. eprints@whiterose.ac.uk
Whlte Rose https://eprints.whiterose.ac.uk

N
(®)) Research oni
N’ esearc niine Universities of Leeds, Sheffield and York

Deposited via The University of Sheffield.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/id/eprint/198933/

Version: Published Version

Article:
Boswell, M.T., Nazziwa, J., Kuroki, K. et al. (2022) Intrahost evolution of the HIV-2 capsid
correlates with progression to AIDS. Virus Evolution, 8 (2). veac075. ISSN: 2057-1577

https://doi.org/10.1093/ve/veac075

Reuse

This article is distributed under the terms of the Creative Commons Attribution-NonCommercial (CC BY-NC)
licence. This licence allows you to remix, tweak, and build upon this work non-commercially, and any new
works must also acknowledge the authors and be non-commercial. You don'’t have to license any derivative
works on the same terms. More information and the full terms of the licence here:
https://creativecommons.org/licenses/

Takedown
If you consider content in White Rose Research Online to be in breach of UK law, please notify us by
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request.

ﬁ <&, | University of

UNIVERSITY OF LEEDS & Sheffleld



mailto:eprints@whiterose.ac.uk
https://doi.org/10.1093/ve/veac075
https://eprints.whiterose.ac.uk/id/eprint/198933/
https://eprints.whiterose.ac.uk/

Virus Evolution, 2022, 8(2), 1-12

VI RU S DOI: https://doi.org/10.1093/ve/veac075
EVO LUTl O N Advance access publication date: 24 August 2022

Research Article

Intrahost evolution of the HIV-2 capsid correlates
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Abstract

HIV-2 infection will progress to AIDS in most patients without treatment, albeit at approximately half the rate of HIV-1 infection. HIV-2
capsid (p26) amino acid polymorphisms are associated with lower viral loads and enhanced processing of T cell epitopes, which may
lead to protective Gag-specific T cell responses common in slower progressors. Lower virus evolutionary rates, and positive selection on
conserved residues in HIV-2 env have been associated with slower progression to AIDS. In this study we analysed 369 heterochronous
HIV-2 p26 sequences from 12 participants with a median age of 30 years at enrolment. CD4% change over time was used to stratify
participants into relative faster and slower progressor groups. We analysed p26 sequence diversity evolution, measured site-specific
selection pressures and evolutionary rates, and determined if these evolutionary parameters were associated with progression status.
Faster progressors had lower CD4% and faster CD4% decline rates. Median pairwise sequence diversity was higher in faster progressors
(5.7x1073 versus 1.4x10°3 base substitutions per site, P<0.001). p26 evolved under negative selection in both groups (dN/dS=0.12). Median
virus evolutionary rates were higher in faster than slower progressors — synonymous rates: 4.6x1073 vs. 2.3x10°3; and nonsynonymous
rates: 6.9x10 vs. 2.7x10* substitutions/site/year, respectively. Virus evolutionary rates correlated negatively with CD4% change rates
(p = -0.8, P=0.02), but not CD4% level. The signature amino acid at p26 positions 6, 12 and 119 differed between faster (6A, 121, 119A)
and slower (6G, 12V, 119P) progressors. These amino acid positions clustered near to the TRIM50/p26 hexamer interface surface. p26
evolutionary rates were associated with progression to AIDS and were mostly driven by synonymous substitutions. Nonsynonymous
evolutionary rates were an order of magnitude lower than synonymous rates, with limited amino acid sequence evolution over time
within hosts. These results indicate HIV-2 p26 may be an attractive therapeutic target.

Key words: HIV-2; evolution; capsid; p26

Introduction et al. 2016). In addition to stark differences in transmissibility, the
two viruses differ in disease progression rates (Kanki et al. 1994;
Esbjornsson et al. 2019). In the absence of treatment, HIV-1 will
progress to AIDS twice as fast as HIV-2. However, HIV-2 disease
progression is highly variable, with some patients developing AIDS

HIV-1 and HIV-2 are retroviruses that transmitted from non-
human primates to humans in the 20th century. HIV-1 has four
main groups, of which M accounts for 98% of global infec-
tions. HIV-1 group M descended from SIVcpz, which circulates
in chimpanzees (Sharp and Hahn 2011). HIV-2 is descended from in similar timeframes as HIV-1 and others progressing far more
SIVsm, which circulates in sooty mangabeys, and has nine groups ~ SIOWIY.

(A-I), of which A and B account almost all human infections An extensive body of literature has connected intrahost evolu-
(Sharp and Hahn 2011). HIV-1 has caused a global pandemic,  tion of HIV-1 to disease progression and phenotypic trait devel-
whereas HIV-2 has remained an endemic infectious disease in ~ opment (Williamson 2003; Bello et al. 2007; Lemey et al. 2007;
West Africa, with limited spread outside the region (Visseaux  Mild et al. 2010; Mild et al. 2013; Garcia-Knight et al. 2016;
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Theys et al. 2018). Synonymous evolutionary rates (nucleotide
substitutions that do not change amino acid sequences) in HIV-1
env correlate with time to AIDS, CD4+ count decline rates, and
viral load, while nonsynonymous evolutionary rates are not
associated with disease progression. Similar associations have
been reported for intrahost evolution HIV-1 gag (Norstrom et al.
2014). In HIV-1 infection, higher replicative capacity of founder
viruses explains much of the variation in disease progression
rates and is strongly associated with increasing T cell activa-
tion and exhaustion (Claiborne et al. 2015). Together, these
results suggest that faster virus replication drives HIV-1 dis-
ease progression due to heightened immune activation, rather
than evolution being driven by immune escape (Lemey et al.
2007).

HIV-2 env evolutionary rates in faster progressors are approx-
imately double that of slower progressors (Palm et al. 2019). In
HIV-2 infection, the relationship between immune activation and
progressive CD4+ T cell loss is similar to that in HIV-1, at equiv-
alent degrees of immune suppression (Sousa et al. 2002). This
suggests that evolutionary rates, immune activation, and subse-
quent disease progression are similarly linked in HIV-1 and HIV-2
infection.

The HIV-1 capsid is a fullerene cone structure made up of
216 p24 hexamers and 12 p24 pentamers (Zhao et al. 2013). In
HIV-2, the homologous capsid protein is p26. The capsid is critical
in the viral replication cycle, with several indispensable func-
tions including nucleotide supply to the replicating virus, nuclear
import to facilitate integration, cyclophilin-A (CyPA) binding, and
immune evasion (Matreyek and Engelman 2011; Schaller et al.
2011;Jacques et al. 2016; Lahaye et al. 2018). HIV-1 and HIV-2 cap-
sids bind to the innate sensor NONO in the nucleus, which triggers
the cyclic GMP-AMP synthase and stimulator of interferon genes
(cGAS-STING) pathway to activate innate immune responses in
macrophages and dendritic cells (Lahaye et al. 2018). HIV-2 binds
NONO with higher affinity than HIV-1. HIV-2 capsids are also
more sensitive to restriction factor TRIM5«a than HIV-1 (Mamede
et al. 2017). Polymorphisms in HIV-2 p26 have been linked to dis-
ease progression. Specifically, prolines at p26 positions 119, 159,
and 178 are associated with enhanced proteasomal processing of
T cell epitopes often targeted in those participants with lower viral
loads and slower disease progression (Onyango et al. 2010; Jallow
et al. 2015; de Silva et al. 2018a). Additionally, proline at position
119 in p26 alters the conformation of the capsid structure and is
associated with increased sensitivity to TRIM5a (Song et al. 2007;
Miyamoto et al. 2011).

To investigate the hypothesis that disease progression in
HIV-2 infection correlates with p26 sequence evolution, we
tested whether CD4 % kinetics is associated with (1) pairwise
sequence diversity evolution, (2) site-specific selection pressures,
(3) synonymous and nonsynonymous evolutionary rates, and
(4) amino acid sequence variation in the virus quasispecies.

Methods

This section provides a summary of the main laboratory and sta-
tistical methods used in this study. Further details are available in
the supplementary materials.

Study participants

Study participants were recruited to the Guinea-Bissau Police
cohort between 1990 and 2009. Informed consent was obtained
from the participants, and the study was approved by the research
ethic committees of the Ministry of Health in Guinea-Bissau, Lund

University, and the Karolinska Institute, Sweden. Twelve HIV-
2-positive participants were included in this analysis based on
availability of plasma samples. Selection criteria included that the
participants were HIV-2-mono-infected and antiretroviral therapy
(ART)-naive at the time of plasma sample collection and had lon-
gitudinal CD4+ T cell measurements available, which allowed
for estimation of disease progression (Table S1). Clinical and
immunological staging of HIV disease was performed according to
the World Health Organisation (WHO) criteria (Organization WH
2007). A total of seven participants had an estimated date of HIV-2
seroconversion (‘seroincident’) and five participants were HIV-2-
positive at enrolment (‘seroprevalent’). T cell data were analysed
from the first time point after HIV-2 detection; in seroincident par-
ticipants, this time point was the first one after their documented
seroconversion, and in seroprevalent participants, at enrolment
into the cohort.

Analysis of disease progression markers in HIV-2

Both absolute CD4+ T cell counts and CD4+ T cell percentage
(CD4 %) are reliable immunological markers of HIV disease pro-
gression. In resource-limited settings, CD4% measurements are
less sensitive to specimen handling, participant age, or time of
sampling when compared to absolute CD4 counts (Anglaret et al.
1997; Norrgren et al. 2003; van der Loeff et al. 2010; Esbjérnsson
et al. 2012). We therefore chose to analyse disease progression
using CD4 % change over time. Briefly, participants’ longitudinal
CD4 % were analysed in per-participant linear regression models.
The CD4 % level at the midpoint in follow-up time after HIV-2
detection and the CD4 % change rate (slope of the regression line)
were extracted from these models and analysed as markers of
disease progression.

To create disease progression groups, participants were ranked
and classified according to three approaches as previously
described (Palm et al. 2019): (1) from highest midpoint CD4 %
to the lowest (those above the mean were classified as slower
progressors and those below the mean as faster progressors);
(2) from highest positive change rate to the lowest negative
change rate; and (3) the midpoint CD4% and CD4 % change
rate were then transformed into proportional values, added
together, and averaged for each participant. This gave a com-
bined coefficient for each participant, which was weighted equally
according to midpoint CD4 %, and the rate of change, which
accounts for differences in disease stage at enrolment. The com-
bined coefficient was used to rank participants and stratify them
into relative progression with distinct disease phenotypes—faster
and slower disease progression (Table S2). All analyses that
refer to progression groups used this combined coefficient for
stratification.

RNA extraction and PCR amplification

Briefly, plasma samples had previously been collected from par-
ticipants and stored at —8°C; we extracted RNA using the RNeasy
Lipid Tissue Mini Kit (Qiagen, Venlo, Netherlands) with minor
modifications to the manufacturer’s instructions. Following RNA
extraction, a nested PCR was performed with 5pL of extracted
RNA. The first step involved a one-step reverse transcription
PCR (RT-PCR) using the SuperScript IV One-Step RT-PCR System
with Platinum Tag DNA Polymerase (supplementary materials
[Tables S3-6]). Immediately following the RT-PCR, a second nested
reaction using an inner set of HIV-2 p26 primers was performed
using the Dream Taq PCR kit (Thermo Fisher Scientific, Waltham,
MA (Fig. S1). Primer sequences are listed in Table S4.



Cloning and sequencing

Amplicons of 846 nucleotides from positions 1411-2257 on HIV-2
BEN.M30502 were cloned into pCR®4TOPO® vector using the
TOPO-TA cloning kit (Invitrogen, Carlsbad, CA, USA); 23 white
colonies were randomly picked and amplified by colony PCR
using the Advantage 2 PCR kit (Takara, Kusatsu, Japan) (Fig. S2)
to confirm the presence of the insert. The plasmids contain-
ing inserts were sequenced by Sanger sequencing using the
inner PCR primers (Table S4) (Macrogen Europe, Amsterdam, the
Netherlands).

Sequence analysis

Raw sequence data were analysed in Geneious Prime v. 2019.2
(Geneious, Biomatters, Auckland, New Zealand), mapped to the
HIV-2 BEN.M30502 reference sequence, and trimmed for quality
(Kearse et al. 2012). Contigs were constructed for each partici-
pant from single forward and reverse reads. Poor-quality reads
and contigs with high-quality scores of less than 80 % were not
included in further downstream analysis. This score indicates
that 80% of bases are of high quality and that the likelihood
of a false-positive base reading is 1:10 000 (Biomatters). Mixed
peaks in electropherograms were resolved in favour of the con-
sensus sequence for each participant’s alignment—thus ensuring
that mixed bases were not resolved across participants. Contigs
were assembled into participant-specific alignments and mapped
to HIV-2 BEN.M30502 to ensure that all participant sequences
mapped to the same coding region of gag. Recombination between
sequences grouped in an alignment can violate the assumptions
made in phylogenetic analysis (Posada and Crandall 2002; Martin
et al. 2015). We therefore screened each participant-specific data
set for recombination in RDP4 using a combination of the follow-
ing methods: RDP, GENECONV, BootScan, MaxChi, and Chimaera
(Smith 1992; Padidam 1999; Martin and Rybicki 2000; Posada and
Crandall 2001; Martin et al. 2005; Martin et al. 2015). All sequences
showing evidence of recombination were removed from further
analysis.

Bayesian phylogenetic analysis

All Bayesian phylogenetic parameters were specified in BEAUti
v. 1.10.4 and run in BEAST v1.10.4 with parallel processing by
BEAGLE (Ayres et al. 2012; Drummond et al. 2012). Model out-
put logs were analysed in Tracer v1.7 (Rambaut et al. 2018)
and assessed for convergence by visual inspection of the poste-
rior distribution chains and if effective sample sizes (ESSs) were
>100, after 10% burn-in. All analyses were run in duplicate to
assess reproducible convergence, which would include those with
ESS between 100 and 200. Runs with ESS values <100 were not
used. Bayesian phylogenetic models were used to (1) perform
viral subtyping, (2) reconstruct the most recent common ances-
tor (MRCA) for the participants’ combined sequence alignment, (3)
measure pairwise sequence diversity within participant sequence
alignments, (4) estimate site-specific dN/dS ratios in p26 for
each participant, (5) estimate relaxed molecular clock estimates
for individual participants, and (6) estimate participant-specific
molecular clock rates via a hierarchical phylogenetic model (HPM).

i) Viral subtyping was performed by sampling HIV-2 gag
sequences from the clonal sequences. Gag sequences for
HIV-2 groups A-G as well as SIVsmm and HIV-1 were
downloaded from the Los Alamos National Laboratory
sequence database, and an alignment of the participant
HIV-2 sequences with these reference sequences was cre-
ated (Table S7). Viral subtyping was performed using a

M. T. Boswelletal. | 3

Bayesian phylogenetic approach. A strict molecular clock

model, Hasegawa-Kishino-Yano (HKY) substitution model,

and constant population size were specified. The Markov
chain was run for 2 x 10° iterations.

The following parameters were used for the MRCA

reconstruction—strict molecular clock model, General Time-

Reversible (GTR) nucleotide substitution model, no site het-

erogeneity or codon partition, and constant population size.

The Markov chain was run for 2.5 x 10° iterations. The MRCA

was used as a reference sequence for substitution identifi-

cation and mapping of amino acid substitutions over time

(discussed below).

iil) To measure pairwise sequence diversity, the sequences

from the participant samples are labelled according to the

time point of collection, and these are then aligned using

CLUSTAL-W. Using GARLI V2.01, 200 maximum likelihood

bootstrap trees are generated for each data set. The diver-

sity estimates in base substitution per base site are obtained
from each of the 200 trees using the BIOTREE:IO function of
the BioPerl package. These estimates are then summarised in

R to get the mean diversity and the 95 % confidence intervals.

To estimate selection pressure, the dN/dS ratio is calculated

by dividing the nonsynonymous evolutionary (dN) rate by the

synonymous (dS) evolutionary rate (a ratio of less than 1.0

will indicate negative selection; a ratio equal to 1.0 neutral

selection, and a ratio greater than 1.0 positive selection at

a site). We measured site-specific selection pressures using

Renaissance counting procedures performed with the fol-

lowing model parameters; a strict molecular clock model,

GTR nucleotide substitution model, no site heterogeneity, a

1,2,3 codon partition, constant population size, and 4 x 10’

Markov chain Monte Carlo (MCMC) chains (Lemey et al.

2012).

v) To determine combined, synonymous, and nonsynonymous
evolutionary rates derived from the participant-specific
relaxed molecular clock models, we used software packages
developed by Lemey et al. (Lemey et al. 2007). Briefly, for
each participant nucleotide alignment, a relaxed molecular
clock model was created in BEAUt and run in BEAST. Model
parameters included an HKY nucleotide substitution model,
gamma site heterogeneity, a constant population size, and
2 x 108 MCMC chains. For each participant, 10,000 trees were
simulated as a posterior sample distribution. From these
10,000 trees, 200 were selected randomly after a 10 % burn-in
and separated into nucleotide substitution unit-denoted and
time unit-denoted trees. The substitution trees were then
separated further using HyPhy into expected synonymous
and nonsynonymous substitution trees. Next, these substi-
tution trees were analysed separately in conjunction with
their respective time unit trees to generate estimates of the
combined, synonymous, and nonsynonymous evolutionary
rates. Finally, the substitution trees were used to estimate
divergence as a function of time from the first time point to
the last time point in the alignment. This allowed us to plot
divergence over time.

vi) A significant limitation of the relaxed molecular clock esti-
mates described above are interparticipant variability in
number of sequences, number of time points, and total
follow-up time. The HPM allows for feedback across partici-
pant average estimates to improve participant specific esti-
mates, thereby making use of a larger data set (all sequences
linked in the HPM) to inform smaller partitions in the data
(participant-specific estimates). Another main difference in

il

=

iv

=
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the HPM estimates versus those above are that HPMs assume
a strict molecular clock per partition, which does not vary
for each taxon, while the previous estimates assumed an
uncorrelated relaxed molecular clock per participant. We
partitioned the HPM by using fixed factor terms for the com-
bined coefficient stratification, as well as the log values of
the midpoint CD4 % and CD4 % change rate. Model parame-
ters included a strict molecular clock model, HKY nucleotide
substitution model, gamma site heterogeneity, a 1, 2, and 3
codon partition, and constant population size. The Markov
chain was run for 6 x 10% iterations. We calculated Bayes Fac-
tors to test whether the midpoint CD4 % and CD4 % change
rate were significant explanatory variables in evolutionary
rate estimates. We repeated the HPM analysis with a nar-
rower range of prior values, which could be assessed by the
model. Our initial HPM used a hyperprior scale parameter of
1000, and we subsequently adjusted these to scales of 100
and 10—this allows for a narrower distribution of values to
be assessed for prior parameters (Raghwani et al. 2018).

Amino acid sequence analysis

We translated and aligned all p26 sequences to the MRCA to iden-
tify single amino acid polymorphisms (SAAPs). We categorised
SAAPs as majority substitutions if they occurred in more than 50 %
of sequences and minority substitutions if the prevalence was
below 50 %. Polymorphisms found in a single sequence were desig-
nated as rare substitutions. Rare single nucleotide polymorphisms
identified in virus quasispecies using cloning and Sanger sequenc-
ing are often not found using next-generation sequencing plat-
forms and may represent a combination of PCR and sequencing
errors (Iyer et al. 2015).

To test whether the frequency of substitutions significantly
differed between progression groups, we divided the sequence
alignment by progression status (faster vs. slower progressors). We
then created new alignments of 1,000 sequences per progression
group (randomly selected via bootstrap sampling with replace-
ment). We then compared the amino acid frequencies by the
progressor group using the Viral Epidemiology Signature Pattern
Analysis (VESPA) tool (Korber and Myers 1992). VESPA identifies
signature patterns, which differ between alignments and reports
frequencies of the specific amino acids in each alignment. HIV-2
P26 structural models were generated in Pymol v. 1.8, using pro-
tein sequence PDB ID: 2WLV (Schrodinger 2015). Residues that
have been linked to important functional regions/structures on
the HIV-1 p24 protein were used to infer sites on HIV-2 p26, which
may play a similar role. This was performed by aligning reference
sequences HIV-1.NL4-3 and HIV-2 BEN.M30502.

Caio cohort sequence analysis

We investigated whether the signature amino acid substitutions
identified by the VESPA analysis were associated with disease pro-
gression markers in a larger external cohort. This was performed
by testing the association of these p26 amino acid substitutions
with CD4 % and HIV-2 plasma viral loads in 86 HIV-2-positive par-
ticipants from the Caio cohort (Onyango et al. 2010; de Silva et al.
2018Db).

Statistical analysis

All statistical analyses were two-sided, and data visualisations
were performed in R studio v. 4.0.3, unless specified otherwise
(Kassambara 2018; RStudio Team 2021). Baseline characteristics of
participants were summarised as means and standard deviations

(SD), medians, interquartile ranges (IQR), and counts with percent-
ages. Pairwise testing was performed using the Mann-Whitney
(MW) U test for non-normally distributed data and the Student’s
t-test for normally distributed data. To compare distributions of
repeated measurements between the progression groups, we used
Friedman tests (FT) with effect sizes reported by Kendall's W
value (small effect: W =0.1-0.3; moderate effect: 0.3-0.5 and large
effect >0.5). The frequency of categorical variables was assessed
by chi squared tests. Proportional differences were also assessed
using Fisher's exact test and reported as odds ratios (ORs). Cor-
relation statistics were calculated using Pearson’s (parametric)
or Spearman’s (non-parametric) correlation coefficients depen-
dent on the variables’ distribution. Pairwise sequence diversity
evolution was quantified using linear mixed effects models with
model fit assessed by the likelihood ratio test (LRT). A false discov-
ery rate was used to correct for multiple comparisons. Statistical
significance was determined as P<0.05.

Results

Our analysis included 12 HIV-2-positive participants from the
Guinea-Bissau Police cohort. All participants were male with a
median age at enrolment of 30 (IQR: 28-37) years. The cohort
median midpoint CD4% was 27.5%, and the median CD4%
change rate was -0.05 % per year. After calculation of the com-
bined coefficient and assignment to progression groups, there
were six faster progressors and six slower progressors. Faster pro-
gressors had a significantly lower midpoint CD4 % than slower
progressors (20.7% vs. 30.6%, P=0.02, MW). In addition, the
faster progressors’ CD4 % decreased by 1.4 % per year, whereas
the slower progressors’ CD4 % increased by 0.6 % per year (P=0.02,
MW). One of the slower progressors developed severe immunosup-
pression (CD4 % below 15), whereas 5/6 faster progressors reached
a CD4 % below 15 % during follow-up (Fig. 1). In seroincident par-
ticipants, the median time from HIV-2 detection to the first sample
was 4.5 (IQR: 3.9-6.7) years, and in seroprevalent participants, the
median time from HIV-2 detection (enrolment) to sample was 14.4
(IQR: 2.4-15.6) years. The mean follow-up time from the first to last
sequencing sample was 5.9 years, 6.1 years for faster progressors,
and 5.7 for slower progressors.

After aligning the sequences and trimming for quality, the
analysed gag sequences spanned 735 nucleotides in a single
open reading frame, which mapped to nucleotide 1460-2194 on
HIV-2 BEN.M30502. These sequences are available from GenBank
with accession numbers OL872372-872739 and OM146012. This
sequence included the first 687 nucleotides, from 5" to 3/, of
the p26 region of gag. Twenty-five plasma samples yielded PCR
products from the twelve participants, with PCR products from
longitudinal sample time points generated from nine participants
(Table 1). In total, 575 clones were generated and sequenced,
whereof 173 were removed due to poor sequence quality or pres-
ence of stop codons. Of the remaining 402 sequences, thirty three
were possible recombinant sequences and were removed from fur-
ther analysis. This resulted in a final data set of 369 sequences
from twelve study participants (median: 30 sequences/partici-
pant; Fig. 1). Participant sequences formed monophyletic clusters
with high posterior support values, suggesting that contamination
or labelling errors did not occur during sample handling. No clear
clustering pattern by progression status was observed (Fig. S3).
Moreover, the subtype analysis indicated that all sequences clus-
tered with HIV-2 group A reference sequences (Table S7 and
Fig. S4).
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Figure 1. Summary of number of sequences, CD4% kinetics, and pairwise diversity by progression status. (A and B) Bar plots summarise the number of
sequences per participant and time point. Panels are stratified by progression status as determined by the combined coefficient. There are six faster
and slower progressors. Slower progressors had fewer sequences (numbers inside the bars) and time points for analysis than faster progressors. (C)
CD4% kinetics shown for faster and slower progressors as defined by the combined coefficient. Faster progressors had a significantly lower CD4% and
faster CD4% decline rates than slower progressors (P <0.05, MW). (D) Scatter plots with fitted linear regression lines showing pairwise diversity
increasing over time, presented as nucleotide substitutions per site (y-axis) and time in years between samples (x-axis). Pairwise sequence diversity

was higher in faster progressors (P <0.05, MW).

Pairwise sequence diversity is associated with
disease progression status

Sequence diversity increased over time (Spearman correlation:
p=0.26, P<0.001, Fig. 1). The pooled median sequence diver-
sity was significantly higher among faster than slower progres-
sors (5.7 x 1073 versus 1.4x 1073 base substitutions per site, MW
P<0.001). Analysing linear regression models of diversity over
time, the average sequence diversity increased by 1.7 x 10~ (95 %
CI: 1.7-1.8x 1073, P<0.001) substitutions per site, per year (s/s/y),
for the faster progressors, and increased by 1.3x 107 s/s/y (95 %
Cl: 1.1-1.4x 10, P<0.001) for the slower progressors. To account
for the unequal contribution of sequences, time points, and
inter-participant variability, we analysed mixed effects models.
A random slope and intercept model (time (i.e. slope of diver-
sity) allowed to vary by participant (random effect) provided the
best model fit (P<0.001, LRT). In this model, diversity change over
time was similar in progression groups (faster progression diver-
sity increased by 1.2x 1072 relative to slower progression, 95 %
Cl=-9.2x10"%-3.5x1073,P=0.2).

Progression status is associated with
synonymous and nonsynonymous evolutionary
rates

The results for the relaxed clock estimates are reported for nine
participants (six faster and three slower) who had sequences from
multiple time points available. The median evolutionary rate in

p26 for all participants was 4.0x 107> (IQR: 2.6-6.9x107%) s/s/y.
Evolutionary rates correlated negatively with CD4 % change rates,
but not midpoint CD4 % (Spearman correlation: p=-0.8 and 0.5,
respectively, P=0.02 and 0.17). Faster progressors had a signifi-
cantly higher evolutionary rate than slower progressors (5.4 x 10~
vs. 2.5x 1073 s/s/y, W=0.4, FT P<0.001, Fig. 2). The median syn-
onymous evolutionary rate for all participants was 3.5 x 10~3 (IQR:
2.3-6.1x107%) s/s/y and was also significantly higher in faster
than slower progressors (4.6 x 1073 vs. 2.3x 107 s/s/y, W=0.4, FT
P<0.001, Fig. 2). The median nonsynonymous evolutionary rate
for all participants was 4.1 x 107 (IQR: 2.4-8.8 x 107 s/s/y and was
significantly higher in faster than slower progressors (6.9 x 107 vs.
2.7x107* s/s/y,W = 0.4, FT P<0.001, Fig. 2). The dN/dS ratio for p26
was 0.12 (IQR: 0.08-0.21), and the difference between faster and
slower progressors was small but significant (0.13 vs. 0.11, W=0.2,
FT P<0.001). Relaxed evolutionary rate estimates are summarised
for each participant in the supplementary materials (Table S8).
The effect sizes for progression groups on evolutionary rate com-
parisons were moderate (W =0.4), and for dN/dS ratios, small
(W=0.2). These comparisons were repeated with evolutionary
rates in log space, and the results of the analysis were unchanged
(Fig. S5). Synonymous and nonsynonymous divergence in p26
increased linearly with time in both faster and slower progressors
(Fig. 2). Linear regression models were fitted to each participant’s
divergence over time (r? for synonymous and nonsynonymous
divergence was 0.94 and 0.82, respectively).
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Table 1. Summary results for the study participants.

Sequencing time Years HIV- Midpoint CD4% change

Study ID Age? HIV-2 serostatus® point: year 2-positive© CD4%4 rate® Progression’

DL2051 28 Prevalent I. 2004 14 30.7 -1.8 Faster
II: 2006 17
[11: 2009 20

DL23862 30 Incident I: 2004 8 25.3 -1.6 Faster
1I: 2013 18

DL2524 36 Prevalent 1: 2008 17 32.7 +0.7 Slower

DL2533 25 Prevalent I: 2006 16 25.1 +1.1 Slower

DL3248 19 Incident I: 2004 3 29.4 +1.0 Slower

DL3286 39 Incident 1. 1997 32.7 -0.1 Slower
11: 2008 16

DL3405 28 Incident 1 2004 5 33.1 +1.5 Slower
11: 2008 9

DL3542 29 Prevalent [: 1994 1 30.8 -1.0 Slower
I: 2013 20

DL3646 38 Prevalent I: 1996 2 18.2 -0.3 Faster
11: 2009 16
I11: 2010 17

DL3740 39 Incident I: 2007 3 16.5 +0.7 Faster
11: 2009 5
I11: 2009 5

DL3761 32 Incident 1: 2009 9 16.0 -3.7 Faster
I: 2010 9

DL3941 27 Incident 1: 2004 4 17.4 -1.9 Faster
1I: 2008 8
I1I: 2010 10

@Age at enrolment to the Police Cohort.

PHIV-2 detected includes seroincident (where an estimated date of seroconversion is available) and seroprevalent participants (where a participant was

HIV-2-positive at time of enrolment).

¢Years of follow-up from when HIV-2 was detected, up to the sequencing time point.

dMidpoint CD4 % calculated from per-participant regression models.

¢CD4 % change rate per year is the linear regression coefficient of CD4 % over time.

fProgression status as determined by the combined coefficient.

gSample I for participant DL2086 did not have a time stamp. We therefore used the midpoint in follow-up time for this participant with an uncertainty correction

of + 9years in all phylogenetic models, which required a date for the sample.

We next analysed a series of HPMs to generate estimates
of evolutionary rates in p26 for each participant with multiple
time points and tested the correlation between evolutionary rates
and midpoint CD4 % and CD4 % change rate. The median HPM
evolutionary rate for all participants was 3.1x107% s/s/y (95%
Highest Posterior Density interval (HPD): 1.9-4.5x 107%) and cor-
related well with the relaxed clock estimates (Spearman correla-
tion: p=0.8, P=0.008). We analysed the midpoint CD4 %, CD4 %
change rates, and the combined coefficient stratification as fixed
effects to determine if the disease progression markers explained
variation in evolutionary rates. There was weak evidence that dis-
ease progression markers were associated with evolutionary rate
variation. The Bayes Factor for midpoint CD4 %, CD4 % change
rate, and combined coefficient stratifications ranged from 0.4 to
0.5. Median HPM evolutionary rates did not correlate with the
midpoint CD4% or CD4 % change rate (Spearman correlation:
p=-0.3 and —0.7 respectively, P>0.05). The median evolutionary
rate estimates were similar across hyperprior scale values. The
median clock rate across all participants for a scale of 10, 100,
and 1,000 was 2.9x 107 (95 % HPD: 1.6-4.9x 107%), 3.1x 1073 (95 %
HPD: 1.8-4.9x107%), and 3.1x 1073 (95 % HPD: 1.9-4.5 x 107%) s/s/y,
respectively.

Estimation of site-specific selection pressures in
p26

Next, we used Renaissance counting procedures to quantify selec-
tion pressures in p26, per participant, by estimating site-specific

dN/dS ratios (Lemey et al. 2012). We included participants with
two or more time points for this analysis (n = 9). Negative selection
predominated for all participants, with only one faster progressor
showing a signature of positive selection at one site (DL2051 at
position five).

HIV-2 p26 amino acid signatures differ by
progression status

All sequences were used to reconstruct the MRCA sequence at the
root of the maximum clade credibility tree (Fig. S3). The MRCA
sequence aligned well with HIV-2 BEN.M30502, differing at 10
amino acid positions, and was used for amino acid substitution
identification. In total, sixty-one positions among the participants’
amino acid sequences differed from the MRCA sequence. After
excluding rare substitutions (found in only one sequence), faster
progressor amino acid sequences were more likely to differ from
the MRCA than slower progressor sequences (35 vs. 19 positions
differed, OR=2.0,95% CI=1.1-3.8, P=0.03).

Sixty-nine unique amino acid substitutions were identified,
and twenty eight of these were rare substitutions. Of the forty-one
remaining substitutions, two were major substitutions (present
in more than 50 % of all sequences) and thirty nine were minor
substitutions (present in less than 50 % of all sequences) Two posi-
tions on p26, 85, and 96 in the CyPA binding loop showed variation
from the MRCA (Fig. 3). Based on the results from the VESPA anal-
ysis, the amino acid at three positions differed between faster
and slower progressors. At positions 6, 12, and 119, in slower
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Figure 2. Evolutionary rates in relation to disease progression markers. Results are shown for the nine participants with multiple sequence time points
A - B) Median relaxed clock evolutionary rates (y-axis) correlated significantly with CD4% change rate, but not CD4% (x-axes). Dashed lines show the
median evolutionary rates for faster and slower progressor groups. C - E) Violin plots showing evolutionary rate distributions from 200 randomly
sampled trees per participant (y-axis) by their respective progression group (x-axis). Combined, synonymous and nonsynonymous evolutionary rates
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indicated by time = 0 on the x-axis. ™ = P<0.001.

progressors, the most common amino acids were glycine, valine,
and proline, and in faster progressors, the most common were ala-
nine, isoleucine, and alanine (Fig. 4). These amino acid positions
localised to the N-terminal domain of HIV-2 p26 (Fig. 4) (Price et al.
2009). In addition, positions 6 and 12 are located at the p26 hex-
amer interface surface, while 119 is next to the CyPA binding loop
(Price et al. 2009; Skorupka et al. 2019; Yu et al. 2020: 5). Many
of the substitutions were stable in follow-up, and there was lit-
tle evidence of specific substitutions being consistently selected
for—agreeing with the Renaissance counting results (Fig. 3).

Amino acid residues at p26 positions 6, 12, and
119 in the Caio cohort

To test whether the association between p26 amino acids and
disease progression held in a larger cohort, we assessed their asso-
ciation with CD4 % and HIV-2 viral loads in the Caio cohort. The
proportions of amino acids at positions 6, 12, and 119 in the Caio
cohort were similar to those in the Police cohort (Fig. S6). p26
amino acids were not associated with CD4 % in the Caio cohort,
and only proline at position 119 was associated with lower HIV-2
plasma viral loads (Fig. S6).
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Discussion

Synonymous and nonsynonymous evolutionary rates in p26 were
significantly higher in faster progressors and correlated nega-
tively with CD4 % change rates. This broadly agrees with a pre-
vious study of partial HIV-2 env from the same cohort, which
found that faster progressors (determined via the midpoint CD4 %
or the combined coefficient stratification) had higher evolution-
ary rates (Palm et al. 2019). In HIV-1, p24 synonymous and
nonsynonymous evolutionary rates have shown comparable esti-
mates (1.6 £ 1.3x 1073 s/s/y and 2.5 £ 4.8 x 1072 s/s/y, respectively)
(Raghwani et al. 2018). In our analysis, HIV-2 nonsynonymous evo-
lutionary rates are an order of magnitude lower than the synony-
mous rates. Findings from a study of interhost evolution of HIV-2
p26 showed little evidence of positive selection in HIV-2 p26 evolu-
tion (de Silva et al. 2018b). This is surprising as strong Gag-specific
cytotoxic lymphocyte (CTL) responses are common in HIV-2 long-
term non-progressors (de Silva et al. 2013a). It is possible that the
HIV-2 capsid is not able to readily adapt to host immune responses
without the virus losing ability to successfully replicate, although

this would need further experimental confirmation. If true, this
may explain why protection from Gag-specific CTL responses is
sustained in HIV-2 long-term non-progressors. This adds further
evidence that immune escape and subsequent positive selection
in the HIV-2 capsid are not associated with disease progression.

Hierarchical phylogenetic model estimates had narrower 95 %
HPD intervals than the individual relaxed clock models, which is
an expected effect of using HPM (Suchard et al. 2003). Besides
the larger HPD intervals in the non-HPM estimates, we had good
agreement in results between relaxed clock models and the HPM.
In addition, hyperprior scales did not significantly affect evolu-
tionary rate estimates, which suggests that our estimates reflected
the sequence data and not model parameters’ priors. As expected,
synonymous substitutions were the main mode of evolution in
HIV-2 p26, which suggests that a process that is common to
virus replication (either replicative capacity, generation time, or
immune activation) is driving both intrahost evolution and dis-
ease progression (Lemey et al. 2007; Claiborne et al. 2015; Asowata
et al. 2021).
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Amino acid variation from the MRCA sequence was greater
in faster compared with slower progressors. Pairwise diversity
and nonsynonymous divergence were also significantly higher
in faster progressors. With a sustained higher nonsynonymous
evolutionary rate, we would expect a greater accumulation of
amino acid diversity in faster progressors compared to slower pro-
gressors. Sequence diversity correlates positively with advancing
disease progression in HIV-1, and our results suggest a similar
finding for HIV-2 (Troyer et al. 2005).

Inferred sites on HIV-2 p26 with structural/functional motifs,
which have previously been linked to the HIV-1 capsid nucleotide
pore, nuclear import of the capsid, and NONO binding, were com-
pletely conserved across all sequences (Matreyek and Engelman
2011; Schaller et al. 2011, Jacques et al. 2016; Lahaye et al. 2018).
This is in line with the conserved nature of retrovirus capsids (Rihn
et al. 2013; Mamede et al. 2017; Lahaye et al. 2018). At three sites
on p26, the most common amino acid differed between faster
and slower progressors—6, 12, and 119. Position 12 flanks a his-
tidine at position 11, which forms part of the nucleotide channel
on the capsid (Jacques et al. 2016). The M12I substitution char-
acterised faster progressor sequences, while slower progressors’

most common residue was valine. At position 119, slower pro-
gressors often had a proline and faster progressors an alanine.
P119 has been associated with lower viral loads and enhanced
sensitivity to TRIM5a (Song et al. 2007; Onyango et al. 2010;
Miyamoto et al. 2011). However, the latter finding has been con-
tested (Takeuchi et al. 2013). Position 119 is adjacent to the CyPA
binding loop and may interact with TRIM5a. Positions 6 and 12 are
located close to the hexamer interface, as well as the CyPA binding
loop. This raises the possibility that amino acid variation at these
residues can influence the hexamer formation and/or TRIM5a-
mediated immune activation. Further investigation is needed, and
in vitro experiments would be valuable in determining whether
any of the substitutions or, haplotypes thereof, affect virus replica-
tive capacity or HIV-2-specific immune responses. An alterna-
tive (and perhaps more plausible) interpretation of the amino
acid diversity near to the p26 hexamer/TRIMSa interface sur-
faces is that this region has accumulated diversity from ancestral
sequences which adapted to primate hosts and that the mutations
identified in this study do not change the HIV-2 capsid’s func-
tion in human infection (Meyerson and Sawyer 2011; Sauter and
Kirchhoff 2019). In support of this interpretation, we have shown
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that in a larger cohort, amino acids at positions 6, 12, and 119
were not associated with CD4 % and only A119P was associated
with lower HIV-2 plasma viral loads.

Most p26 amino acid substitutions were stable over time, again
indicating that negative selection was dominant in this region’s
evolution. We offer two explanations for this: first, the capsid is
limited in its adaptive capacity, although this does not explain
why we observed significant differences in amino acid sequences
between participants. Second, the median time from HIV-2 detec-
tion to plasma sample collection was 9.3 years. In p26, the primary
driver of adaptive mutations is CTL responses (Leligdowicz et al.
2007; de Silva et al. 2013b). Cytotoxic lymphocyte responses drive
HIV adaptation in the early stages after infection, and therefore,
these changes might not have been captured by our sampling
timeframe (Ganusov et al. 2011; Leviyang and Ganusov 2015).

Limitations to our study include that we analysed a small
sample of HIV-2-positive participants (n=12); however, this is a
relatively large number given the logistical difficulties in obtain-
ing HIV-2 RNA from plasma longitudinally. Within this cohort, we
were more likely to successfully sequence HIV-2 p26 in faster pro-
gressors, which is probably due to the typically higher viral loads
in these participants, and this also generated a bias in our sam-
ple of sequences. Furthermore, all participants were men, who are
more likely to have faster disease progression (Peterson et al. 2011,
Jespersen et al. 2016). In addition, the samples used in this study
were stored for prolonged periods of time in resource-limited set-
tings where storage at —-80°C was not always feasible. It is therefore
possible that storage and handling conditions over the past few
decades since collection might have decreased the levels of viral
RNA in the samples we used, introducing added bias towards
higher viral load samples. This means that although our intrahost
diversity estimates within a single time point might have been
affected by long-term storage and repeated freeze-thaw cycles,
it is unlikely that the intrahost divergence and evolutionary rate
estimates between time points will have been severely affected.
Reassuringly, our results agreed with pre-existing evidence that
evolutionary rates correlate with disease progression markers in
HIV-2 infection, in that we observed significant levels of sequence
diversity within time points, indicating that the sequence diversity
within samples was preserved.

Our study highlights what may be a fundamental difference in
intrahost evolution between HIV-1 and HIV-2, in that HIV-1 p24
is able to adapt to host immune responses, whereas HIV-2 p26 is
more limited in this regard (Buggert et al. 2014; Norstrom et al.
2014). There are fewer antiretrovirals available to treat HIV-2 than
HIV-1; our results indicate that the new generation of direct cap-
sid inhibitors may be attractive options for ART in HIV-2-positive
individuals (Yant et al. 2019; HIV-2 Infection | NIH).

Data availability

All HIV-2 sequences used in this analysis are available on GenBank
with accession numbers OL872372-872739 and OM146012. All R
files and XML files used for this analysis are available from the
authors on request.

Supplementary data

Supplementary data are available at Virus Evolution online.
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