Several models have explicitly integrated adaptive immune responses [22–27]; for a review

see [28].

A potentially important infection mechanism not included in the standard model is cellular

multiplicity of infection, which may have considerable effects in pathogenesis and evolution.

Cellular coinfection can allow for the generation of recombinant viruses. For example, Levy

et al. (2004) found that a single round of replication in T lymphocytes in culture generated an

average of nine recombination events per virus [29]. Genetic recombination may assist HIV-1

diversification and escape from both antiviral therapies and host immune responses [29].

More recent work shows that recombinant genomes can replace transmitted/founder lineages

with a median half-time of 27 days, and more importantly, recombination facilitates the propa-

gation of mutations that confer resistance within the evolving viral population [30, 31]. The

effects of cellular MOI have been explored in qualitative analyses of mathematical models for

viral infectious diseases [32]. Dixit & Perelson (2004 and 2005) developed a model for HIV cel-

lular coinfection [18, 33], whose central assumption is that viral production remains constant

across infected cells, regardless of multiplicity of infection. Under this scenario, predictions of

this model are identical to the standard viral dynamics model. However, if multiply infected

cells are characterized by an increased burst size, predictions are altered. In this case, the estab-

lishment of infection may not be dependent on the basic reproduction number only, but also

on the initial virus load. In addition, the viral population may not grow exponentially at a con-

stant rate, but in an increasing rate as viral load increases [34]. Whether burst size is constant

across different classes of infected cells remains unknown [29]. Wodarz & Levy (2011) and

Guo et al. (2021) developed a system of ODEs, where each class of infected cells is represented

by an equation. These models were used to make theoretical predictions and were not fit to

data, to our knowledge [35, 36]. HIV-1 models that account for multiplicity of infection

remain high-dimensional and difficult to be validated with observed viral load datasets (see

Discussion section).

To account for cellular coinfection without resorting to a high-dimensional system,

Koelle et al. (2019) developed a new class of low-dimensional within-host models whose

structure flexibly allows for cellular coinfection [32]. Their model is based on the structure

of epidemiological macroparasite models [37–39], where target cells are analogous to

hosts and virions are analogous to macroparasites. In this model, target cells, either unin-

fected or (singly or multiply) infected, are represented by a single equation, dramatically

reducing the dimensionality [32]. The model was fit to an influenza viral load data set and

was found to perform better than standard influenza viral dynamics model. In addition, it

was able to capture the peak viremia, which the standard viral dynamics model underesti-

mates [32].

Here, we aim to characterize early HIV-1 infection dynamics by four models: the standard

viral dynamics model, the Density-Dependent Cell Death model [19, 21], the MOI model [32]

adapted to HIV-1 dynamics, and a novel model combining multiplicity of infection and den-

sity-dependent cell death. These models are fit to viral load data from 43 participants of the

RV217 study of acute HIV-1 infection [20]. We find that the Density-Dependent Cell Death

model performs best overall, but different models explain differing quantitative features of the

dynamics more accurately.
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Materials and methods

Ethics statement

This paper uses de-identified data obtained previously [20]. The study protocol was approved

by the local ethics review boards and the Walter Reed Army Institute of Research. Written

informed consent was obtained from all participants. The protocol was approved by:

• Walter Reed Army Institute of Research; Human Subjects Protection Board, WRAIR

• Makerere University Walter Reed Project, Kampala, Uganda; National AIDS Review Com-

mittee and the Uganda National Science and Technology Council

• Walter Reed Project, Kericho, Kenya; Kenya Medical Research Institute (OHRP IRB#

IRB00001625) Scientific & Ethical Review Unit (SERU),

• Armed Forces Research Institute of Medical Sciences, Bangkok, Thailand; Royal Thai Army

Medical Department Institutional Review Board

Human HIV viral load data and exclusion criteria

Viral load measurements were obtained from the RV217 study [20]. Participants were

recruited in four locations (Uganda, Kenya, Tanzania and Thailand) between June 2009 and

June 2015. Study participants underwent twice-weekly small-volume blood collection by fin-

gerstick. Once tests for HIV-1 RNA were reactive, large-volume blood samples were collected

twice weekly for 4 weeks. Participants with confirmed HIV-1 infection were enrolled in the

long-term follow-up phase (Fig 1A). We include in our study all participants with at least one

study visit before viral RNA detection, two viral load measurements before inferred peak vire-

mia, and at least 8 viral load measurements in total (Fig 1B for study participants included and

Fig 1C for study participants not included). Day 0 is defined as the day on which the first

blood sample was reactive for HIV-1 RNA using Aptima HIV-1 RNA Qualitative Assay. We

aim to characterize dynamics of acute infection and thus restrict viral load measurements to

the second viral measurement after the nadir for each study participant.

Data analysis

We aim to characterize viral quantitative measures for each study participant’s viral load

curve. These measures include 1) the growth rate, 2) the decay rate, 3) the viral setpoint, 4) the

peak viremia, 5) the timing of viral peak, and 6) a joint measurement of the the peak magni-

tude and timing.

We calculate the growth and decay rates and setpoint for each study participant in the follow-

ing way: we categorize data points as belonging to the growth phase, decay phase or setpoint. We

then fit linear regressions to the growth and decay data points. The slopes of these regressions

are the growth and decay rates. For setpoint, we fit a horizontal line (Fig 2A for an illustration).

Peak magnitude is estimated as the maximum value between the observed maximum viral

load and the intersection of the growth and decay lines. Peak timing is calculated as the time

when the peak magnitude occurs. Finally, to account for both magnitude and timing of the

peak we derive the a joint measurement that incorporates both measures:

peak magnitude-mean peak magnitude
mean peak magnitude

þ
peak timing-mean peak timing

mean peak timing
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Estimated quantitative measures are reported in S1 Table and a summary of those measure-

ments in Fig 2B.

The models

We fit each study participant’s viral loads individually. Fitting complex models to a few data

points would be extremely difficult, but simple models remain appropriate. For this same rea-

son, we do not test models that incorporate immune responses explicitly; such models would

add a number of parameters and our dataset would not be sufficient for model fitting. There-

fore, we focus on simple models.

To investigate infection dynamics among study participants, we use the following four

models:

1. Standard model: The standard viral dynamics model of acute infection was developed to

provide the first estimates of fundamental within-host parameters, such as the viral clearance

rate and the infected cell lifespan [11] and to explore viral decay during treatment [12]. The

standard model is a target cell-limited model, i.e. HIV infection is limited by the availability of

target cells, consisting of three compartments– uninfected cells, infected cells and free virus.

Target cells, T, are produced at rate s, die at rate d and become infected at rate k. Infected cells,

I, die at a constant rate δ and produce HIV-1 virions at rate p. Free virus, V, is cleared from the

blood at rate c (Fig 3A). This model can be summarized in the following system of differential

Fig 1. Viral load measurements from the RV217 study participants. Viral load measurements from A) all 77 participants from the RV217 study, B)

the 43 study participants that were included in our analysis and C) from 34 study participants excluded from our analysis (grey lines) along with

representative viral load trajectories (colored lines).

https://doi.org/10.1371/journal.pcbi.1012129.g001
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equations:

dT
dt
¼ s � dT � kTV ð1Þ

dI
dt
¼ kTV � dI ð2Þ

dV
dt
¼ pI � cV ð3Þ

This target-cell limited model has been shown to capture the dynamics of early infection,

however it produces oscillatory dynamics and tends to underestimate the magnitude of peak

viremia [10].

2. Density-dependent death of infected cells: An alternative model proposed by Holte et al.

[19] was developed to explain the biphasic decay of HIV virus after treatment initiation. This

model allows for nonlinear log decay of infected cell populations, thus capturing in a simple

and rudimentary way aspects of immune responses. The model equations are identical to

those of the standard viral dynamics model, with the exception of δI, which now becomes δIγ.

γ represents density-dependence in the death of infected cells. Note that for γ = 1, this model

reduces to the standard viral dynamics model.

Fig 2. Viral quantitative measurements estimation and summary statistics. A) Example of how quantitative measures are estimated for each study

participant. Points represent viral load measurements. Red points were identified as part of the growth phase and were used to estimate the growth

rate via linear regression (red line). Similarly, the orange and blue points were identified as part of the viral decay phase and setpoint, respectively,

and are graphed with regression lines. B) Summary statistics of quantitative measurements for the 43 study participants included in our analysis.

Peak magnitude refers to the peak viremia predicted by the intersection of the growth and decay lines and peak time, the time when the viral peak

occurs. We also derive a metric for the overal characterization the peak, called peak joint and defined as
peak magnitude-mean peak magnitude

mean peak magnitude þ
peak timing-mean peak timing

mean peak timing .

https://doi.org/10.1371/journal.pcbi.1012129.g002
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3.MOI model: Both of the aforementioned models do not make specific assumptions about

multiple cellular infections. In the case of HIV, however, there is evidence for cellular coinfec-

tion, both in vivo and in vitro [29, 40–42]. Previous models developed to allow for cellular

coinfection are high-dimensional [35] and therefore complicated to ft to available data con-

vincingly. To allow for cellular multiplicity of infection, without resorting to a high-dimen-

sional system, Koelle et al. developed a within-host model that is a close analogy to the

population level macroparasite models [32]. They used it to investigate within-host influenza

dynamics and found an improved characterization of overall dynamics, as well as of peak vire-

mia, motivating us to test this simple model as well. This is again a target cell-limited model

and takes on the following general form:

dH
dt
¼ a � bH � H

X1

i¼0

aipi ð4Þ

dV
dt
¼ H

X1

i¼0

lipi � ZV � bHV ð5Þ

dP
dt
¼ bHV � bH

X1

i¼0

ipi � H
X1

i¼0

iaipi ð6Þ

H represents the total number of target cells. This includes both uninfected and infected cells

Fig 3. Standard viral dynamics model and Macroparasite model. A) Schematic of the standard model. Target cells, T are

sourced at rate s and die at rate d. Virus V infects target cells at rate β. Infected cells, I die at rate δ and produce virions at

rate p. Free virus gets cleared at rate c. B) Schematic of the Macroparasite model. Target cells,Hi are produced at a constant

rate a and die at rate b. Target cells can be uninfected or infected with i virions. Here we demonstrate cells infected with up

to 2 virions. Free virus infects target cells at rate β. Virus-induced mortality of infected cells is αi. Infected cells produce free

virus at rate λi. Virus gets cleared at rate η. In these schematics, c and η represent the same parameter, viral clearance. We

choose to keep them separate to avoid confusion and remain consistent with previous publications.

https://doi.org/10.1371/journal.pcbi.1012129.g003
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with a variable number of virions. Both unifected and infected cells are targets to further infec-

tion. Target cells are produced at a constant rate a and die at rate b.
P1

i¼0
aipi is the infection-

induced mortality of target cells. αi is the death rate of target cells infected with i virions and pi
is the proportion of target cells that are infected with cellular MOI of i. The variable V is the

concentration of free virus.H
P1

i¼0
lipi represents the viral production, where λi is the viral

production rate of cells infected with MOI i. Free virus is cleared at rate η and is lost due to

entry into target cells at rate β. P represents the amount of internalized virus, across all target

cells. βHV captures the increase in internalized virus due to cell entry of free virus. bH
P1

i¼0
ipi

represents the loss of internalized virus due to the background mortality of target cells and

H
P1

i¼0
iaipi represents the loss of internalized virus due to the infection-induced mortality of

target cells (Fig 3B). In the absence of data supporting a more complex formulation, we make

the simple assumption that viral production rates and infection-induced mortality rates scale

linearly with MOI (λi = i � λ, αi = i � α), and that MOI follows a negative binomial distribution

(Koelle et al. 2019), the system becomes the following:

dH
dt
¼ a � bH � aP ð7Þ

dV
dt
¼ lP � ZV � bHV ð8Þ

dP
dt
¼ bHV � bP � aP � a

1þ k
k
P2

H
ð9Þ

where k is the dispersion parameter of the negative binomial distribution [32].

4. Density-Dependent Death of infected cells & MOI: By comparing a density-dependent

infected cell death model to an MOI model, we will evaluate which mechanism dominates in

early infection and therefore explains the data better. But both may be equally important. To

account for both cellular coinfection and density-dependence of infected cell death, in a rela-

tively simple model, we use the MOI model as a basis and incorporate density-dependence

with rate γ. We assume that the sheer number of infected cells enhances the death rate. That

number is reflected in the term
P1

i¼0
aipi in the target cell equation. Similarly, internalized

virus P is removed at a density-dependent way from the term
P1

i¼0
iaipi. These terms become

ð
P1

i¼0
aipiÞ

g
and ð

P1

i¼0
iaipiÞ

g
respectively (for details please refer to the S1 Text).

Following the same simplifying assumptions as in theMOImodel, the system of differential

equations becomes the following:

dH
dt
¼ a � bH � ag

Pg

Hg� 1
ð10Þ

dV
dt
¼ lP � ZV � bHV ð11Þ

dP
dt
¼ bHV � bP � ag

Pg

Hg� 1
1þ

P
H
ð1þ kÞ
k

� �g

ð12Þ

We restrict ourselves to these four simple models. We avoid models incorporating explicit

immune responses, as the inclusion of additional parameters would render it exceedingly diffi-

cult to accurately fit such models to our dataset, given the sparse nature of the data (8–13
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measurements per study participant). We do anticipate that immunity plays a significant role

in the later phase of acute infection dynamics, and in the viral setpoint [8, 10, 19].

Model fitting

We aim to capture the heterogeneity in viral load dynamics among study participants. Our

goal is not to select the best model for the population, but the best model for each study partici-

pant. Therefore, we choose to fit the viral load measurements of each study participant sepa-

rately to each model. We fix the background target cell death rate d = 0.01 per day [10]. We

assume that prior to infection, target cells are at equilibrium and therefore, we set s = d � T0,

and fix the equilibrium target cell count T0 = 106 cells/mL, assuming that 1 in 1000 cells are

available as targets for infection [10, 43]. We fit the mass action infectivity (β), the infected cell

death rate (δ), the viral production rate (p), the viral clearance rate (c), the dispersion parame-

ter of the negative binomial distribution (k) for the MOI models, the intensity of density-

dependence (γ), as well as t0, which is the start of exponential viral growth. We fit the parame-

ters θ of each mathematical model by minimizing the error functional corresponding to the

least squares estimate,

LSEðyÞ ¼
Pn

i¼1
½log

10
ðviÞ � log

10
ðVðti; yÞÞ�

2

n
;

where vi is the viral load measurement of the study participant at time ti, V(ti, θ) is the pre-

dicted viral load at time ti by a specific model, parameterized by θ and n is the number of viral

load measurements for that study participant. We use the optim package in R [44]. We report

the mean, median and standard deviation of estimated parameter values of each model

(Table 1), as well as the estimated values for each study participant (S2–S5 Tables).

Model comparison

To determine which model explains the data set best for each participant, we use the Akaike

Information Criterion (AIC), the Bayesian Information Criterion (BIC) and the corrected

Akaike Information Criterion (AICc). BIC penalizes more heavily for more parameters [45],

and AICc corrects for small sample sizes [46].

In addition to assessing the overall performance of the model, we are interested in evaluat-

ing their ability to predict certain quantitative measures, namely: 1) viral growth rate, 2) viral

peak magnitude, 3) viral peak time, 4) a joint peak measurement that combines both magni-

tude and time, 5) viral decay rate and 6) setpoint. Growth and decay rates are calculated as the

tangents of the growth part and decay part of the fitted viral load curve (Fig 2A). Setpoint is

the steady-state viremia. Peak magnitude is calculated as the maximum viral load and peak

Table 1. Parameter values: Mean values and standard deviation for parameters of each model.

log10 viral production

(virions/cell day)

infected cell death

rate (day−1)

viral clearance

rate (day−1)

mass action infectivity (mL/

virion day)

t0 (days) γ Dispersion

parameter

Standard 2.07(0.71) 0.81(1.22) 9.98(6.94) 6.77 × 10−7(1.72 × 10−6) −8.41

(6.77)

Density-Dependent

Cell Death MOI

3.04(0.73) 2.08(1.39) 13.1(9.37) 1.42 × 10−7(3.5 × 10−7) −6.13

(5.12)

1.04

(1.03)

2.29(0.81) 1.04(0.99) 11(10.02) 6.8 × 10−7(1.9 × 10−6) −11.3

(8.1)

3.01(3.89)

Density-Dependent

Cell Death & MOI

2.7(1.14) 2.3(3.13) 10.74(3) 1.69 × 10−6(6.8 × 10−6) −9.03

(4.61)

1.02

(1.02)

9.75(16.9)

https://doi.org/10.1371/journal.pcbi.1012129.t001
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timing is the time when the maximum viral load occurs. The joint measurement for the peak is

sum of the difference between the magnitude and the timing weighted by the respective

means, as described above,

peak magnitude-mean peak magnitude
mean peak magnitude

þ
peak timing-mean peak timing

mean peak timing
:

The model that explains best a quantitative measure, is one where the model-predicted

value is closest to the data-observed value across all study participants. To assess that, we calcu-

late a linear regression between the data-derived and the model-predicted values. Note that

here, our objectives are different, we assume we know the quantity of interest, measured in the

data (e.g. viral peak) and want to know how well the model derived quantities match those

across all individuals. This is achieved (theoretically) when the intercept is zero and the slope

1, i.e. we have a perfect match between data-derived and model-derived quantities. In this case

the estimated regression is y = x, so overall, the model-derived peak is closest to the data-

derived peak. Therefore, the model that explains a quantitative measure best is the one for

which the regression coefficient is closest to 1 and the intercept is closest to 0, meaning that

the model-predicted value is closest to the data-derived value. To evaluate the regression lines,

we use R2, which helps in assessing how well the independent variable (here we assume is the

model-derived quantitative measure) explain the variability observed in the dependent vari-

able (i.e. data-derived quantitative measure). A higher R2 value indicates a better fit, meaning

that a larger proportion of the variance in the data-derived measure is explained by the model-

derived measure.

Results

The Density-Dependent Cell Death model outperforms by AIC, BIC: We report the fitted param-

eter values for each study participant and each model (S2–S5 Tables) and the fitted curves to

the viral load measurements of each study participants (Figs 4, and S1–S43). We observe that

all models perform comparably well. Table 1 contains the mean values of the estimated param-

eters for each model. The mean values of the infected cell death rate and viral clearance rate

for all models appears to be higher compared to reported values for acute infection [10]. Mean

values for viral production rate and mass action infectivity are comparable to reported values

[10, 26]. Finally, model-predicted burst sizes are higher for the Density-Dependent Cell Death

model (Fig 5), even though the Macroparasite & Density-Dependent Cell Death model allows

for a longer tail of higher burst sizes (for burst size estimation, please refer to S2 Text). These

estimates are still underestimations of the burst size, but more consistent with the values pro-

vided for Simian Immunodeficiency Virus (SIV) [16]. We also note that the Density-Depen-

dent Cell Death & MOI model is more difficult to fit.

We first compare the performance of each model by computing the Akaike Information

Criterion (AIC), the Bayesian Infromation Criterion (BIC) and the corrected Akaike Informa-

tion Criterion (AICc). Table 2 reports the number of study participants for which a particular

model is selected by each estimator. The Density-Dependent Cell Death model is selected by

AIC and BIC for the majority of study participants (24 out of 43 study participants). AICc

selects overwhelmingly for the Standard model (39 out of 43), suggesting that the standard

model performs better for a small number of data points. Using AIC, BIC and AICc, we are

interested in determining if other models perform comparably well to the best model for each

study participant. In Table 2, we also report for how many study participants a model fit yields

the lowest or comparable to the lowest AIC, BIC and AICc (i.e. a difference of< 4 [47]). We

find that the Density-Dependent Cell Death model still outperforms by AIC and BIC, whereas
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the Standard model outperforms by AICc. However, for a considerable number of study par-

ticipants, the standard model provides comparable fits to the density-dependent model (using

AIC—29 participants, or BIC—32 participants). The MOI and Density-Dependent & MOI

models consistently underperform by AIC, BIC and AICc (Tables 2, S6 and S7).

The AIC, BIC and AICc provide an estimate for the goodness of fit for each model, taking

into account model complexity. We are interested in determining how well these models can

predict specific viral quantitative measurements namely, the growth rate, the peak, the peak

timing, the decay rate and the setpoint. To determine how well each model explains a quantita-

tive measurement, we fit a linear regression between the data-derived and the model-derived

values of that quantitative measurement. The model that describes the quantitative measure-

ment the best is the one for which the regression coefficient is closest to 1, the intercept is clos-

est to 0 and has the highest R2. Table 3 contains the regression fits for each model. Fig 6 shows

the data-derived and model-derived quantitative measures and the respective regression lines.

All models overestimate the growth rate: We find that the growth rate is best explained by

the Density-Dependent Infected Cell Death model. Notably, the Standard model and the Den-

sity-Dependent Infected Cell Death & MOI model provide growth rate estimates that deviate

significantly from the growth rate determined from data (Tables 3 and S8). All models tend to

predict fast growth, much faster than the data suggests. We hypothesize that this may attribut-

able to a central assumption of all models: mass action infectivity of target cells. The models

we explore do not incorporate the effects of spatial structure in the viral population that may

be important especially in early dynamics before the infection becomes systemic. For HIV

there is evidence for a spatial structure coming from genetic compartmentalization of the virus

[35, 48, 49].

Fig 4. Model fits to study participant viral loads. Viral load measurements for four representative study participant

(black points) and fitted curves for the Standard model (blue line), Density dependent death of infected cells(DDDI)

model (cyan line), MOI model (red line) and Density dependent cell death model & MOI model (orange line). There are

study participants where all models are comparably good at capturing the viral load data (A and B), whereas others (C)

where they do not. We also show a case where the MOI model is better able to capture the viral peak (D).

https://doi.org/10.1371/journal.pcbi.1012129.g004
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Models including cellular coinfection more accurately predict peak viral loads: All models

account for peak magnitude (Tables 3 and S9), with the Density-Dependent Cell Death &

MOI model emerging as the most effective choice. When it comes to pinpointing the timing of

the peak, the MOI model outperforms the others (Tables 3 and S10). Additionally, our com-

prehensive measure of the peak, which integrates both its magnitude and timing, is more aptly

explained by the MOI model, as shown in Tables 3 and S11. These findings strongly imply that

burst-size heterogeneity plays a pivotal role in elucidating the dynamics of the viral peak. Our

hypothesis revolves around the idea that cellular coinfection, more likely in regimes of high

viremia, results in increased viral output as compared to single-virion cell infection. This

Fig 5. Estimated burst size distributions. Violin plots of the estimated viral burst sizes (on the log10 scale) along with

the median estimates (black dashed lines) for the all models. For the Standard and Macroparasite models, burst size

remains constant throughout the course of acute infection (blue violins). For the models incorporating density-

dependence in the death of infected cells DDDI, burst size changes over time and here we report the minimum (pink

half-violin) and maximum estimates (soft pink half-violin). Details of the burst size calculations are included in the S2

Text.

https://doi.org/10.1371/journal.pcbi.1012129.g005

Table 2. AIC, BIC and AICc. Each row of the table represents for how many study participants the AIC/BIC/AICc is the lowest or comparable to the lowest.

AIC AIC not different BIC BIC not different AICc AICc not different

Standard 17 29 17 32 40 40

Density-Dependent Cell Death MOI 24 36 24 35 1 5

0 4 0 4 0 0

Density-Dependent Cell Death & MOI 2 7 2 6 2 2

https://doi.org/10.1371/journal.pcbi.1012129.t002
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Table 3. Comparison of quantitative measurements: We report the coefficient, intercept (related p-values in parentheses) and R2 of the linear regression fit to the

data-derived and model-derived growth rate for each model tested. Regression lines are depicted in Fig 3.

Measurement Model Coefficient Intercept Adjusted R2

Growth Rate Standard 0.29 (3.57 × 10−8) 0.2 (0.0003) 0.14

Density-Dependent Cell Death MOI 0.71 (0.014) 0.03 (0.59) 0.47

0.69 (0.006) 0.06 (0.18) 0.49

Density-Dependent Cell Death & MOI 0.27 (5 × 10−6) 0.22 (0.0008) 0.06

Peak Magnitude Standard 0.93 (0.15) 0.73 (0.03) 0.89

Density-Dependent Cell Death MOI 0.91 (0.12) 0.9 (0.03) 0.85

0.9 (0.01) 0.84 (0.0013) 0.94

Density-Dependent Cell Death & MOI 0.98 (0.69) 0.39 (0.16) 0.93

Peak Time Standard 0.62 (9.44 × 10−5) 5.32 (1.65 × 10−6) 0.54

Density-Dependent Cell Death MOI 0.63 (4.27 × 10−5) 4.01 (0.0003) 0.6

0.84 (0.09) 2.1 (0.08) 0.65

Density-Dependent Cell Death & MOI 0.71 (0.009) 3.3 (0.02) 0.51

Joint Peak Measurement Standard 0.55 (7.33 × 10−8) 0.89 (1.09 × 10−7) 0.6

Density-Dependent Cell Death MOI 0.7 (0.0003) 0.6 (0.0003) 0.68

0.81 (0.04) 0.38 (0.04) 0.66

Density-Dependent Cell Death & MOI 0.66 (0.003) 0.69 (0.003) 0.47

Decay Rate Standard 0.68 (0.03) −0.07 (0.003) 0.38

Density-Dependent Cell Death MOI 0.88 (0.45) −0.02 (0.46) 0.41

0.5 (0.0005) −0.08 (0.0003) 0.26

Density-Dependent Cell Death & MOI 0.67 (0.027) −0.05 (0.7) 0.33

Setpoint Standard 0.6 (0.0023) 1.07 (0.11) 0.4

Density-Dependent Cell Death MOI 0.6 (0.001) 1.6 (0.09) 0.43

0.59 (0.001) 1.11 (0.08) 0.41

Density-Dependent Cell Death & MOI 0.65 (0.008) 0.83 (0.21) 0.43

https://doi.org/10.1371/journal.pcbi.1012129.t003

Fig 6. Regressions for all viral quantitative measures. Data-derived and model-derived quantitative measurements

(solid points) for each study participant and model, along with the fitted linear regression lines (solid lines) for the

growth rate (A), peak magnitude (B), decay rate (C), peak time (D), joint peak measurement(E) and setpoint (F). The

model that explains best a quantitative measurement is the one where the model-derived value is closest to the data-

derived value, i.e the fitted linear regression is closest to the y = x line (dashed line). Statistical summaries of the fitted

regressions can be found in Table 3.

https://doi.org/10.1371/journal.pcbi.1012129.g006
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ability to infect a cell multiple times diminishes the constraints imposed by target cell limita-

tion, ultimately leading to higher peak viremia.

Models with density-dependent death better predict post-peak decay: the decay rate is better

explained by the Density-Dependent Cell Death model (Tables 3 and S12), suggesting that

immune responses are increasingly important in explaining viral dynamics. It should be noted

that the Standard model is nested within the Density-Dependent Cell Death model. The pres-

ence of the γ parameter in the Density-Dependent Cell Death model, allows for more flexibility

to capture both fast and slow decays.

All models overestimate the setpoint: Even though the setpoint is better explained by the

Density-Dependent Cell Death & MOI model (Tables 3 and S13), it should be noted that none

of the models is particularly successful in explaining it. All models overestimate viral setpoint,

which suggests that there are additional mechanisms at play not accounted for in our

modeling.

Discussion

In this study, we tested four mathematical models, each incorporating different hypotheses, to

investigate acute infection dynamics in 43 people tested very early after HIV exposure. It

should be noted that this is a particularly rich dataset, since for the study participants included

in this analysis, there are at least 8 viral load measurements some of which were detected

before peak viremia. We find that the Density-Dependent Cell Death model is relatively better

at fitting these viral load measurements AIC/BIC. However, different models are better as

describing different quantitative measurements of acute HIV infection, namely the growth

and decay rates, peak viremia and setpoint. We fit the models to each study participant sepa-

rately, because we interested in describing the heterogeneity in viral dynamics among study

participants. This also informs our model choices: we focus on simple models, as the small

number of viral measurements per study participant would not allow the fitting of more com-

plicated models with a higher number of parameters. The Density-Dependent Cell Death

model provides the best fit by AIC and BIC, which is consistent with the results of Reeves et al.

(2021) [21]. Reeves et al. fitted several compartmental models to the RV217 dataset in a non-

linear mixed-effects framework and determined that the model explaining the data best is the

Density-Dependent Cell Death one [21]. For their fitting, they fix the viral clearance rate to 23

day−1. We estimated a mean value of 13.1 day−1, which is lower compared to their fixed value.

We also find mass action infectivity to be approximately three orders of magnitude lower com-

pared to their estimates. In contrast, we find the infected cell death rate to be an order of mag-

nitude higher compared to Reeves et al’s estimates. Surprisingly, the simple target cell-limited

model also provides reasonable fits, and with fewer parameters is often the best model by

AICc.

Peak viremia, both its timing and magnitude, is best explained by models that incorporate

cellular coinfection. This is analogous to Koelle et al. [32]. In their study, they validated their

MOI model using within-host data from ponies experimentally infected with influenza virus A

subtype H3N8. In addition to finding by model selection that the MOI model performs better

than the standard model, it also captures the peak more effectively than the standard model,

which tends to underestimate it, both for influenza and HIV. It appears that allowing for mul-

tiple cellular infections in the modeling framework and permitting increased viral production

rates for multiply infected cells, increases plasma viremia closer to observed peak levels.

Regarding the magnitude of the peak, we find that the combination of MOI and Density-

Dependent Cell Death is most successful at capturing it. This finding suggests that immune

responses start to appear and play a role in viral dynamics. The decay rate is also best explained
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by the Density-Dependent Cell Death model, indicating that the effect of immune responses is

exacerbated. Our results support that immune responses contribute to the initial decline in

viral load, but do not exclude the effect of target cell limitation, as suggested by Philips (1996)

[9, 10]. Indeed there have been observations that suggest that the immune systems controls

viremia during primary infection: there is an negative association between an increase in CTL

frequency and a decline in viremia [8]. In addition, there has been documented an inverse cor-

relation between the setpoint viral load and the number of effector CTLs [10, 50].

We found that the model that describes the setpoint best is the Density-dependent cell

death model & MOI, indicating that both mechanisms incorporated may be important in

explaining viral dynamics. Nevertheless, no model, including the Density-dependent cell

death model & MOI model one is particularly successful in explaining the setpoint, as is dem-

onstrated by both the regression coefficient and the adjusted R2. This suggests that these mod-

els are not enough to explain setpoint. Adaptive immune responses are already present and

may play an important role in controlling the virus. Instead a model that explicitly incorpo-

rates adaptive immune responses is expected to explain setpoint dynamics more effectively.

Cellular coinfection in people with HIV has been experimentally demonstrated [29, 40–42].

The coinfection of a cell with multiple virions can lead to the formation of new recombinant

viruses [29], which in turn can affect host adaptation [30, 35], as well as the emergence and

spread of drug resistance [31, 51–53]. Indeed higher viral loads are associated with higher

recombinations rates, suggesting that recombination varies dynamically over time [54]. The

MOI model developed by Koelle et al. [32] is not the first attempt to model cellular coinfection.

A class of ODE models was developed by Wodarz & Levy [35], Guo et al. [36] and Dixit & Per-

elson [18, 33]. These models are high-dimensional and, to our knowledge, have mainly been

used to derive qualitative conclusions about viral dynamics. In the MOI model, we make cer-

tain assumptions, namely that both the viral production rate, λi, and the infected cell death

rate, αi, scale linearly with MOI, i (λi = λ � i, αi = α � i). This assumption is consistent with

Koelle et al. (2019) [32]. Regardless, there are different burst size distributions that could be

explored by the model. Indeed, an increased burst size can alter basic infection dynamics:

under this scenario, virus population does not follow straight exponential growth, but the rate

of exponential growth can increase over time, as viremia increases [34], with effects on host

adaptation. Despite these theoretical predictions, there are no empirical experiments on HIV

that quantify these relationships.

Even though all models are able to describe the viral load dynamics of acute HIV infection,

no single model can fully capture those dynamics, since different ones describe different quan-

titative measures best. We focused on simple models. There are, however, more complex mod-

els that could be tested that incorporate a variety of mechanisms; for example: models that

incorporate the dynamics of the latent reservoir [55–63]; models that incorporate immune

responses [28, 64, 65]; models that include both the latent reservoir and immune responses

[26, 66]; models that incorporate an eclipse phase between cell infection and viral production

[67–70]; models separating target cells into long- and short-lived [71]; models that include

other types of target cells such as macrophages [72]; and models of evolution, such as viral

competition [73].

AIC, BIC and AICc are valuable in evaluating the overall goodness of fit and to compare

models of different number of parameters. However, as our results suggest, these estimators

do not provide a complete picture of a model’s performance. Even though a particular model

best explains overall dynamics, different models explain different specific aspects of the

dynamics. For example, we find that overall, HIV-1 acute infection dynamics are best

described by a Density-Dependent Infected Cell Death model [19], yet peak viremia is best

explained by the MOI model [32]. This suggests that if we are interested in the viral peak,
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instead of the Density Dependent Infected Cell Death, we should use the MOI model. In spite

of these, we find that all models provide insight into the viral kinetics and within-host dynam-

ics of acute HIV infection.

All analysis code, along with a simulated test dataset are available at https://github.com/

elliemainou/acute-infection.
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(PDF)

S5 Fig. All model fits to study participant 6. We provide the fitted curves of the four models

(solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S6 Fig. All model fits to study participant 7. We provide the fitted curves of the four models

(solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S7 Fig. All model fits to study participant 8. We provide the fitted curves of the four models

(solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S8 Fig. All model fits to study participant 11. We provide the fitted curves of the four models

(solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S9 Fig. All model fits to study participant 12. We provide the fitted curves of the four models

(solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S10 Fig. All model fits to study participant 20. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)
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S11 Fig. All model fits to study participant 21. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S12 Fig. All model fits to study participant 22. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S13 Fig. All model fits to study participant 23. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S14 Fig. All model fits to study participant 24. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S15 Fig. All model fits to study participant 25. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S16 Fig. All model fits to study participant 26. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S17 Fig. All model fits to study participant 27. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

PLOS COMPUTATIONAL BIOLOGY Modeling dynamics of acute HIV infection

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012129 June 7, 2024 19 / 28

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012129.s026
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012129.s027
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012129.s028
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012129.s029
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012129.s030
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012129.s031
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012129.s032
https://doi.org/10.1371/journal.pcbi.1012129


0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S18 Fig. All model fits to study participant 28. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S19 Fig. All model fits to study participant 29. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S20 Fig. All model fits to study participant 31. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S21 Fig. All model fits to study participant 32. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S22 Fig. All model fits to study participant 33. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S23 Fig. All model fits to study participant 34. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)
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S24 Fig. All model fits to study participant 37. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S25 Fig. All model fits to study participant 40. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S26 Fig. All model fits to study participant 41. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S27 Fig. All model fits to study participant 42. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S28 Fig. All model fits to study participant 44. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S29 Fig. All model fits to study participant 46. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S30 Fig. All model fits to study participant 48. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time
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0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S31 Fig. All model fits to study participant 49. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S32 Fig. All model fits to study participant 52. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S33 Fig. All model fits to study participant 55. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S34 Fig. All model fits to study participant 57. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S35 Fig. All model fits to study participant 58. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S36 Fig. All model fits to study participant 59. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)
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S37 Fig. All model fits to study participant 61. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S38 Fig. All model fits to study participant 62. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S39 Fig. All model fits to study participant 64. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S40 Fig. All model fits to study participant 65. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S41 Fig. All model fits to study participant 67. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S42 Fig. All model fits to study participant 71. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time

0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)

S43 Fig. All model fits to study participant 73. We provide the fitted curves of the four mod-

els (solid lines) to the viral load measurements (points). The black line represents the Standard

model, the green line shows the Density-dependent cell death model, the pink line shows the

MOI model and orange line represents the Density-dependent cell death & MOI model. Time
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0 is the day of the first positive result in the Aptima HIV-1 RNA Qualitative Assay and a quan-

titative viral load measurement was not taken at that day.

(PDF)
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