
The relationship between the rate of spread of HIV in
the population and the virus evolutionary rate

Alexandre Coelho Silva
alexandre.coelho.s@tecnico.ulisboa.pt
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Abstract

HIV-1 infection is nowadays a chronic disease when before was a death sentence. HIV-1 mutates quite
easily and fast so that one of the barriers that still persist in finding a cure or a vaccine is the escape
and evasion mechanisms of this retrovirus. Many factors influence the outcome of an epidemic and
in order to assess any relationship between rate of spread of the disease and the virus evolutionary
rate an agent-based model was used. Within-host evolution was integrated in the model in the form of
genetic distance to further assess the relationship with across-host rate of spread. Different scenarios,
contemplating only acute, only chronic or both transmissions were simulated and the influence of
super-spreaders in the epidemics outcome was evaluated. The model was validated with data from
the Latvia epidemic (1987-2010). In fact results suggest that there is an inverse relationship between
rate of spread of the disease and evolutionary rate. Moreover, the speed of spread is enhanced by
super-spreaders and epidemics are sustained by most infections occurring in acute phase, however
acute phase transmissions alone are unlikely to sustain an epidemic. Higher divergence rates are
associated with longer periods of time that virus replicates within-host before transmission.
Keywords: HIV-1 evolution, Epidemiology, Infection Dynamics, Modeling, Agent-Based, Viral divergence

1. Introduction

A current challenge in public health is the HIV pan-
demic, which accounts for more than 75 million in-
fections so far [1]. In 2018, 1.7 million people be-
came infected with HIV-1 and since the start of the
epidemic, 30 million people died from AIDS[2]. De-
spite the decrease in AIDS related mortality and
new infections, the disease is still a major cause
of concern, with 37.9 million people living with HIV
in 2018. [2] A very important aspect is that an in-
fected person may not develop symptoms in the
short term, being able nonetheless of spreading to
other susceptible if any encounter takes place[3].

HIV-1 is a diploid retrovirus and targets CD4+
lymphocytes[4]. Once within a cell the viral
genome is reverse transcribed to DNA by the virus’
own transcriptase, which lacks proofreading ac-
tivity, having mutation rates ranging from 10−6 to
10−4 mutations per base per replication cycle[5,
6]. This feature permits a rapid evolution of the
virus[7]. Genetic diversity is driven by host pres-
sures, mainly through the immune system[8, 6]. Af-
ter replication, the new virions go on infecting new
CD4+ T cells in a repetitive cycle[5]. In some cel-
lular infections, the virus may remain silent, or in a
latent phase[6, 5]. HIV-1 genetic information evolu-

tion is described in terms of diversity (genetic vari-
ation at a given time) and divergence (genetic dis-
tance to a reference point - most times, to a founder
virion)[9].

According to the time since infection and the
markers present in the blood it is possible to enu-
merate three disease stages. The acute phase
is described by a high infectiousness probability
due to a peak in plasma viremia, around 21 to
28 days post-infection, resultant from fast HIV-1
replication[10] - for this reason, a person in the
acute phase is highly contagious (Figure 1)[11, 12].
By this time there is an observed destruction of
helper T cells reservoirs with the establishment of
viral latency - integration of the viral DNA in the
T cell genome[11, 13]. After this phase, the in-
fection enters the chronic phase when there is
a stable level of the plasma viremia known as vi-
ral set-point. This measure can be used to pre-
dict disease progression - a low viral set-point is
related to a lower CD4+ T cell depletion, mean-
ing that the chronic phase will last longer, delaying
the progression to AIDS[6]. In the course of the
said stage the HIV-1 population experiences pres-
sures from the immune system which drive and
propel genetic evolution[10]. The chronic phase
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Figure 1: Relative amount of CD4+ T cells over the 3 stages of
HIV-1 infection[6].

lasts on average 10 years, but is highly variable
among individuals[14, 9]. The progression to AIDS
happens when further depletion of the CD4+ T cell
counts makes it reach values under 200/ml. In this
phase, the immune system no longer performs its
functions as it is completely devastated[10, 6].

2. HIV modeling
Mathematical modeling and simulation have be-
come a widely used tool in epidemiology since
the appearance of computers which allow to run
complex and elaborate models in order to de-
rive and extract knowledge from epidemiological
data[15, 16].

It is possible to describe the infection dynam-
ics either with compartment models (CM) or agent-
based models (ABM). Compartment models divide
the population in susceptible and infected, in the
simplest case - SI model. Transitions between dif-
ferent compartments occur according to a certain
law or mathematical description - transition rate.
The main drawback of compartment models is that
it is not possible to describe a heterogeneous pop-
ulation with it or explore the details of each member
of the population. These types of models may be
deterministic, being each compartment described
by systems of differential equations, or incorporate
stochastic aspects[17].

On the other hand, agent-based models reveal
as a better fit solution to describe a heterogeneous
population. This type of models simulates a collec-
tion of autonomous decision-making entities, the
said agents which interactions are also considered
by the model. The ABMs are tailored by object-
oriented, discrete-event, rule-based and stochastic
formalism. Each agent behaves according to a set
of rules and stores its properties, for instance, in
a set of variables[18, 19]. Thus, ABM captures a

lower level of the system where it is possible to fol-
low a single agent temporally and spatially in the
whole simulation[16].

The main advantage of ABM over other model-
ing paradigms is the heterogeneity it conveys. Be-
sides this, using ABMs it is possible to retrieve pat-
terns at the macro level by analysing the interac-
tions at the agents level[19]. One aspect where
ABMs lack the most is in terms of computational
requirements: having to cycle through millions of
agents, and their properties, it may escalate be-
yond the computational power and ability to handle
complexity. Therefore running multiple simulations
in order to obtain representative results may not be
feasible[19, 18, 16].

3. Methodology
The model used is an adaptation of Graw et al
(2012)[14]. In the present work an ABM was im-
plemented to investigate the relationship between
the rate of spread of an epidemic and the virus
evolutionary rate. It was empirically observed that
faster epidemics result in slower viral evolution and
slower epidemics on faster viral evolution. We hy-
pothesize that this is related to the proportion of
infections happening in acute and chronic phases.

The model was implemented in R language[20],
and the IDE used was R Studio. Data analysis was
also performed using R language, version 3.6.1.
[20].

Each simulation starts with 3 infected agents and
these index agents are not allowed to be super-
spreaders. The simulation evolves in a time-step
of one week and ends when the epidemic reaches
10000 infected agents or the simulation duration is
attained.

When a susceptible agent is infected, a new in-
fected agent is created and it is instantly calculated
the time of death of the new infected agent. The
infection event has an associated probability given
by Poisson random deviates, with mean value of
the product of the infecting agent infectivity and
the number of susceptible individuals, in the in-
fecting agent social group. The infected agents
incorporate two different infectivities, one to char-
acterize the acute phase infectivity and another for
the chronic phase. Consequently, super-spreaders
also have specific infectivities during acute and
chronic phases. An infected agent is therefore de-
scribed by an unique id, time of death and param-
eters of phase-specific infectivities.

To measure the divergence Equation 1 below
was used. This mathematical description is based
on Lee et al [9], which inferred the relationship de-
picted in Equation 1 from Shankarappa and col-
leagues work (1999)[21]. The integration of intra-
host virus evolution in the model represents the
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Table 1: The scenario-specific parameters which minimize sum
of squares error while originating considerable epidemics - base
setting parameters.

scenario acute
infectivity

chronic
infectivity

ss acute
infectivity

ss chronic
infectivity

C 0 2e-5 0 0
A 2e-4 0 0 0

AC 8e-5 8e-6 0 0
CS 0 8e-6 0 4e-4
AS 9e-5 0 4.5e-3 0

ACS 6e-5 6e-6 3e-3 3e-4

novelty of the work here proposed in which the
use of an ABM allows to track each individual of
the model portraying epidemiological and disease
spread dynamics.

Virus divergence, for each individual, was calcu-
lated through the divergence of the infecting virus
plus the within-host accumulated divergence over
the time of infection, which is given by Equation 1.
That is, at each transmission event, a virus with the
current divergence within the infecting agent (div0)
is transmitted to the newly infected individual. In
the recipient, viral divergence accumulation again
follows Equation 1, but adding to div0. Thus, the
div0 of each agent is the sum of the virus diver-
gence at infection time of the agent who infected
him, plus the virus divergence at infection time of
the agent who infected the agent who infected him,
and so on, until one of the three index patients is
reached.

d(t) =


µ1t t < T1

µ1T1 + µ2(t− T1) T1 < t < T2

ds + (dmax − ds(1− exp
(

−µ2(t−T2)
dmax−ds

)
)) T2 < t < T3

(1)
where dmax = 0.075, ds = µ1T1 + µ2(T2 − T1),

µ1 = 0.0001/month and µ2 = 0.0006/month,
month = 4 weeks. The acute phase duration was
of 12 weeks, T1 = 12 and the chronic phase lasted
until 2920/7 weeks post infection, T2 = 2920/7.

divi(t) = div0 + d(t− tinf ) (2)

In order to obtain some realistic dynamics for the
model, it was an objective to reproduce the ob-
servational data of Latvia epidemics (1987-2010)
studied by Graw et al[14]. To simplify, in all our
simulation scenarios, we chose the infectivity of
the acute phase to be 10 times larger than the in-
fectivity of the chronic phase, which is in agree-
ment with higher viral loads in the acute phase.
Some scenarios include the possibility of super-
spreaders (ss), which are infectious people with
larger infectivities than normal. In the initial scenar-
ios, super-spreader infectivities are 50-fold higher
than normal infectivities (both in the acute and
chronic phases). Finally, we considered three ex-
treme cases: i) simulations with no infections oc-

(a)

(b)

Figure 2: The divergence curve profile, of arbitrary units, (d(t)
- Equation 1) for each infection stage that the virus will experi-
ence within-host 2(a) 0-15 weeks and 2(b) 0-900 weeks, total
simulation time. Based on the work of Lee et al[9]

curring in the acute phase; ii) simulations with
no infections occurring in the chronic phase; and
iii) simulations with infections both in the acute
and chronic phases. Each case, with and without
super-spreaders. These scenarios are labeled in
Table 1 as: i) C; ii) A; iii) AC, without the super-
spreaders and as CS, AS, ACS, respectively, with
the super-spreaders. All these simulations kept the
susceptible population (8500) constant. Several
preliminary simulations were ran and the respec-
tive data analysis performed, which showed that no
single set of infectivity parameters was able to give
rise to consistent amount of total infected agents
in all scenarios. To illustrate this, when consider-
ing a given set of infectivities, it was not possible to
find a set that at the same time would give rise to
epidemics in scenarios A and AS and to epidemics
that did not grow too fast (reaching 10000 infected
people in less than 4 weeks, for instance) in sce-
narios AC and ACS. Since no single set of pa-
rameters would generate credible epidemics for the
whole set of scenarios, the approach was changed
to finding a set of parameters that would lead to
plausible epidemics, as similar as possible to the
Latvia data, for each scenario - See Table 1.

Besides studying the scenarios originated by
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Table 2: Settings for the different simulations scenarios to study
super-spreaders and disease-phase stage influence on the epi-
demic behavior.

L1 - 85000 susceptible
Scenario Super Spreaders acute chronic ss acute ss chronic
C 0 0 7.50E-07 0 1.25E-04
A 0 7.50E-06 0 1.25E-03 0
AC 0 7.50E-06 7.50E-07 1.25E-03 1.25E-04
CS 0.03 0 7.50E-07 0 1.25E-04
AS 0.03 7.50E-06 0 1.25E-03 0
ACS 0.03 7.50E-06 7.50E-07 1.25E-03 1.25E-04

L2 - 85000 susceptible
Scenario Super Spreaders acute chronic ss acute ss chronic
C 0 0 7.50E-07 0 3.75E-06
A 0 7.50E-06 0 3.75E-05 0
AC 0 7.50E-06 7.50E-07 3.75E-05 3.75E-06
CS 0.03 0 7.50E-07 0 3.75E-06
AS 0.03 7.50E-06 0 3.75E-05 0
ACS 0.03 7.50E-06 7.50E-07 3.75E-05 3.75E-06

L3 - 85000 susceptible
Scenario Super Spreaders acute chronic ss acute ss chronic
C 0 0 2.50E-06 0 1.25E-05
A 0 2.50E-05 0 1.25E-04 0
AC 0 2.50E-05 2.50E-06 1.25E-04 1.25E-05
CS 0.03 0 2.50E-06 0 1.25E-05
AS 0.03 2.50E-05 0 1.25E-04 0
ACS 0.03 2.50E-05 2.50E-06 1.25E-04 1.25E-05

S1 - 8500 susceptible
Scenario Super Spreaders acute chronic ss acute ss chronic
C 0 0 2.50E-05 0 1.25E-04
A 0 2.50E-04 0 1.25E-03 0
AC 0 2.50E-04 2.50E-05 1.25E-03 1.25E-04
CS 0.03 0 2.50E-05 0 1.25E-04
AS 0.03 2.50E-04 0 1.25E-03 0
ACS 0.03 2.50E-04 2.50E-05 1.25E-03 1.25E-04

base setting fitting the simulations to the Latvia
data, we were interested in varying other param-
eters in order to explore the effects of different sus-
ceptible population size, varying super-spreaders
infectivity and examining transmission profiles with
more extreme infectivities (looking for any patterns
linked to this variable). The extra simulated scenar-
ios are presented in Table 2. The parameters were
adjusted after performing preliminary simulations
taking into account that the simulations should give
rise to epidemics that do not die out. For each set-
ting, we simulated the six scenarios C, A, AC, CS,
AS, ACS.

4. Results

In general, we only analyzed simulations that over-
came a certain threshold of infected individuals,
typically more than 100. The two main variables
of interest were the rate of epidemic growth and
the rate of divergence of the virus. These were cal-
culated, for each simulation, in sliding windows of
500 infected individuals each. The rate of epidemic
growth is expressed in new infected agents/week
and the rate of divergence in the same units as the
divergence from Equation 1 per week. In addition,
we also analyzed the proportion of transmissions
happening at each disease stage.

Infection dynamics with only acute phase
transmissions from the simulations performed
with the parameters explicit in Table 1, without and

(a) scenario A (b) scenario AS

Figure 3: Infection dynamics of the scenarios A and AS with
only acute phase infectivity with and without super-spreaders.

(a) scenario C (b) scenario CS

Figure 4: Infection dynamics of the base setting, scenarios
C and CS with only chronic phase infectivity with and without
super-spreaders. The orange thick line is the Latvia epidemic,
for comparison purposes.

with super-spreaders, scenarios A and AS, are
shown in Figure 3

Interesting enough is that epidemics with only
acute phase transmission have only the profile
shown, with a fast growing phase and then a phase
where the epidemic dies out. No other shape
of epidemic was seen in the hundreds of sim-
ulations run. Therefore, in this scenario it was
not possible to replicate the Latvia epidemic curve
shape. This observation suggests that predomi-
nantly acute phase transmissions give rise to epi-
demics growing relatively fast. It is possible to see

(a) scenario AC (b) scenario ACS

Figure 5: Infection dynamics of the scenarios AC and ACS with
acute and chronic phases infectivities, without and with super-
spreaders - base setting. The orange thick line is the Latvia
epidemic, for comparison purposes.
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(a) settings L1 and L2 (b) settings L3 and S1

Figure 6: Infection dynamics of the shown settings, in scenar-
ios with only acute phase infectivity, scenarios AS, with super-
spreaders

(a) settings L1 and L2 (b) settings L3 and S1

Figure 7: Infection dynamics of the shown settings, in scenarios
with only chronic phase infectivity, scenarios CS, with super-
spreaders

that scenario AS (Figure 3(b)) originates larger epi-
demics, with more infected agents, which is under-
standable, given the presence of super-spreaders.

The results from the remaining model settings
are shown in Figure 6. Regarding L1 and L2 set-
tings, where both settings had the same acute in-
fectivity for non-super spreaders infected agents,
only L1 produced epidemics with meaningful num-
bers of infected agents. This indicates that super-
spreaders infectivities influence the outcome of the
epidemic. In particular, super-spreaders’ infectiv-
ities similar to those of L1 are able to sustain an
epidemic.

In relation to L3 and S1 settings, Figure 7(b),
we see that both settings have the same initial be-
haviour until the S1 setting starts to slow down.

Comparing L3 with S1, these settings differ
in susceptible population size and in infectivities
(super-spreaders infectivities kept constant), we
clearly see that a higher population size associated
with lower infectivities better originates epidemics
than a lower population size with higher infectivi-
ties - L3 leads to bigger epidemics than S1. We
compare these two settings, L3 and S1, because
they differ in their population size and infectivities,
in complementary ways - Table 2 - the suscepti-
ble population size of L3 is 10 times higher than
S1’s but the L3 infectivities are 10 times lower than

S1’s. We conclude that the trade-off between num-
ber of susceptibles and infectivity is responsible for
the same initial behavior in the two settings. The
overall conclusions apply to the remaining scenar-
ios of these two settings (data not shown).

Infection dynamics with only chronic phase
transmissions of the base setting, scenarios C
and CS (without and with super-spreaders, re-
spectively), are shown in Figure 4. These results
show that in the absence of ss there is a lower
stochasticity regarding the initiation of an epidemic,
as revealed by the smaller interval that includes
the whole set of epidemics of scenario C and a
much broader time window in scenario CS. This
is likely related with the higher infectivity of non-
super spreaders in the C vs. CS scenario. More-
over, both scenarios reach about the same amount
of total infected agents, probably also for that same
reason.

From L1 and L2 settings analysis, Figure 7(a),
and in particular regarding L1 setting, we only
make the observation that: the behaviour seems
to be the same across all curves, however what is
different is the time that each epidemics need to
take off. This is related to stochastic effects and
to the fact that the chronic phase comprehends a
much larger duration than the acute phase, there-
fore the behaviour is spread over a much broader
time window. Another aspect to note is that L1 sce-
nario shows faster exponential growing epidemics.
Looking at Figure 7(b), we see that L3 and S1
settings initially reproduce the same behavior and
then S1 wanes due to the trade-off between num-
ber of susceptibles and infectivity, as explained in
the infection dynamics with only acute phase trans-
missions section of this paper.

Infection dynamics with acute and chronic
transmissions, scenarios AC and ACS, are
shown in Figure 5, and infectivities in Table 1. By
analysing the simulations of scenario AC one eas-
ily sees that better fit the Latvia data, than those of
scenario ACS. As previously mentioned, the sce-
nario with ss, scenario ACS, leads to higher num-
bers of infected agents, however the peak appears
around the simulation half-time for the majority of
simulations, which is also identifiable in previously
analysed epidemics, without infecting the whole
population. This occurs because as the epidemic
spreads out, potential new infections are less likely
to occur since the susceptible population under-
goes a reduction. Overall, the different settings
studied give rise to a wide variety of epidemic pro-
files, which allow us to study in the following sec-
tions several properties of the epidemics under a
range of profiles.

The proportion of infections in acute vs
chronic phases are presented in Figure 8.
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(a) L1 (b) base setting

(c) L3 (d) S1

Figure 8: Proportion of transmissions occurring in acute vs
chronic phases.

Figure 9 portrays the relationship between
the virus evolutionary rate (divergence over
time) and rate of spread of the disease (increase
in number of infected over time). One can before-
hand distinguish 2 groups of scenarios in the mul-
tiple analyses made to the different windows: a up-
per group (scenarios C, AC and CS), in the upper
left of the figures, and a lower group (scenarios
A, AS and ACS) spreading over the center of the
same figures. For this reason, we zoom into each
of these groups in detail respectively in the middle
and right columns of Figure 9.

For scenarios A, AS and ACS, right column,
we observe an inverse relationship between diver-
gence over time and speed of the epidemic across
the studied windows (Figure 9). These scenar-
ios allow, respectively, transmissions in only acute
phase w/o ss, only acute phase w/ ss, and acute
and chronic phases with ss. Recalling Figure 8(b),
we see that scenario AS is the one with the high-
est number of acute infections, followed very close
by scenario ACS and finally scenario A. For this
reason, it is understandable that scenario AS is
the scenario with lowest evolutionary rate and high-
est speed of spread since most transmissions hap-
pen in the acute phase - Figure 2(a) shows us a
non-linear within-host evolutionary rate, therefore
it is logical that infections resulting of mainly acute
transmissions give rise to low evolutionary rates.
That being said, since scenario ACS is the only one
with chronic transmissions in the lower group (see
that chronic phase transmissions are associated

with higher evolutionary rates within-host - Figure
2(b)) it is expected that this scenario appears in
Figure 9 associated with higher evolutionary rate
and lower speed of spread, comparing with sce-
nario AS, since the difference is that scenario AS
only has acute infections, while scenario ACS has
both acute and chronic infections - each type of in-
fection occurs in the same proportion in both sce-
narios.

Regarding the upper group, composed of sce-
narios C, AC and CS - scenarios contemplating
mainly chronic transmissions - we see in Figure
9, middle column, that scenario CS consistently
presents a positive relationship between evolution-
ary rate and speed of spread. Scenario CS only
allows chronic transmissions, that is, the virus will
always evolve through the chronic portion of Figure
2(b), before transmission. This translates into a di-
rect relationship between the evolutionary rate and
speed of spread - the divergence will increase di-
rectly with the number of infected agents. In the
same upper group, concerning scenarios C and
AC we see that initially in the lowest presented
windows, 1500-2000 (Figure 9(b)) these scenar-
ios verify an inverse relationship between the virus
evolutionary rate and the speed of spread of the in-
fection. However, as the windows progress, in par-
ticular, in 2500-3000 (Figure 9(e)) we see a change
in the behavior in which a direct relationship is ver-
ified instead (scenarios C and AC). Looking at Fig-
ure 8 we see that scenario C originates a high
number of infected agents, whose infections were
caused by agents in chronic phases, and scenario
AC is characterized by a number of acute infec-
tions which is half of the chronic infections. As a
result, no clear (positive or negative) relationship
is verified in scenario AC, since both transmissions
are allowed. Thus, one can only suppose that the
inverse relationship between the aforementioned
quantities verified in Figure 9(b) was originated be-
cause of mainly acute infections occurring early on
in the AC epidemics and the in a later stage. Later
on, when the epidemic accounted for more than
2500 infected agents the main type of transmis-
sions taking place, in scenario AC, was chronic and
there the mentioned direct relationship was veri-
fied - Figures 9(e) and 9(h). Surprisingly, scenario
C, with the exception of the window of 2500-3000,
shows an inverse relationship between the evolu-
tionary rate and the speed of spread of the dis-
ease. Perhaps it should be expected, after the dis-
cussion above, that such a scenario, which only
allows chronic transmissions, should originate epi-
demics with the opposite relation. However, the
observed results may indicate that another cause
of the inverse relation between divergence and
speed of spread is slow growth due to transmis-
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(a) 1500-2000 (b) upper (c) lower

(d) 2500-3000 (e) upper (f) lower

(g) 3000-3500 (h) upper (i) lower

Figure 9: Basic setting divergence over time vs number of infected over time in the depicted windows of size of 500 infected in
which i)left: accounts for all scenarios; ii)middle: scenarios C, AC and CS; iii)right: scenarios A, AS and ACS.

sions in the chronic phase, which are accompa-
nied by more time for viral divergence within host.
To further study this relation between divergence
and epidemic growth, we plot in Figure 10 the re-
sults for simulations of S1 setting. Here we only
show one window because the same conclusions
are drawn for other windows, because scenarios
do not change the behavior regarding evolution-
ary rate and speed of spread of the disease. In
the window we can distinguish two groups in the
graphic. There is the one composed by scenar-
ios C and CS, upper group, and then there is the
one composed by the remaining, scenarios A, AC,
AS, ACS, lower group. Clearly, the first group is
characterized by a higher divergence rate and low
epidemic growth. Analyzing the second group re-
quires more attention. In this group, there is a
pseudo-continuity, as the regressions were only
separated by a tiny discontinuity, between the pairs

of scenarios A-AS and AC-ACS. Not surprisingly,
each element of these pairs of scenarios differs
only from the other concerning the presence (or
absence) of super-spreaders. That is, scenario
AS has ss, hence appears as a continuity of sce-
nario A - ss here allow a higher number of infected
agents, in a sense - and scenario ACS appears as
a continuity of scenario AC - see in detail in Fig-
ure 10(c). In addition, we can observe that the re-
gression line of scenarios A-AS is in a lower po-
sition than the one of scenarios AC-ACS. This is
synonym of the lower divergence speed of scenar-
ios A-AS when comparing with scenarios AC-ACS.
In other words, scenarios with only acute phase
transmissions, scenarios A and AS (Illustrated by
Figure 8(d)) are linked to lower divergence rate,
while scenarios AC-ACS, despite originating higher
numbers of infected, also contemplate about 1/4
of total infections occurring in the chronic phase,
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(a) 2500-3000 (b) upper (c) lower

Figure 10: S1 setting divergence over time vs number of infected over time in the depicted windows of size of 500 infected in
which i)left: accounts for all scenarios; ii)middle: scenarios C, AC and CS; iii)right: scenarios A, AS and ACS.

therefore the higher divergence rate of scenarios
AC-ACS in comparison with scenarios A-AS. Sce-
narios C-CS dominate the others in terms of diver-
gence rate and interestingly show little dispersion,
comparing with the other scenarios - that is, sce-
narios with only chronic transmissions (C and CS)
have almost no variation in the growth rate of num-
ber of infected individuals or in the divergence rate
(note the narrow range of the x and y axes). As
expected and is shown in Figure 10 scenarios with
super-spreaders have higher variation concerning
total number of infected individuals than the ho-
mologous scenarios. Finally, we see in Figure 10
that scenarios with only chronic transmissions al-
lowed, scenarios C and CS, follow an inverse re-
lationship between evolutionary rate and speed of
spread of the epidemic. To sum up, our findings
suggest that super-spreaders increase the number
of infected people in an epidemic and the speed of
spread of the disease. Also, the divergence rate of
a given epidemic is, typically, inversely related to
the growth rate of the epidemic. If most transmis-
sions take place in the acute phase, we find a slow
virus evolution and a fast spread of the disease.
On the other hand, when most transmissions occur
in the chronic phase, we expect a slow spread of
the disease and fast virus evolution. Thus in both
situations, we end up with the inverse relationship
observed. Only when there is a mixture of both
types of transmissions, during acute and chronic
infection, this relation is masked.

5. Discussion
HIV-1 sequences from injecting drug users (IDU)
epidemics differ from sexual epidemics (HET) in
terms of sequence variability. IDU sequences are
quite homogeneous over time, contrarily to sexual
epidemics[10].

In the present work, fast epidemics IDU can
be represented by the scenarios with mostly (or
only) acute phase transmissions and the slower
epidemics HET can be represented by scenarios
with mostly (or only) chronic phase transmissions.

This is a rough approximation but it is intended to
express the fast behaviour of IDU epidemics by
restricting transmissions to the acute phase only,
and the analogous to the HET epidemics. Scenar-
ios with both transmissions are considered hybrid,
with transmissions allowed during the whole period
of the disease. HET transmissions - slow spread -
occur predominantly in the chronic stage whereas
in an IDU epidemics the infected individuals are
mainly in the acute stage of infection[10].

Maljkovic-Berry et al (2007), using a standard
compartment model with a Susceptible Infected (SI
model), concluded that IDU epidemic fast spread in
the former Sovietic Union had a lower evolutionary
rate (8.4 times) than the slow spread heterosexual
African epidemics[10]. In the base setting (Figure
9) and in the S1 setting (Figure 10) we reached the
conclusion that scenarios with only chronic phase,
C and CS (HET), are associated with higher evo-
lutionary rates and slower epidemic growth, and
scenarios with only acute phase, A and AS (IDU),
are associated with slower evolutionary rates but
higher epidemic speed of growth - these are cor-
roborating results. When HIV-1 transmissions oc-
cur before the pressure of the host immune sys-
tem, the evolutionary rate of the virus is expected
to be lower, comparing IDU and HET epidemics.
Hence, an IDU epidemic involves virus very sim-
ilar to each other[10]. Furthermore, the slower
spreading of HET based epidemics is understand-
able, given the necessity of time consuming task
of establishment of new social contacts to transmit
the virus. During that time the virus experiences
the pressure of the host immune system, acquiring
genetic variability - intra-host evolution[10]. Also
from Maljkovic[10] model analysis, it was identified
a relationship between the susceptible population
size and the evolutionary rate in early infections
stage. In detail, it was suggested that since ex-
ponential spread has a direct relationship to popu-
lation size, it would be expected that a large sus-
ceptible population had a higher rate of spread in
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the beginning of the infection. On the other hand,
it has simply a lower evolutionary rate during that
period[10]. In our work, we identified too a rela-
tionship between susceptible population size and
acute transmissions - comparison of L3 and S1
settings approached this observation regarding in-
fectivities and susceptible population size. In par-
ticular, if acute infectivities are high enough to pro-
duce infections in the short time period that is the
acute phase, then in the beginning of the infection it
is naturally expected that the evolutionary rate will
be slower.

Cohen et al (2011)[13] reported that early in-
fections by infected people in early stage greatly
shape the epidemics’ outcome. It was thought that
early infections are responsible for a great pro-
portion of HIV-1 transmissions, therefore targeting
people in this phase is crucial. A study, by Kimberly
et al[22] found that 38% of transmissions occurring
in the established epidemic in Malawi were from
donors that were in an early infection stage. As we
concluded too, acute infections greatly impact the
outcomes of an epidemic and should be a major
concern targeting and preventing infections of this
kind.

There is an difference regarding HIV evolution
within and across hosts. Within host evolution is
driven by immune system response and it is fueled
by the selection of the immune pressures, resulting
in new strains or the extinction of existing ones. A
major concern is to investigate how within host evo-
lution influences evolution at the population level,
in particular, how immune resistance and immune
escape mutations spread at this level[23]. It is not
fully understood the mechanisms by which within
host evolution influences evolution at the popula-
tion level. Ideally, given the existence of real data,
phylogenetics analyses on sequences of real and
large transmission chains would be the best sce-
nario to study those relationships. In any case,
epidemiological modeling is always necessary to
interpret those type of analyses and validate pu-
tative conclusions. The present work is a step in
this direction of understanding the connections be-
tween within host and population level evolution,
using epidemiological modeling and multiple pa-
rameter settings.

6. Conclusions

The present study focused on the relationship be-
tween rate of spread of HIV-1 in a population with
the rate of divergence accumulation by the virus
within-host. It had been previously empirically ob-
served an inverse relationship between these two
quantities and we demonstrated it using an ABM
validated by empirical data of the Latvia epidemic
(1987-2010). The hypothesis was that this rela-

tionship had to do with the number of infections
occurring in acute and chronic phases. In order
to assess the hypothesis several settings and sce-
narios were formulated and simulated. In the end,
we showed that, in fact, the data suggests an in-
verse relationship between the speed of spread of
HIV-1 and the virus evolutionary rate, which had
not been found before in such a detailed model.
These findings are in agreement with the results in
Maljkovic-Berry et al[10].

Concluding, the authors expect that this novel
approach hereby presented provide a better com-
prehension of influence of super-spreaders in the
epidemic’s outcomes, as well as some enlighten-
ment regarding evolutionary rate across the popu-
lation.
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