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HIV resistance often leads to antiretroviral therapy (ART) failures, involving two crucial
mutation categories: drug-resistance mutations (DRMs) and compensatory mutations. DRMs
reside in HIV enzyme active sites (protease, reverse transcriptase, and integrase), hindering drug
binding, while compensatory mutations restore enzyme stability and function, compensating for
DRMs. With the increase of drug potency, more compensatory mutations are involved in
compensating for one DRM, forming complex mutational patterns. However, the interplay

between DRMs and compensatory mutations remains elusive.

In this thesis work, I combined a long-read sequencing approach and bioinformatic tools to

unveil the complex mutational patterns driving HIV resistance development. Long-read



sequencing yielded 4.5kb gag-pol sequences from individual HIV genomes within clinical serum
samples, preserving co-varying mutations critical for pattern identification. Mutational patterns
were inferred based on pairwise correlations detected in the sequencing data and quantified using
a custom bioinformatic tool. I utilized Hamming-distance-based phylogenetic analysis (HDBPA)
and paired post-ART HIVs with their pre-ART most recent common ancestors (MRCAs) based
on sequence similarity. In this way, I divided mutations in mutational patterns into different
categories (mutations inherited from pre-ART MRCA, and mutations acquired during ART) and
revealed the order of mutation development. I demonstrated the utility of this approach by
studying the HIV evolution in two PWHs facing ART failures. The findings revealed different
mutational patterns selected and enriched during ART and inferred evolutionary pathways taken

by HIVs during resistance development.

Alongside substitution mutation involved in HIV evolution, I participated in a collaborative
study, aiming to measure linkage disequilibrium between recombination events and SNVs. The
findings revealed novel correlations between p6%€ insertions and Gag cleavage site mutations in

drug-resistant HIV genomes.

Taken together, my work deciphered mutational patterns and recombination events driving HIV
evolution during ART using long-read sequencing and custom bioinformatics tools. The findings
of this study indicated interactions both within HIV proteins and among proteins, which could
guide anti-viral drug design. The methods introduced could be used for identifying complex
mutational patterns required for resistance development and revealing the order of mutation

development in HIV as well as other fast-evolving viruses and bacteria.
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Chapter 1. INTRODUCTION

1.1  Drug Resistance Mutations (DRMs) and Compensatory Mutations Co-evolve Within

the HIV Genome During Antiretroviral Therapy (ART)

HIV-1 remains a global health concern, with approximately 39 million people living with HIV-1
worldwide (UNAIDS, 2023). Although antiretroviral therapy (ART) that targets HIV-1 enzymes
and other viral proteins have considerably improved over the past few decades, some individuals
still fail ART, resulting in loss of viral suppression'. This could be due to poor treatment
adherence when not clinically managed appropriately or infection with inhibitor-resistant HIVs.
Like other RNA viruses, HIV-1 exhibits error-prone reverse transcription and a short replication
time?. Therefore, when not fully ART suppressed, HIV-1 replicates fast and forms a highly
heterogeneous viral population in people living with HIV (PWHs). This genetically diverse viral
population provides the opportunity for viral selection and, consequently, the development of

ART resistance.

During ART, drug resistance mutations (DRMs) located in primary sites (usually enzyme active
sites) are selected due to the resulting changes to viral protein structures that limit inhibitor
binding'**. While providing the virus with inhibitor resistance, DRMs can come at the expense
of viral fitness, given that mutational changes that impede drug binding often result in changes in
the enzyme active site, leading to loss of function®. To counteract these deleterious effects and
improve viral fitness, compensatory mutations arise elsewhere within the same viral protein or in

different viral proteins’®. These mutations, not directed at the inhibitor binding site per se, lead to

protein or viral alterations that mitigate the impact of DRMs’”. For instance, compensatory


https://www.zotero.org/google-docs/?6qE6rC
https://www.zotero.org/google-docs/?XX2Dbv
https://www.zotero.org/google-docs/?AMjzuH
https://www.zotero.org/google-docs/?aBKaLk
https://www.zotero.org/google-docs/?d2velH
https://www.zotero.org/google-docs/?OF6XNu
https://www.zotero.org/google-docs/?3Hd3fN
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mutations could increase the stability of the viral enzymes (protease, integrase, and reverse
transcriptase) or alter distal enzyme substrates, such as protease cleavage sites in the Gag
polyprotein'®'®, Other mitigating mutations that alter envelope function and enhance viral spread
also aid in compensating for DRMSs’. Driven by continuous selection and viral fitness

improvement, DRMs and compensatory mutations tend to coevolve in the HIV-1 genome during

ART.

Strong correlations between mutations in the HIV-1 genome have been observed in
drug-resistant HIV-1 populations'®. Flynn et al. (2015) sequenced serum samples collected from
93 PWHs who failed ART consisting of protease inhibitors'*. They estimated the bivariate joint
probabilities from the observed single-site frequencies detected by deep sequencing to identify
correlated residues across the Gag and protease regions. Their results revealed strongly
correlated mutations located in the Gag polyprotein as well as between the Gag polyprotein and

protease (Figure 1.1).


https://www.zotero.org/google-docs/?rWw3qc
https://www.zotero.org/google-docs/?oaBGtN
https://www.zotero.org/google-docs/?Xn4DR9
https://www.zotero.org/google-docs/?9DHWmK
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Figure 1.1. Correlated mutations are detected across the HIV Gag-protease in protease
inhibitors-resistant viral populations.

Serum samples collected from 93 PWHs who failed protease inhibitor-based ART were
sequenced. The sequencing dataset was analyzed using mutual information-based
covariation analysis to infer correlated mutation within the HIV-1 genome. The 50 most
significant correlations between mutations that are within the Gag polyprotein (blue) and
across Gag and protease (red) are shown in this plot. This figure is acquired from Flynn
et al. (2015). PWH: person living with HIV. ART: antiretroviral therapy. PR: protease.

MA: matrix protein. CA: capsid protein. NC: nucleocapsid protein.

99

Additionally, several studies have been conducted investigating the biological and structural

basis for the co-evolution between compensatory mutations and DRMs. Chang et al. (2011)

investigated the evolutionary cost of DRMs in HIV-1 protease in terms of protein stability
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(Figure 1.2A)%. They measured the melting temperatures of the wild-type HIV-1 protease and
mutant HIV-1 proteases containing DRMs. Compared to the wild-type HIV-1 protease, mutant
HIV-1 proteases with DRMs displayed reduced melting temperatures, indicating a destabilized
protein structure. Thereafter, the researchers measured the melting temperatures of mutant HIV-1
proteases exhibiting both DRMs and compensatory mutations. The results indicated that the
acquisition of compensatory mutations restored the stability of the mutant proteases to the level

of, or even beyond, the wild-type baseline.

HIV-1 protease cleaves the Gag polyprotein at different cleavage sites (CSs), e.g., the P1/p6
cleavage site (Figure 1.2C). This cleavage step plays an essential role during the maturation of
HIV-1 particles. Kolli et al. (2014) investigated the structural basis of co-evolution of the P1/p6
CS with the protease DRMs, D30N/N88D (Figure 1.2D)". Their work showed that a P1/p6 CS
containing compensatory mutations (L449F and S451N) acts as a better substrate for both

wild-type and mutant HIV-1 protease (D30N/N88D) than the wild-type CS.


https://www.zotero.org/google-docs/?4eggNU
https://www.zotero.org/google-docs/?XZ9qQl
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Figure 1.2. Compensatory mutations compensate for DRMs by stabilizing the protease
structure or improving protease-substrate binding.

(A) This diagram illustrates the structure of an HIV-1 protease dimer, highlighting major
DRMs in red and compensatory mutations (CMs) in blue. This figure is acquired from
Chang and Torbett (2011). (B) Melting temperatures (T,) and protein stability
comparison among the HIV-1 wild-type protease (black), proteases with DRMs (red), and
proteases with DRMs and compensatory mutations (blue). The melting temperatures
were determined by differential scanning calorimetry. This figure is acquired from Chang
and Torbett (2011). (C) The amino acid sequence of the wild-type HIV-1 Gag P1/p6 CS.
The two compensatory mutations, L449F and S451N, are annotated. (D) Overall van der
Waals (vdW) interactions between mutant P1/p6 and mutant protease in comparison to
the wild-type complex (PRy-P1/p6y). More negative total vdW contact energy suggests
more favorable binding. This figure is acquired from Kolli et al. (2014). DRM: drug

resistance mutation. CM: compensatory mutation. CS: cleavage site.



1.2 Long-Read Sequencing Strategy Provides the Sequences of Individual HIVs from

Genetically Diverse HIV-1 Populations

Next generation sequencing (NGS) has been used to identify correlated mutations selected in the
HIV-1 genome during ART. However, like Illumina sequencing, NGS relies on the
short-sequencing technique (250 - 800 bp)'°. Considering the ~4.5kb HIV gag-pol genome, a
short read length hinders the direct identification of distal-linked mutations in the HIV genome.
Haplotype assembly tools were developed to construct haplotype sequences based on short
reads'®. However, the high similarity among HIV genomes brings extra complexity to haplotype
construction. Moreover, the haplotypes in the HIV swarm have largely varied abundances, and

minority haplotypes challenge the sensitivity of haplotype construction.

To acquire the sequence of individual viral genomes, the Single-Genome Amplification (SGA)
technique was developed. In this method, viral genomes were serially diluted to one copy per
reaction before amplification and sequencing'’. In this way, SGA avoided template switching and
chimera formation, which were seen in the bulk PCR, thereby preserving the integrity of the
original viral genomes. As a result, SGA has been used to generate sequences of individual HIVs
in different studies'®'"”. However, SGA is time-consuming and labor-intensive. Hence, it has been
limited to a relatively low sampling depth. Therefore, to capture HIV genomes in genetically
diverse HIV populations, researchers started developing more efficient sequencing

methodologies based on long-read sequencing strategy.

Long-read sequencing methodologies, such as PacBio and Oxford Nanopore Technologies

(ONT), provide sequences of long, single DNAs or RNAs, which can cover the HIV gag-pol


https://www.zotero.org/google-docs/?s6Y9Tz
https://www.zotero.org/google-docs/?HswdUa
https://www.zotero.org/google-docs/?hJ94SB
https://www.zotero.org/google-docs/?goR9ig
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region”’. However, they have a high sequencing error rate, which hinders the detection of minor
mutations in the viral population’'. To improve the sequencing accuracy, PacBio introduced
circular consensus sequencing (CCS), which generates sequential repeats of the target genome®.
These sequential repeats are then used to construct a consensus sequence of the target genome. In
this way, sequencing accuracy is increased to 99.8%?. Similarly, Wilson et al. (2019) utilized the
Rolling-Circle Amplification (RCA) during ONT sequencing library preparation. They generated
concatemeric repeats of ultrashort DNA sequences (<100bp) and successfully reduced the ONT

sequencing error rate to < 10%%.

Alternative to the CCS, Karst et al. (2021) combined Unique Molecular Identifiers (UMIs) and
long-read sequencing techniques (PacBio and ONT)*. Unique UMIs were added to both ends of
target genomes during PCR amplification. After sequencing, reads were binned based on their
terminal UMI-pairs. For each UMI-pair bin, a consensus sequence was generated and polished.
In this way, they acquired the sequences of long target genomes with thousands of base pairs
with an error rate of < 0.01%. Additionally, chimera genomes would have UMIs that were
detected in other more common UMI-pairs. This made chimera genomes easy to identify and
remove. By implementing this UMI-pair filtering, the researchers reduced the chimera rate in the

sequencing output to less than 0.02%.

To acquire individual HIV-1 gag-pol genomes, in 2021, our lab developed the Multi-read Hairpin
Mediated Error-correction Reaction (MrHAMER) sequencing methodology based on the ONT
sequencing technology and established downstream bioinformatic pipelines tailored for HIV
studies®. In this methodology, HIV-1 RNAs were first reverse-transcribed and PCR amplified to

generate double-stranded cDNAs. To decrease the template-switching rate during PCR


https://www.zotero.org/google-docs/?h5yagx
https://www.zotero.org/google-docs/?WP54fd
https://www.zotero.org/google-docs/?pY1q0a
https://www.zotero.org/google-docs/?J9JLId
https://www.zotero.org/google-docs/?5SAQa3
https://www.zotero.org/google-docs/?BdHNox
https://www.zotero.org/google-docs/?poy7d3

8
amplification, we performed two rounds of emulsion PCR (20 cycles each). The emulsion PCRs
avoided the occurrence of more than one template in each droplet (reaction) and thus reduced the
template-switching rate to 0.45%. After this, we ligated hairpins to both ends of double-stranded
cDNAs. Using primers targeted on the hairpin sequence, we utilized RCA to produce
concatemers consisting of several sequential repeats of the target viral genome. Long
concatemers were then made double-stranded, size-selected, and sequenced using an in-house
MinlON sequencing device. The downstream polishing process used the sequential repeats of
each target viral genome to reconstruct the consensus sequence. This step eliminated the random
errors generated during the PCR amplification and sequencing process. By doing this, the error
rate of the ONT sequencing was reduced from over 10% to ~0.133%. Additionally, we validated
that MrHAMER could detect an input RNA amount as low as 5,000 viral genomic copies (2,500
virions or 2,500 viruses/ml of sera), which provided relevance for use with clinical samples

(Figure 1.3).



Double-stranded cDNA Input RNA
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A
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 —  — = &2 Primer
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Figure 1.3. Workflow of MrHAMER sequencing methodology.
The MrHAMER sequencing pipeline involves several key steps to capture the target
RNA sequence accurately. Initially, the input target RNA is reverse-transcribed into
cDNA. Hairpins are added to both ends of the double-stranded cDNA. Subsequently,
primers located within the hairpin regions are used to start the Rolling Circle
Amplification (RCA), generating concatemers consisting of sequential repeats of the
target sequence. The concatemers are then made double-stranded, size-selected, and
sequenced using Oxford Nanopore sequencing technology. After sequencing and
basecalling, sequential repeats of the target sequence are extracted from the sequencing
read and used to reconstruct the consensus sequence. In this figure, mutations in the
target RNA sequence are marked by orange dots, while green dots represent random

errors that can occur during PCR amplification and sequencing.

In Chapter 2, I validated MrHAMER’s ability to identify linked mutations with a frequency as
low as 1%. Additionally, I confirmed that MrHAMER could preserve the original proportion of
different haplotypes in the heterogeneous viral swarm. This allows the early detection of rare

founder species that might escape ART pressure, which could assist in selecting the optimal
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ART. Furthermore, the abundance of different viral haplotypes in the sequencing outputs could

be used to estimate their replication capacities under drug pressure.

1.3 Novel Associations Between Recombination Events and SNVs in Viral Genomes

Revealed Using Co-Variation Mapper (CoVaMa)

Recombination that occurs within viral genomes, particularly RNA viruses, is another powerful
driving force behind viral evolution and adaptation®®, besides the acquisition of
Single-Nucleotide Variants (SNVs). Recombination results from template-switching events
during the replication of viral RNAs. In this process, the viral polymerase accidentally
disassociates from its original template and then re-associates to another region in the same or a
different template®®. This could result in various recombination events in the viral genome,
including insertions, deletions, and duplications, and can dramatically impact viral fitness, viral

intra-host diversity, and the development of resistance to antivirals?” .

Due to the compactness of viral genomes, viral adaptation events are more likely to cooperate
with each other'**'%2, To identify correlated SNVs in viral genomes, several methods have been
published®, such as Co-Variation Mapper (CoVaMa, v0.1) introduced by Routh et al. (2015)*.
CoVaMa measures the linkage disequilibrium (LD) between SNVs within viral NGS datasets®.
CoVaMa identifies all loci with SNVs from input NGS reads and interrogates all possible
pairwise associations between loci. LD values are calculated for each pairwise association: an
LD value of 0 indicates no association, and an LD value that is close to +/- 0.25 indicates a

strong association. In the same study, Routh et al. demonstrated the utility of this approach by


https://www.zotero.org/google-docs/?v3c1J4
https://www.zotero.org/google-docs/?vDzpbh
https://www.zotero.org/google-docs/?dljVCd
https://www.zotero.org/google-docs/?0Zz5jZ
https://www.zotero.org/google-docs/?oZxEmU
https://www.zotero.org/google-docs/?NllE7c
https://www.zotero.org/google-docs/?Qa8H0e
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identifying associated mutations in Flock House virus (FHV) passaged in vitro and

inhibitor-resistant HIVs collected from PWHs.

However, unlike the correlation between SNVs, studying the correlation between recombination
events with each other or with SNVs has been long hampered by their inherent genetic
complexity and a lack of bioinformatic tools. Characterizing these correlations may be necessary
for understanding why certain recombination events might be selected and their role in viral
evolution. Thus, I aimed to identify the associations between recombination events, i.e.,
insertions or deletions (InDels) and duplications, as well as between recombination events and

SNVs.

Collaborating with the Routh Lab, we expanded the previously reported CoVaMa pipeline (v0.1)
to measure linkage disequilibrium between recombination events and SNVs within both
short-read and long-read sequencing datasets®. I revised the new version of CoVaMa (v0.7) and
demonstrated its applicability by reanalyzing two different viral datasets: an FHV dataset that
was collected during in vitro culture and sequenced using long-read sequencing® and an HIV

dataset that was collected from PWHs who failed ART and sequenced using NGS'*7.

From the FHV dataset, I identified multiple SN'Vs that were either correlated or anti-correlated
with large deletion events in FHV Defective-RNAs (D-RNAs). I hypothesized that these
mutations were adaptive mutations that either allowed increased replication of D-RNAs or
allowed full-length genomes to escape replication attenuation by D-RNAs. From the HIV
dataset, I identified insertions in the PTAP region of p6%%, which correlated with mutations
found in Gag cleavage sites. The location of these linked SNVs and InDels proximal to Gag

cleavage sites suggested a role for these adaptations in supporting drug resistance development.


https://www.zotero.org/google-docs/?0fjpnI
https://www.zotero.org/google-docs/?q3tgXt
https://www.zotero.org/google-docs/?EdbvCl
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Overall, CoVaMa (v0.7) provided a powerful tool to characterize the molecular details of viral
adaptation and the impact of RNA recombination upon virus evolution. The CoVaMa (v0.7)

script is publicly available at https://sourceforge.net/projects/covama/.
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Chapter 2. CoO-VARYING MUTATIONS WITHIN HIV GAG-POL REGION

REVEALED BY LONG-READ SEQUENCING

2.1  ABSTRACT

During antiretroviral therapy (ART), drug resistance mutations (DRMs) are selected in the active
sites of HIV enzymes due to their ability to alter the enzyme's structure and hinder inhibitor
binding. However, while providing HIV with inhibitor resistance, DRMs can come at the cost of
viral fitness, given that mutational changes impeding drug binding often destabilize enzyme
structure and impair enzymatic function. To counteract this deleterious effect and improve viral
fitness, compensatory mutations are selected elsewhere within the same HIV enzyme or in a
different HIV protein. These compensatory mutations, not directed at the inhibitor mutations per
se, could lead to protein or viral alterations that mitigate the impact of DRMs. Driven by
continuous resistance selection and viral fitness improvement, DRMs and compensatory
mutations coevolve within the HIV genome during ART. However, our understanding of
correlated DRMs and compensatory mutations as well as their contribution to HIV fitness
remains incomplete. This is due to the lack of appropriate long-read sequencing methodologies

and matched downstream analyzing pipelines.

Back in 2021, the Torbett lab developed a Nanopore-based, long-read sequencing pipeline,
named Multi-read Hairpin Mediated Error-correction Reaction (MrHAMER). It could generate
accurate sequences of the gag-pol region in individual HIVs in serum samples. In my study, |
assessed MrHAMER’s sensitivity and reliability in identifying linked mutations in HIV

genomes. To achieve this, I utilized MrHAMER to sequence synthetic RNA libraries consisting
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of mixed HIV genomes with different mutation pairs inserted. MrHAMER demonstrated its
sensitivity in detecting rare mutation pairs with a frequency as low as 1% while maintaining a
favorable signal-to-noise ratio. In addition, MrHAMER preserved the original proportion of

different mutation pairs in high-complexity viral populations.

With MrHAMER sequencing methodology validated, I sequenced and analyzed longitudinal
serum samples collected from one person living with HIV (PWH, Patient Identification: 3JQ)
who failed ART. From the sequencing data, I identified 25 gag-pol mutations that were enriched
during ART failures. These enriched mutations contained a canonical reverse transcriptase (RT)
DRM, RT M184l. Further analysis indicated that, rather than being individually selected in
different HIV genomes, these 25 mutations were collectively enriched in the same HIV genome.
And this 25-aa mutational pattern was enriched to 53.4% in the virological-failure sample.
Additionally, I identified a rare HIV genome in the drug-naive sample that carried this 25-aa

mutational pattern.

To summarize, by sequencing longitudinal serum samples collected from one PWH who failed
ART, I revealed the selection of a pre-existing HIV with a drug-resistant gag-pol mutational

pattern during ART failures.
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2.2  RESULTS

2.2.1 MrHAMER Detects Linked Mutations with High Sensitivity and

Preserved Original Proportions

MrAHMER sequencing methodology was designed to acquire accurate gag-pol sequences of
individual HIVs present in the viral swarm®. In this study, I assessed MrHAMER’s ability in

identifying linked mutations in the HIV genome, both in terms of sensitivity and reliability.

To achieve this, I designed two synthetic RNA libraries for testing?. The synthetic RNA libraries
consisted of the “wild-type” HIV RNA and “mutant” HIV RNAs. To generate the “wild-type”
HIV RNA, a non-infectious HIV strain, pSG3.1-AEnv-D25A*, was used as the template
(“wild-type”). The “wild-type” RNAs were in vitro reverse transcribed from the gag-pol region
of the template. To generate “mutant” HIV RNAs, different “mutant” constructs were generated
by adding unique mutation pairs to the gag-pol region of the template. All built-in mutations
were selected from DRMs listed in the HIV drug resistance database (HIVDB)¥, to mimic HIV
sequences that were observed in the clinic. The “mutant” RNAs were in vitro reverse transcribed

from the gag-pol region of each “mutant” construct.

To evaluate the sensitivity of MrHAMER, I prepared the first library by mixing the “wild-type”
RNA and one "mutant” RNA in a ratio of 99:1 (Figure 2.1A). The “mutant” RNA sequence had
a pair of built-in SNVs, A1597C and A4106G. This created a pair of mutations with a frequency
of 1% in the mixed genomes. Sequencing of this library using MrHAMER generated 458
gag-pol reads. Close to the input ratio, 0.66% of the sequencing reads had the built-in mutation

pair. To determine whether the built-in mutation pair could be identified from the background


https://www.zotero.org/google-docs/?2PFpTk
https://www.zotero.org/google-docs/?X2RODZ
https://www.zotero.org/google-docs/?KdyYwd
https://www.zotero.org/google-docs/?BmGYiq
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noise, I calculated the linkage disequilibrium in the sequencing reads using CoVaMa**. CoVaMa
detected the built-in mutation pair with an outstanding R-squared value of around 0.8 (Figure
2.1B). To summarize, MrHAMER demonstrated its sensitivity in detecting rare mutation pairs in
viral populations, even at frequencies as low as 1%, while maintaining a favorable

signal-to-noise ratio.
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Figure 2.1. MrHAMER detects linked mutations in the HIV gag-pol with high sensitivity and
preserves the original proportion of different mutation pairs in complex synthetic libraries.
(A) The first synthetic library is generated by mixing the “wild-type” RNA and one
“mutant” RNA in a ratio of 99:1. The “mutant” RNA is reverse transcribed from the HIV
gag-pol region with two SNVs, A1597C and A4106G. After sequencing, the built-in
mutation pair is detected in 0.66% of the reads. (B) Additionally, CoVaMa detects the
built-in mutation pair with an outstanding R-squared value of around 0.8. (C) In the
second synthetic library, Mutant 1 RNA, “wild-type” RNA, and Mutant 2 RNA are mixed
in a ratio of 24:1:75. Each mutant sequence contains its specific built-in mutation pairs
(Mutant 1: G2550T and C3875A; Mutant 2: T632A/A633G and A1951G). After

sequencing, the three sequences are detected in proportions closely mirroring the original


https://www.zotero.org/google-docs/?eCoNOb
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mixture. (D) Additionally, CoVaMa detects all mutation pairs with R-squared values that

are significantly higher than the background noise level.

To evaluate whether MrHAMER could maintain the original proportion of different mutation
pairs in a viral population, I prepared the second library using the “wild-type” RNA and two
distinct “mutant” RNAs, named Mutant 1 and Mutant 2 (Figure 2.1C). The Mutant 1 sequence
had a pair of SNVs, G2550T and C3875A. And the Mutant 2 sequence had T632A/A633G and
A1951G. The Mutant 1, “wild-type”, and Mutant 2 RNAs were mixed in a ratio of 24:1:75 in the
200,000-RNA library. This created mutation pairs with different abundances in the mixed
genomes. In the sequencing output of this library, all mutation pairs were detected. In addition,
the three mutation pairs were detected in a ratio close to the original proportion. The “wild-type”
RNA was slightly over-represented (3.81% vs. 1%). Moreover, CoVaMa detected all mutation
pairs with R-squared values that were significantly higher than the background noise (Figure
2.1D). This result was validated using one more technical repeat. To summarize, I confirmed
MrHAMER'’s ability in preserving the original proportion of different mutation pairs in
high-complexity viral populations. This indicated that MrHAMER could be used to identify

linked mutations that are selected in the HIV gag-pol region during ART failures.
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222 The Enrichment of a Pre-ART, Drug-Resistant HIV gag-pol
Mutational Pattern During ART Failures in one PWH Revealed by

Long-read Sequencing

Using the validated MrHAMER sequencing methodology, I sequenced and analyzed longitudinal
serum samples collected from one PWH (Patient Identification: 3JQ) who failed ART, aiming to
identify linked mutations that were associated with ART failures. This PWH failed two rounds of
ART over 6 years. The first round of ART consisted of one Protease Inhibitor (PI), one
non-nucleoside reverse transcriptase inhibitor (NNRTI), and two nucleoside reverse transcriptase
inhibitors (NRTIs). The second round of ART contained NRTTs only. I sequenced one drug-naive
sample collected before the therapy initiation and one virological-failure sample collected after
ART failures (Figure 2.2A). After sequencing, I acquired 1002 individual HIV gag-pol genomes
from the drug-naive sample and 1270 individual HIV gag-pol/ genomes from the

virological-failure sample.

To reveal the viral sequence diversity in the HIV population during ART, I identified viral
haplotypes in the drug-naive sample and the virological-failure sample using CliqueSNV®,
CliqueSNV revealed 38 haplotypes in the drug-naive sample, none of which had an abundance
of over 6%. On the contrary, in the virological-failure sample, only 12 haplotypes were detected
and the predominant one was enriched to 35% (Figure 2.2B). The reduction in the sequence
diversity and the selection of the predominant haplotype in the viral population was consistent

with the strong selection sweep mediated by anti-viral inhibitors.


https://www.zotero.org/google-docs/?0mr89G
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Figure 2.2. Diversity reduction is detected in the HIV population during ART failures.
(A) Changes in HIV viral load (copies/ml) during ART failures in one PWH. Gray and
blue shading highlights two therapy periods with annotated inhibitors. The drug-naive
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sample is marked using the orange circle, and the virological-failure sample is marked
using the orange triangle. The red dashed line represents a viral load of 50 copies/ml. (B)
The 38 haplotypes detected in the drug-naive sample (left) and the 12 haplotypes detected
in the virological-failure (right) sample are shown with sector diagrams based on

haplotype abundance. ART: antiretroviral therapy.

To uncover the genetic changes (mutations) within the HIV genomes during ART failures, I
compared the HIV genomes from the virological-failure sample to those from the drug-naive
sample. I created a drug-naive consensus sequence using HIV genomes from the drug-naive
sample and aligned the virological-failure sample's HIV genomes to this consensus sequence.
The alignment revealed 25 positions across the HIV gag-pol region where mutations were
selected and enriched during ART failures (Table 2.1). One of these was a DRM in the reverse
transcriptase, RT M1841*' (Figure 2.3A). In contrast, these 25 mutations were either rarely

detected or absent in the drug-naive sample.

To determine the mutation combinations at these 25 positions within individual HIVs, I
developed a Python script named Linked Mutation Extractor (LiME)®. LiME identified different
nucleotide combinations at a series of positions in the viral genome and grouped viral genomes
based on their unique nucleotide combinations. Using LiME, I quantified the nucleotide
combinations at these 25 positions within the virological-failure sample. Rather than being
individually selected in different genomes, these 25 mutations were collectively enriched in the
same genome, accounting for 53.4% of the virological-failure sample’s viral genomes (Figure
2.3B). Additionally, I quantified the nucleotide combinations at these 25 positions in the

drug-naive sample. A founder species with a frequency of ~0.1% was detected in the drug-naive
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sample, carrying the 25-aa mutational pattern that later became enriched during ART (Figure

2.3B).
Table 2.1. The 25 SNVs that are enriched during ART failures.
Nucleotide Type Mutation Protein Domain

G816C Non-synonymous R9S Gag pl7
A867G Synonymous - Gag pl7
A1395G Synonymous - Gag p24
A1497T Synonymous - Gag p24
A1514C Non-synonymous N242T Gag p24
C1572T Synonymous - Gag p24
A1909G Non-synonymous 1374A Gag p2
C1990A Non-synonymous L4011 Gag p7
T2064C Synonymous - Gag p7
A2286G Non-synonymous T12A protease -
C2319T Synonymous - protease -
C2357A Non-synonymous D35E protease -
A2375G Synonymous - protease -
A2436G Non-synonymous 162V protease -
G2522A Synonymous - protease -
G2913A Non-synonymous E122K RT -
T2953C Non-synonymous I135T RT -
G3101A Non-synonymous M1841 RT -
T3257G Synonymous - RT -
C3439A Non-synonymous A297E RT -
G3672A Non-synonymous V3751 RT -
A3935C Synonymous - RNAseH -
T4349C Synonymous - IN -
A4379G Non-synonymous I50M IN -
G4405A Non-synonymous G59E IN -
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Figure 2.3. Sequencing of longitudinal serum samples from one PWH experiencing ART
failures reveals the enrichment of a pre-ART, drug-resistant gag-pol mutational pattern.
(A) HIV genomes in the virological-failure sample are aligned to the drug-naive
consensus sequence and visualized using Integrative Genomics Viewer (IGV)*.
Alignment reveals a total of 25 positions across the HIV gag-pol region where mutations

are selected and enriched in the virological-failure sample. These 25 positions are


https://www.zotero.org/google-docs/?Uc68Qj

highlighted by vertical lines in different colors. Additionally, the DRM RT M184V is
marked using a black arrowhead. RT: reverse transcriptase. (B) The nucleotide
combinations at the 25 gag-pol positions in individual HIV genomes from the drug-naive
sample (top) and the virological failure sample (bottom) are shown using waffle plots. In
the watffle plots, each square represents one HIV genome. HIV genomes with the same
nucleotide combination are colored in the same color, and HIV genomes with distinct
nucleotide combinations are colored in different colors. The red arrow indicates a rare
nucleotide combination from the drug-naive sample (top) that is enriched in HIV
genomes in the virological failure sample (bottom). DRM: drug resistance mutation.

PWH: person living with HIV. ART: antiretroviral therapy.
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2.3 DiscussioN

Correlated DRMs and compensatory mutations selected in the HIV gag-pol region during ART
provide HIV with enhanced resistance and replication fitness'*'>'**, These correlated mutations,
distributed either within the same viral protein (protease, reverse transcriptase) or between
interacting proteins (Gag polyprotein and protease)***, affect protein-protein interactions, play
essential roles in the viral life cycle, and have been targeted for anti-viral inhibitor development.
Understanding the correlated mutations that arose within the HIV genome would provide
insights into the evolutionary strategies of HIV during ART failures. However, previous studies
on correlated mutations were constrained by the short read length of deep-sequencing

techniques, often relying on bioinformatic inference or statistical analysis'***,

In this study, I assessed the ability of MrHAMER, a long-read sequencing methodology, in
identifying linked mutations within the HIV gag-po/ region. MrHAMER exhibited high
sensitivity, detecting even rare mutation pairs with frequencies as low as 1%. This capability is
crucial for identifying infrequent HIV variants in the viral population, which could impact the
outcomes of subsequent ART. Furthermore, I confirmed that MrHAMER accurately maintains
the original proportions of different mutation pairs in complex viral populations. Consequently,
by analyzing the abundance of various HIV genomes in the sequencing outputs, we can infer

their relative fitness within the viral population.

With MrHAMER validated, I applied it to sequence longitudinal serum samples from one PWH
experiencing ART failures, aiming to identify linked mutations associated with ART failures.
MrHAMER provided accurate sequences of the ~4.5kb gag-pol region in individual HIVs. From

the sequencing data, I detected 25 mutations that were enriched across the HIV gag-pol region


https://www.zotero.org/google-docs/?Hh5nfa
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during ART. Analyzing individual sequencing reads confirmed that these 25 mutations were

collectively enriched in the same HIV genome.

One known DRM, RT M184V, was included in these 25 mutations. Previous studies have shown
that, while providing HIV with high resistance against NRTIs, RT M184V would significantly
reduce the HIV replication capacity*’. Compensatory mutations often arise in the HIV genomes,
compensating for the loss in the viral replication capacity. In this study, I observed the
co-occurrence of RT M184V and 24 other mutations across the HIV gag-pol region. These 24
mutations were rarely or not detectable pre-ART but became enriched together during ART
failures. This suggests they likely compensate for the reduced fitness caused by RT M184V. The
effects of these mutations need to be validated using in vitro fitness assays. Alternatively, using
more samples from different PWHs treated with the same drug class could help distinguish

passenger mutations from significant findings (more details will be provided in Chapter 5).

In the drug-naive viral population of this PWH, I identified a rare founder species with an
abundance of ~0.1% that had all the above 25 mutations. This indicated that this founder species
was presumably selected during ART and likely contributed to ART failures. Notably, this
founder species had not been detected in the genotypic drug resistance testing prior to ART
initiation due to its low abundance®. This highlighted MrHAMERs ability to identify infrequent
HIV strains, which could later contribute to enhanced resistance and viral fitness, ultimately

resulting in suboptimal treatment outcomes.

For this analysis, I utilized one drug-naive sample and one virological-failure sample to illustrate
the evolution of HIV during ART failures. Having more intermediate samples will provide us

with more details of the HIV evolution during ART. More analyses and methods are provided in


https://www.zotero.org/google-docs/?McQqlE
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the next Chapter, which focus on tracing the evolution of individual HIV genomes during ART

failures.

To identify co-occurring mutations in individual HIV genomes, I provided LiME, a Python script
that was designed to identify and quantify mutational patterns in long-read sequencing datasets®.
In this study, LIME identified 25 co-occurring mutations across the HIV Gag polyprotein,
protease, reverse transcriptase, and integrase. These co-occurring mutations might be involved in
protein-protein interactions and compensation mechanisms. Moreover, LIME could be used to
reveal sequence diversity in viral samples. Consistent with the CliqueSNV outputs, LiIME
detected more gag-pol mutational patterns in the drug-naive sample and fewer mutational
patterns after ART failure, with predominant mutational patterns detected. LIME's optimization
facilitates the simultaneous identification of nucleotide combinations across tens of positions in
thousands of reads within seconds. Its efficiency surpasses that of haplotype construction and
enables users to target specific positions or regions of interest. In summary, this simple and
convenient tool can be used in diverse sequencing datasets and can compensate for variant
calling tools and linkage disequilibrium calculation tools in studying the polymorphism in viral

and other genomes.

In this study, I validated MrHAMER’s sensitivity and reliability in identifying linked mutations
within the HIV genome. I showed its application by identifying co-occurring mutations across
the HIV gag-pol region that were selected during ART failures in one PWH. Furthermore, the

ability of MrHAMER to analyze higher-order linked mutations would benefit the identification

48-50

of complex evolutionary pathways®™". And this method can be adapted for identifying

correlated mutations in other viruses or bacteria**”!.
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2.4  METHODS

Generation of plasmids for in vitro transcription of HIV RNAs.

To generate a plasmid for in vitro transcription of HIV RNAs, the HIV insert from the pSG3.1
strain was PCR amplified with Q5 HotStart Master Mix (NEB M0494S) in two fragments, with
an overlap in the protease locus to add a D25A mutation and both an EcoRI/T7 promoter and
PolyA/BamHI sites at the 5’ and 3’ ends of the insert. A pUC19 backbone was PCR amplified
with overlaps to the T7 promoter site at the 5 of insert and PolyA tail at the 3’ ends.
PCR-amplified insert and vector fragments were assembled with the NEBuilder HiFi DNA
Assembly kit (NEB E2621S) and plated onto LB-Amp. Single colonies were grown,
mini-prepped, and sequenced to verify the plasmid identity and orientation of all fragments. For
nomenclature purposes, this sequence is referred to as a ‘wild-type’ strain throughout. Additional
mutants were designed based on this SG3.1 ‘wild-type’ background, containing one of the
following mutation pairs: T632A/A633G with A1951G, G2550T with C3875A, A1597C with
A4106G. These mutations were added via PCR amplification with primers that generated
overlaps for subsequent NEBuilder HiFi assembly. All modified plasmids containing mutation

pairs were grown from single colonies and sequenced to verify sequence identity.

In vitro transcription of HIV RNAs.

HIV plasmid was treated with T5 exonuclease (NEB M0363S) to digest any fragmented vector,
and DNA was cleaned with Monarch PCR & DNA Cleanup Kit (NEB T1030S). The resulting
supercoiled plasmid was linearized at the 3’ ends of the PolyA tail using BamHI-HF (NEB

R3136S) and checked for reaction completion by running on an agarose gel. The linearized
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plasmid was DNA-cleaned and eluted in nuclease-free water. Standard RNA Synthesis was
carried out with the HiScribe T7 High Yield RNA Synthesis kit (NEB E2040S) for 1.5 hours
according to the manufacturer’s instructions, using 500—-1000 ng of linearized plasmid as input,
followed by DNase I digestion as instructed. RNA was purified using RNA Clean &
Concentrator—5 kits (Zymo Research R1013) and eluted in nuclease-free water. RNA samples
were serially diluted in order to arrive at the desired number of input RNA molecules. When
using a complex mixture of samples, RNA species were first mixed at a high concentration at the

right proportion, followed by serial dilutions to the appropriate RNA molecule number.

Sequencing library preparation.

For the sequencing library preparation process, including reverse transcription, emulsion PCRs,
MrHAMER template preparation, and generating concatemers from the MrHAMER templates,

please review the previous publication®.

Nanopore sequencing.

Sequencing libraries were prepared using the Ligation Sequencing Kit (SQK-LSK109). All
samples were sequenced with MinlON R9.4.1 flowcells, basecalled with Guppy basecaller 3.6.0.

Quality Control was performed on reads using the NanoPlot package.

Bioinformatics.

For the downstream bioinformatics analyzing process, including basecalling, splitting long

concatemers, and reconstructing genomes, please review the previous publication®.

Detection of correlated mutations using CoVaMa.
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MrHAMER generated FASTA files containing reconstructed genomes at high accuracy (using at
least eight repetitive units per genome). For downstream analysis, these reconstructed genomes
were mapped to the HIV reference using minimap2 (default mode). The CoVaMa package
consists of two Python scripts®®. The first script is CoVaMa Make Matrices.py. I ran the first
script using the minimap2 outputs with the following options —Mode2 Nucs —SAMI
—PileUp Fraction 0.005 NT. Since our effective limit of detection of linked mutations was
between 0.5 and 1%, the PileUp Fraction was set to 0.005 so that only contingency tables with
mutants present at a frequency >0.5% were considered. The first script generated large matrices
consisting of populated contingency tables for every pairwise association between SNVs. For the
next step, matrices were analyzed using ColVaMa Analyze Matrices.py with the following
options —Min Coverage 5 -OutArray -Weighted NT. Setting the Min_Coverage to 5 discarded
contingency tables populated with fewer than 5 aligned reads. Results were output in TEXT
format, with each row indicating a pair of correlated mutations, their linkage disequilibrium (LD)
value, weighted LD value, R-squared value, and the entire contingency table. For result
visualization, the top 150 pairs of correlated SNVs with the highest LD values were plotted via

R.

Viral RNA extraction from samples collected from PWHs.

Frozen plasma aliquots from PWHs experiencing ART failures were obtained from the UC San
Diego Primary Infection Resource Consortium (PIRC). From every sample, 1 ml plasma was
transferred to 1.5 ml DNA LoBind tubes (Eppendorf), and centrifuged for 75 min at 18 000 x g
and 4 °C to concentrate the virus. After centrifugation, 860 ul of supernatant was carefully

aspirated from the top of the tube and frozen at —80 °C. The remaining 140 pl of the


https://www.zotero.org/google-docs/?pXWbzl
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concentrated virus was processed according to the QIAamp Viral RNA Mini kit (QIAGEN
52904) protocol, with the only deviation from protocol being viral RNA elution in 30 pl of
nuclease-free water. 11 pl of this eluate was used as input for subsequent RT and serial emulsion

PCRs as described in the previous publication®.

Generation of the sample-specific consensus sequence for use as a reference for single molecule

reconstruction.

Given high HIV intra-host diversity (both at the SNV and In-Del level), a sample-specific
reference was generated for each sample prior to single molecule reconstruction. FASTQ reads
generated after demultiplexing with qfilesplitterV3.1.py (each containing at least ten repeating
units) are concatenated, mapped to pSG3.1 reference, followed by racon and medaka sequence
correction to generate a sample-specific consensus assembly. This sample-specific consensus
assembly is used as a reference for subsequent single molecule error-correction using the

protocolV3.3.py script.

Generation of a PWH-specific naive reference using standardized HXB2 coordinates.

For downstream analysis of error-corrected gag-pol reads, the drug-naive consensus assembly
for the serum sample was mapped to the HXB2 reference sequence (accession number K03455)
using MAFFT v7.471 with the following options —ep 20 —keeplength —addfragments. This
yielded a drug-naive reference sequence that preserved HXB2 ORFs and positional coordinates
while taking into account the prevailing genetic background of the drug-naive error-corrected
gag-pol reads. Error-corrected sequencing reads and haplotype sequences could then be mapped

to this newly generated reference to determine patterns of SN'Vs and insertion/deletion events.


https://www.zotero.org/google-docs/?FI0fZx
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Generation of viral haplotype clusters from high-accuracy gag-pol reads.

High-accuracy gag-pol reads from drug-naive and virological-failure (VF) samples were
separately mapped to their respective sample-specific consensus sequence using minimap?2. The
resulting drug-naive and VF SAM files were then used as input for CliqueSNV v1.5.4
(https://github.com/vtsyvina/CliqueSNV) with the following options -m snv-pacbio -rn fdf
extended4 -tf 0.001. The resulting outputs delineated clusters (haplotypes) of gag-pol reads with
sharing mutation patterns and included the FASTA sequence and percent enrichment of each

haplotype cluster.

Walffle plot analysis (LiME + Waffle plots).

To better understand the possible evolutionary pathways taken by individual HIV genomes
during ART, Linked-Mutation Extractor (LiME), a custom Python script, was developed to
acquire the higher-order linkage information from sequencing reads. LIME was designed to
classify long sequences into several groups based on their unique combination of nucleotides at a
series of positions (Genetic Patterns). LIME took a BAM file containing the aligned target
sequences and a list of positions. In order to accelerate the analyzing process, the list of positions
given was first chucked into several smaller subgroups with five or less than five positions.
Genetic pattern identification and read classification were done independently in each subgroup,
after which all genetic patterns belonging to the same read were collected and combined,
forming an entire pattern covering all the given positions. LIME generated a waffle plot using the
PyWaffle Python package and stored the analyzing results in a CSV file, each line containing a

genetic pattern observed, the read count with this pattern, and ID of those reads.
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Chapter 3. COMPLEX MUTATIONAL PATTERNS THAT DRIVE HIV
RESISTANCE DEVELOPMENT REVEALED USING

BIOINFORMATICS ANALYSIS TOOLS

3.1 ABSsTRACT

Correlated drug resistance mutations (DRMs) and compensatory mutations selected in the HIV
gag-pol region provide HIV with enhanced resistance and replication fitness during
Antiretroviral Therapy (ART). Among these correlated mutations, DRMs grant HIV with
inhibitor resistance but at the cost of enzyme stability and enzymatic function. This fitness
reduction is mitigated by the selection of compensatory mutations, either within the same HIV
enzyme or in a different HIV protein. To better understand the evolutionary strategies taken by
HIVs during drug-mediated selection, it is essential to investigate the sequential order in which
these correlated mutations arise in individual HIVs. Furthermore, identifying mutational patterns

selected in the HIV genome under drug pressure is critical.

In the previous Chapter, I demonstrated the application of MrHAMER, a novel long-read
sequencing methodology. MrHAMER provided accurate gag-pol sequences from individual
HIVs present in serum samples from people living with HIV (PWHs) experiencing ART failures.
Despite this advancement, we still lack bioinformatic tools to reveal evolutionary pathways taken
by individual HIVs during ART failures and identify mutational patterns associated with

resistance development.

In response to this need, I utilized the Hamming-distance-based phylogenetic analysis (HDBPA).

This method was designed to handle longitudinal samples sequenced using long-read sequencing
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technologies, e.g., MrHAMER. To show this method’s application for analyzing different HIV
regions that have evolved under distinct drug classes, I described the analyses of ART failures in
two PWHs using the HDBPA. One PWH received a Protease Inhibitor (PI)-based therapy; the

other PWH received Nucleoside Reverse Transcriptase Inhibitors (NRTIs) therapies.

From the PWH who failed a PI-based therapy, I analyzed one pre-treatment serum sample and
one post-treatment serum sample using the HDBPA. The findings revealed two predominant
subpopulations selected during this ART failure. Additionally, the results indicated that these two
subpopulations originated from distinct Most Recent Common Ancestors (MRCAs) and acquired
different sets of mutations under drug pressure, indicating their different evolutionary strategies

in response to the treatment.

The other PWH failed two successive dual-NRTI therapies. Analyzing longitudinal serum
samples collected during therapy failures revealed a clear pattern. It showed that the resistance
development in individual HIVs in this viral swarm mainly followed one of three distinct
evolutionary pathways. Each pathway was characterized by a unique combination of DRMs and

compensatory mutations in the HIV reverse transcriptase.

Besides HIV, HDBPA could be applied to study the evolution of other viruses and bacteria. This
analysis pipeline/methodology is being formatted into a method manuscript, and the

methodology will be submitted to GitHub for public use.
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3.2 RESULTS

3.2.1 HDBPA Reveals the Evolution of Individual HIVs Druing ART

Failures

Phylogenetic trees have been widely used to correlate sequences from different time points and
reveal genetic changes over time™. Phylogenetic tree construction usually relies on consensus
sequences. It faces challenges while dealing with large numbers of genomes generated by
long-read sequencing methodologies like MrHAMER, which generated thousands of individual
HIV gag-pol genomes from each serum sample®. Therefore, traditional tree construction
methods are incompatible with the sequencing depth of MrHAMER and other long-read
sequencing methodologies. Moreover, conventional phylogenetic tree construction ignores the
abundance of individual viral genomes in the viral swarm and lacks a direct representation of

mutational changes between Most Recent Common Ancestors (MRCAs) and their descendants.

To overcome these challenges, I utilized Hamming distance to reveal the relationship between
individual HIV genomes. I used HDBPA, a method tailored for analyzing HIV genomes
collected over time and sequenced using MrHAMER™ (Figure 3.1B). Considering aligned
nucleotide sequences or amino acid sequences as strings of characters, the Hamming distance
between two sequences is the number of positions where their characters do not match. From an
evolutionary perspective, it represents the minimum number of mutations required for one

sequence to evolve into another sequence™.
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Figure 3.1. HDBPA reveals the evolution of individual HIVs and the linkage

disequilibrium-based analysis reveals mutational patterns from sequencing data.
(A) Longitudinal serum samples are subjected to long-read sequencing, after which
two distinct bioinformatic analyses are conducted. The horizontal analysis tracks the
evolutionary trajectories of individual HIVs during ART using the
Hamming-distance-based phylogenetic analysis (HDBPA), while the vertical analysis
identifies mutational patterns enriched in the viral population at specific time points,

such as after ART failure. (B) HDBPA correlates each HIV genome to its Most
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Recent Common Ancestor (MRCA) from a prior time point. For instance, each
post-treatment HIV genome is linked to its corresponding MCRA in the pre-treatment
viral population. The post-treatment HIV genomes derived from the same MRCA are
grouped into one subpopulation. (C) Constructing Higher-Order Mutational Patterns.
Pairwise associated SNVs are identified using CoVaMa. These SNV become starting
events in an event pool. Through iterative fusion, pairs of events are combined if all
their SN'Vs are pairwise associated. This process continues until no new fused events
can be formed, generating all possible higher-order mutational patterns. ART:
antiretroviral therapy. SNV: Single-Nucleotide Variants. CoVaMa: Co-Variation
Mapper.

HDBPA required at least two HIV samples sequenced at different time points (Figure 3.1A,
Figure 3.1B). After sequencing, individual HIV genomes generated were aligned to the HIV
HXB?2 reference sequence. This ensured that all HIV genomes would have the standardized
HXB2 coordinates. After this, HDBPA correlated each aligned HIV genome in the latter time
point to its MRCA detected at a prior time point based on the minimum Hamming distance™. In
this way, HIV genomes detected at different sampling time points could be correlated based on
their sequence similarity. Additionally, HIV genomes derived from the same MRCA were
clustered into one subpopulation. The abundance of each subpopulation, relative to the total viral
genomes, indicated its relative fitness under drug pressure during the observation period. In this

way, HDBPA revealed the predominant subpopulations selected.

Unlike the HDBPA, which provided a time-based (horizontal) analysis of the viral evolution, a
vertical analysis targeted a single sample to uncover enriched mutational patterns at that time

point (Figure 3.1A). Mutational patterns selected during ART provide HIV with enhanced viral
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fitness under drug pressure. Higher-order mutational patterns contain several, i.e., > 2, mutations,
which could be located across different Open-Reading Frames (ORFs) in the HIV genome.
Hence, mutational pattern identification exceeds the capabilities of CoVaMa and other pairwise
linkage disequilibrium (LD) calculation methods'***. To address this, additional modifications
were implemented after acquiring pairwise association information using CoVaMa (Figure 3.1C).
First, significant pairwise associated SNVs (with LD values > 3 sigma) generated by CoVaMa
were collected as starting points. Then, every two events were fused if all SNVs involved were
significantly pairwise associated. For instance, association among SNV A, B, and C could only
be established if significant association was detected between A and B, between A and C, and
between B and C. These newly formed fused events were added to the event pool. This step
would be repeated until no new events could be formed. In the end, this generated all possible
higher-order mutational patterns. The abundance of each higher-order genetic pattern formed
could be calculated using the Linked-Mutation Extractor as described in Chapter 2. This pipeline

was accomplished using a custom Python script.

322 Identification of Enriched Mutational Patterns and Uncovering the
Order of Mutation Development in Two PWHs During ART

Failures

I analyzed the HIV evolution during ART failures in two PWHs using the HDBPA and showed
its applicability in investigating the evolution of individual HIVs under drug pressure. The first
PWH failed a Pl-based therapy. Thus, analysis of this PWH considered the HIV gag-pol region

but with an emphasis on the HIV protease region. The other PWH failed dual-NRTI therapies,
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and the analysis focused on the HIV RT region. Together, these two analyses showed that the
HDBPA could be used to study various HIV regions that have evolved under different drug

pressurcs.

The first PWH (PID: 3IB) failed a Pl-based therapy containing the PI Nelfinavir (NFV) and
NRTIs. From this PWH, two longitudinal serum samples were collected and sequenced using
MrHAMER: one was collected before the therapy initiation (the drug-naive sample); the other
was collected after the therapy failure (the virological-failure sample) (Figure 3.2A). MrHAMER
acquired 1832 individual HIV gag-pol genomes from the drug-naive sample and 632 individual
HIV gag-pol genomes from the virological-failure sample. HDBPA revealed 27 subpopulations
that were formed under drug pressure with varying subpopulation sizes. Additionally, two
subpopulations substantially expanded and were detected as the predominant subpopulations in
the virological-failure sample (Figure 3.2B). These two subpopulations were named after their

MRCAs, Subpopulation 608 and Subpopulation 540.

I analyzed the drug-naive MRCAs of these two predominant subpopulations, looking for unique
pre-existing mutations. The MRCA of Subpopulation 540 carried transmitted DRMs in the
protease (PR): PR D30N, PR V77I, and PR N88D. Previous research has reported that these
DRMs could provide HIV with high NFV resistance®**. Thus, MRCA 540 and its progenies had
high PI resistance. On the contrary, the MRCA of Subpopulation 608 did not contain any
protease DRMs and thus was susceptible to the PI used. Instead, it contained several mutations in
CSs of the Gag polyprotein. The cleavage of Gag polyprotein at CSs by HIV protease is an
essential step in the viral life cycle®. Several CS mutations were identified in the MRCA of

Subpopulation 608, including A374T and T375A in the P2/NC and S451N in the P1/p6. Among
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them, S451N mutation has been reported to improve the cleavage efficiency of protease'’.
Moreover, I compared the MRCA of Subpopulation 608 to other drug-susceptible genomes in
the drug-naive sample. None of the other drug-susceptible genomes contained CS mutations or
were selected during ART.

Drug naive sample B NFV, 3TC, AZT
Virological failure sample
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Figure 3.2. Individual HIVs in one PWH follow two distinct evolutionary pathways during the
ART failure.
(A) Changes in HIV viral load (copies/ml) during ART failures in one PWH. Gray

shading highlights the therapy period with inhibitors annotated. The drug-naive sample is
marked using the orange circle, and the virological-failure sample is marked using the
orange triangle. The red dashed line represents a viral load of 50 copies/ml. (B) Two
major subpopulations emerge during ART failure. They are named after their MRCAs
and colored in blue and red. MRCA: Most Recent Common Ancestors. (C) Genetic

changes in individual HV genomes within the two predominant subpopulations during
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ART. Proteins encoded in the HIV gag-pol are annotated on the top. In each
subpopulation, the green vertical lines above the HIV genome represent the mutations
acquired; the red vertical lines below the HIV genome represent the mutations lost. The
height of a vertical line corresponds to the times that a genetic change is detected in each
subpopulation. Known DRMs in protease and reverse transcriptase and compensatory
mutations in Gag cleavage sites are labeled. ART: antiretroviral therapy. PWH: person

living with HIV.

To identify the genetic changes (mutations) occurring in the two predominant subpopulations
during ART, I quantified the mutational changes in individual HIV genomes within each
subpopulation. The quantification result indicated that distinct genetic changes occurred in HIV
genomes in these two subpopulations during ART failure (Figure 3.2C). The HIV genomes in
Subpopulation 540 inherited protease DRMs (D30N, V771, and N88D) from their MRCA.
Hence, no further genetic changes were detected in their protease region. In this subpopulation,
most genetic changes occurred in the capsid (CA), reverse transcriptase (RT), and integrase (IN).
The mutations developed in the RT included a canonical DRM, RT M184V, which provided high
resistance to the NRTIs used*. On the contrary, most HIV genomes in Subpopulation 608
acquired PR D30N and PR N88D under drug pressure. Interestingly, HIV genomes in
Subpopulation 608 further developed more CS mutations in the Gag P1/p6 and P2/NC, including
I376M in the P2/NC and L449F in P1/p6. According to previous studies, L449F improves the

cleavage efficiency of protease with PR D30N and PR N88D*"**.

Two predominant higher-order mutational patterns, Pattern A and B, were identified in the
virological-failure viral population (Table 3.1). Pattern A contained 12 mutations across the HIV

gag-pol region and was enriched in Subpopulation 608 but not in Subpopulation 540. On the
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contrary, Pattern B contained 12 mutations and was enriched in Subpopulation 540 but not in
Subpopulation 608. Compared to Pattern A, Pattern B contained more DRM mutations,
including PR V771 and RT M184V. On the contrary, Pattern A contained several unique Gag CS
mutations, including A374T, T375A, and I376M in the P2/NC, and L449F and S541N in the
P1/p6. L449F and S541N have been reported to increase the cleavage efficiency of both
wild-type protease and mutant protease with PR D30N and PR N88D''. Although no canonical
RT DRM was detected in Pattern A, several other RT mutations developed together under RT
inhibitor pressure. In summary, these two subpopulations, originating from distinct MRCAs,
followed divergent evolutionary trajectories, selecting distinct mutational patterns that enhanced

drug resistance and viral fitness during ART.

Table 3.1. Two predominant mutational patterns are identified in the virological-failure

sample.
Region in HIV Pattern A Pattern B
MA K28Q), S54P, V821
P2 A374T*, T375A%*, I376M*
po L449F*, S451N* S4511*
PR D30N<, N88D< D30N<, V771, N88D<
RT T69N, 1135M, K275Q, R277K [135R, M184V<
IN K71R V311, E35Q, K211S
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* Cleavage site (CS) mutations; < Drug resistance mutations (DRMs)

MA: matrix protein; PR: protease; RT: reverse transcriptase; IN: integrase

The other PWH (PID:1008) failed two consecutive dual-NRTTI therapies (Figure 3.3A). The first
therapy consisted of Stavudine (D4T) and Didanosine (DDI), while the second therapy
comprised Stavudine (D4T) and Lamivudine (3TC). To trace the evolution of HIV over time, |
sequenced one drug-naive sample and three virological-failure samples: one was collected after
the first therapy’s failure, one was collected ~2 weeks after the second therapy started, and a 3™
sample was collected after the failure of the second therapy (Figure 3.3A). Using the HDBPA, I
identified the evolutionary tracks of individual HIVs during ART failures. Notably, these
evolutionary tracks could be grouped into three major evolutionary pathways. All three pathways
started with a pre-existing DRM, RT M41L, and developed a Thymidine Analog Mutation
(TAM) T215Y during the first therapy™. The combination of RT M41L and RT T215Y increased
the viral resistance against D4T and DDI to an intermediate/high level®. Other than RT M41L
and RT T215Y, these three pathways were characterized by unique combinations of RT DRMs

(Figure 3.3B):

1) Pathway A: During the first therapy, HIV genomes in this pathway developed the
accessory NRTI-selected mutation, RT V75T, About two weeks into the second therapy,
these viral genomes developed another TAM, RT L210W. The combined mutations
M41L-V75T-L210W-T215Y resulted in a total resistance mutation score of 160 against
DAT, according to HIVDB. Compared to other HIV genomes within the same viral

population, those with this specific mutation combination exhibited the highest resistance
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to DAT. Consistent with this, two weeks after the second therapy started, the viral genome
in this pathway made up around 45% of the viral population. However, all HIV genomes
in this pathway failed to develop RT M184V and remained susceptible to the 3TC, the
other drug used in the second therapy*. Consequently, the HIV genomes within this
pathway could not survive through continuous 3TC pressure, and their proportion

decreased to a mere 0.5% after the second therapy’s failure.

Pathway B: During the first therapy, viral genomes in this pathway developed RT V75T
as well. About two weeks into the second therapy, these genomes additionally acquired
the drug-resistant mutation M 184V, which imparts high resistance to 3TC. The combined
mutations M41L-V75T-M184V-T215Y gave the virus high resistance to D4T and 3TC.
Consequently, the HIV genomes following this pathway were selected during the second

therapy, constituting 44% of the viral population after the second therapy’s failure.

Pathway C: During the first therapy, viral genomes in this pathway developed V75S and
L210W. Around two weeks after the second therapy started, these viral genomes
developed RT M184V. The combined mutations M41L-V75S-M184V-L210W-T215Y
gave the virus high resistance to D4T and 3TC. Consequently, HIV genomes in this
pathway were selected during the second therapy, comprising 51% of the viral population

after the second therapy’s failure.
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Figure 3.3. Three major evolutionary pathways taken by individual HIVs during therapy
failures in one PWH.
(A) Changes in HIV viral load (copies/ml) during therapy failures in one PWH. Gray
shading highlights the therapy periods with inhibitors annotated on the top. The start and
stop of each therapy are marked using blue vertical dashed lines. The drug-naive sample
is marked using the orange circle, and the virological-failure samples are marked using
orange triangles. The red dashed line represents a viral load of 50 copies/ml. (B) Three
major evolutionary pathways followed by HIV genomes during consecutive therapy
failures. The RT DRMs involved in each pathway are annotated. The number of HIV
genomes following each pathway is quantified at four sampling time points. This
quantitative data is visualized using circles, the sizes of which reflect the relative
abundance of HIV genomes following each pathway in relation to the total count of HIV

genomes. PWH: person living with HIV; RT: reverse transcriptase.

Besides different combinations of RT DRMs mentioned above, HIV genomes in these three
pathways also developed distinct mutations located on positions 53, 293, 297, 334, 335, and 417
in the reverse transcriptase. A significant negative association was detected between RT V75S

and RT E53D during the first therapy failure. Most HIV genomes with pre-existing RT ES3D
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developed RT V75T during the first NRTI therapy and followed Pathway A. On the contrary, RT
V758 were acquired mainly in HIV genomes in Pathway C, which did not have the pre-existing
RT E53D. After switching to the second NRTI therapy, HIV genomes in the three evolutionary
pathways kept the mutations developed in the previous therapy and further acquired different
mutations. Sampling 2 weeks after the second therapy started provided a snapshot of the

mutational pattern in each pathway (Figure 3.5B):

1) Pathway A: M41L-ES53D-V75T-L210W-T215Y-E297S-Q334N-V4171, named Pattern
(A).
2) Pathway B: M41L-V75T-M184V-T215Y, named Pattern (B).

3) Pathway C: M41L-V75S-M184V-L210W-T215Y-1293V-E297L-G335D, named Pattern

(©).

Analyzing results indicated that HIV genomes with Pattern A failed to develop RT M184V and
got eliminated under 3TC pressure. On the contrary, HIV genomes with Pattern B and Pattern C
were selected and expanded under 3TC pressure. To summarize, 1 identified three major
evolutionary pathways utilized by HIVs in this PWH during consecutive therapy failures. The
HIV genomes following each pathway had a unique combination of RT DRMs and

compensatory mutations.

Table 3.2. Genetic patterns formed in each evolutionary pathway two weeks after starting the

second therapy.
RT
o 53 75 184 210 293 297 334 335 417
positions
Pattern
D T W< S N I
(A)
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< Drug resistance mutations (DRMs). RT: reverse transcriptase.
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3.3  DIscuUSSION

In this study, I utilized the MrHAMER sequencing methodology to acquire individual HIV
gag-pol genomes from longitudinal serum samples of PWHs*. Subsequently, these individual
HIV genomes were linked across different time points using the HDBPA. This method allowed
for the visualization of the evolutionary trajectories of individual HIVs during ART failure, thus
revealing the specific genetic changes (mutations) that occurred during ART and the sequential
order in which they arose. Additionally, this method parsed mutations detected in HIV genomes
into two groups: 1) mutations inherited from MRCAs; 2) mutations developed de novo under
drug pressure. The mutations in the former group likely supported viral fitness in the absence of
drug pressure. In contrast, those in the latter group were likely associated with enhanced fitness

under drug pressure.

Furthermore, by illustrating the evolution of individual HIVs, this approach identified groups of
individual HIVs originating from the same MRCA and revealed predominant subpopulations
formed during ART. The predominant subpopulations selected during ART likely contributed the
most to ART failures. And the shared genetic changes within these predominant subpopulations

likely provided HIV with enhanced fitness during ART.

To show the ability of HDBPA to analyze the evolution of various HIV regions that have evolved

under different drug classes, I presented the analyses of ART failures in two PWHs.

From the first PWH (PID: 3IB) who failed a Pl-based therapy, HDBPA revealed two
predominant HIV subpopulations that arose from distinct MRCAs: one contained protease (PR)

DRMs presumably coming from the naive infecting HIV population, and the other was
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PI-susceptible, but circumvented inhibitor activity presumably due to compensatory mutations in
Gag CSs that enhanced PR cleavage and viral replication capacity. During ART, these
PI-susceptible HIV genomes developed PR DRMs de novo or through recombination with other
drug-resistant genomes. Furthermore, these HIV genomes developed more mutations in the Gag
CSs under drug pressure, besides those that were inherited from its MRCA. The mutations
developed in P1/p6 have been reported to improve the PR cleavage efficiency, thus increasing

viral replication capacity'>"*

. The mutations in P2/NC might be selected accordingly,
maintaining the sequential order of cleavage in the Gag polyprotein®. In summary, I observed
different evolutionary strategies utilized in the two predominant subpopulations: one evolved to
higher resistance with moderate replication capacity, and the other evolved to moderate
resistance with higher replication capacity. Moreover, this indicated that pre-existing

compensatory mutations in the drug-naive HIV genomes could also contribute to resistance

development and affect ART outcomes.

From the other PWH (PID: 1008) who failed two consecutive dual-NRTT therapies, HDBPA
revealed three major evolutionary pathways individual HIVs took during therapy failures. These
pathways were characterized by unique combinations of RT DRMs and RT compensatory
mutations on a series of RT positions (53, 75, 184, 210, 293, 297, 334, 335, and 417). Notably,
HIV genomes in Pathway A acquired the combined mutations
M41L-E53D-V75T-L210W-T215Y-E297S-Q334N-V4171, which provided them with the highest
DAT resistance in the viral population. However, HIV genomes with this mutation set failed to
acquire RT M184V during the second therapy and were eliminated by 3TC, the other drug used

in the second therapy, pressure. Conversely, HIV genomes in the other two pathways acquired
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distinct combined mutations, enabling the successful development of RT M184V and driving
enrichment during the second therapy. This observation indicated that different combinations of
RT mutations might have either promoting or disruptive effects on acquiring RT M184V.
Therefore, compensatory mutations emerging in HIV genomes earlier, such as those from prior
therapies, might significantly shape their evolutionary outcomes (regression or selection) in
subsequent therapies. Moreover, like the previous analysis, this analysis again revealed several
viral subpopulations involved during ART failure(s). Different mutation combinations in these
viral subpopulations presumably provided them with different flexibility when facing new drug

pressure and increased the difficulty in suppressing viral replication.

This study focused on non-synonymous mutations, which lead to structural and functional
changes in HIV proteins. Therefore, the Hamming distance was calculated based on
non-synonymous mutations in the HIV genome. However, it is important to note that the
Hamming distance calculation criteria can vary depending on the specific objectives of each
study. Criteria options include nucleotide variants, amino acid mutations, or specifically
non-synonymous amino acid mutations. Moreover, during Hamming distance calculation,
specific mutation groups or HIV regions can be emphasized by assigning distinct weights to
different components. For example, if we want to consider the entire HIV gag-pol region but also
emphasize the similarity between protease sequences over other HIV regions, a higher score for
protease mutations would be appropriate. Similarly, a higher score could be given to
non-synonymous mutations over synonymous mutations to emphasize non-synonymous

mutations in the HIV genome.
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In this study, I focused on substitution mutations’ contribution to the evolution of HIV genomes.
However, recombination is another essential driving force of viral evolution. In theory, HIV
genomes recombined between two or more MRCAs would have an unusually high Hamming
distance when compared to all HIV genomes detected at a previous time point. Based on this,

recombined HIV genomes could be identified and investigated in future updates of HDBPA.

To summarize, | validated the HDBPA’s ability to analyze the evolution of various HIV regions
that have evolved under different drug classes. Moreover, this method can be extended to various
sequencing datasets for the study of evolutionary processes in other viruses and bacteria.
Notably, there are no constraints on sequence length and depth. However, longer target region
sequencing and higher sequencing depth in each longitudinal sample could improve the matching

accuracy between progeny genomes and their MRCAs.
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3.4 METHODS

Viral RNA extraction from samples collected from PWHs.

Frozen plasma aliquots from PWHs experiencing ART failures were obtained from the UC San
Diego Primary Infection Resource Consortium (PIRC). From every sample, 1 ml plasma was
transferred to 1.5 ml DNA LoBind tubes (Eppendorf), and centrifuged for 75 min at 18 000 x g
and 4 °C to concentrate the virus. After centrifugation, 860 pul of supernatant was carefully
aspirated from the top of the tube and frozen at —80 °C. The remaining 140 pl of the
concentrated virus was processed according to the QIAamp Viral RNA Mini kit (QIAGEN
52904) protocol, with the only deviation from protocol being viral RNA elution in 30 pl of
nuclease-free water. 11 pl of this eluate was used as input for subsequent RT and serial emulsion

PCRs as described in the previous publication®.

Sequencing library preparation.

For the sequencing library preparation process, including reverse transcription, emulsion PCRs,
MrHAMER template preparation, and generating concatemers from the MrHAMER templates,

please review the previous publication®.

Nanopore sequencing.

Sequencing libraries were prepared using the Ligation Sequencing Kit (SQK-LSK109). All
samples were sequenced with MinlON R9.4.1 flowcells, basecalled with Guppy basecaller 3.6.0.

Quality Control was performed on reads using the NanoPlot package.

Bioinformatics.


https://www.zotero.org/google-docs/?xiOx7m
https://www.zotero.org/google-docs/?OViWh6
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For the downstream bioinformatics analyzing process, including basecalling, splitting long

concatemers, and reconstructing genomes, please review the previous publication®.

Insertion of individual gag-pol reads into the HXB2 reference sequence.

Individual HIV genomes should have the same coordinates, e.g., HXB2 coordinates, for the
Hamming distance calculation. Hence, after sequencing and error-correction, individual gag-po!
reads in each sample were mapped to the HXB2 reference sequence (accession number K03455)
using minimap2 (default mode). Aligned reads were stored in a SAM file. Based on CIGAR
strings in the SAM file, the insertions detected every gag-pol read (‘I’ and ‘S’) were removed,
and the deletions (‘D’) were filled using the corresponding sequence in the HXB2 reference. In
this way, all gag-pol reads were uniform in length as HXB2 reference sequence, i.e., 297 nt, but

kept their unique mutations. This process was completed using a Python script.

Calculating the Hamming distance and targeting MRCASs for individual HIV genomes.

Individual HIV genomes from two longitudinal samples of the same PWH were sequenced and
aligned to the HIV HXB2 reference genome. Non-synonymous mutations were identified in each
aligned HIV genome, making a mutation set. For each mutation set detected at the later time
point, a comparison was made to those mutation sets from the prior time point. The Hamming
distance between these sets was then calculated. This process enabled the identification of the
Most Recent Common Ancestor (MRCA) for each gag-pol read detected at the later time point.
The MRCA was determined based on the lowest Hamming distance between the mutation sets.

This analysis was performed using a custom Python script.


https://www.zotero.org/google-docs/?pkIZrh
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Chapter 4. CO-VARIATION OF VIRAL RECOMBINATION WITH SINGLE
NUCLEOTIDE VARIANTS (SNV'S) DURING VIRAL EVOLUTION

REVEALED BY AN IMPROVED CO-VARIATION MAPPER

(CoVaMa)

4.1  ABSTRACT

In the previous Chapters, I identified correlated mutations within the HIV genome, which were
encoded by co-varying Single-Nucleotide Variants (SNVs) that arose during antiretroviral
therapy (ART) failures. Besides the acquisition of SNVs, the recombination process is another
strong driving force of viral evolution. It results from the template-switching events during the
replication of viral RNAs. In this process, the viral polymerase accidentally disassociates from
its original temple viral genome and then re-associates to another region in the same template or
a different template. These results in recombination events in the viral genome, including
insertions, deletions, and duplications. Recombination events can have a dramatic impact on

viral fitness, viral intra-host diversity, and the development of resistance against antiviral drugs.

The co-occurrence of SNVs in viral genomes during evolution has been well-described.
However, unlike the correlation between SNV, studying the correlation between recombination
events with each other or with SNVs was hampered by their inherent genetic complexity and a
lack of bioinformatic tools. In this collaborative research with the Routh lab, we expanded the

previously reported Co-Variation Mapper pipeline (CoVaMa, v0.1) to measure linkage
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disequilibrium between recombination events and SNVs within both short-read and long-read

sequencing datasets.

I revised the new version of CoVaMa (v0.7) and demonstrated its applications by analyzing two
viral datasets acquired in previous studies. One viral dataset was acquired from Flock House
virus (FHV) serially passaged in vitro and sequenced using long-read sequencing technology.
The analysis of this dataset revealed SNVs that were either correlated or anti-correlated with
large deletions in FHV Defective-RNAs (D-RNAs). The other viral dataset was acquired from
longitudinal serum samples collected from a person living with HIV (PWH) who failed ART. In
the HIV genome, I found correlations between insertions in the p6%*¢ and mutations in Gag

cleavage sites.

To summarize, this collaborative study provided a tool to probe both NGS datasets and long-read
datasets for evidence of the correlation between intra-host variants. This study confirmed
previous findings and provided insights into novel associations between SNVs and specific

recombination events within the viral genome.
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4.2  REsuLTS

4.2.1 Overview of the CoVaMa Pipeline (v0.7)

CoVaMa (v0.7) pipeline utilized aligned reads in SAM files as input. It identified recombination
events (insertions, deletions, and duplications) and SNVs by comparing aligned reads to the
reference genome. To identify associations between SNVs, recombination events, and SNVs
with recombination events, CoVaMa built three types of contingency tables accordingly: 4x4,
2x2, and 4x2 (Figure 4.1A). For instance, to explore the relationship between an SNV on locus i
and a recombination event, a 4x2 contingency table would be built. In the contingency table,
rows represented nucleotide possibilities on locus i (A, T, G, or C), and the columns represented
the presence or absence of the recombination event. CoVaMa checked each input read for the
nucleotide on locus i and the presence of that recombination event to populate the contingency
table. All eight possible combinations (‘A-presence’, ‘T-presence’, ‘G-presence’, ‘C-presence’,
‘A-absence, ‘T-absence, ‘G-absence, ‘C-absence) were quantified and used to populate the
contingency table. The exact process was used to populate contingency tables between SNV's or

between recombination events.



A) CoVaMa_Make_Matrices.py

Alignment SAM file

Nucleotide to Recombination Matrix
1 . 1400
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Figure 4.1. Overview of the CoVaMa pipeline.
The CoVaMa pipeline contains two scripts. (A) The CoVaMa_Make Matrices.py extracts
information from each aligned read and generates large matrices containing 4x4
SNV-vs-SNV contingency tables, 4x2 SNV-vs-Recombination contingency tables, and
2x2 Recombination-vs-Recombination contingency tables. In each contingency table, the
columns correspond to either A, T, G, and Cs for nucleotides, or the presence and the
absence of recombination events. Rec, Recombination; SNV, Single-Nucleotide Variant.
(B) CoVaMa_Analyse Matrices.py analyzes contingency tables from each matrix for
evidence of linkage disequilibrium. From each 4x4, 4x2, and 2x2 contingency table,
every possible 2x2 table populated by sufficient reads is extracted to calculate the LD

value. The LD and R-squared values are normalized by the proportion of reads
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populating the 2x2 contingency table, generating the weighted LD and R-squared values.
LD value: linkage disequilibrium value. (C) An example of the CoVaMa output.

Once contingency tables had been generated, they would be used to calculate the LD values
between every two adaptation events (recombination events and SNVs) (Figure 4.1B). From the
4x4, 4x2, and 2x2 contingency table, every possible 2x2 sub-table was extracted, and only those
populated with a sufficient number of reads were subjected to LD calculation. LD calculation

was performed using the standard formula: LD = PP~ PaPup ‘A’ and ‘a’ were

placeholders for two possible options at the first coordinate, which could be either two
nucleotide possibilities at one locus, or the presence or absence of a recombination event.
Similarly, ‘B’ and ‘b’ represented the corresponding possibilities at the second coordinate. The
LD value ranged from 0 to +/- 0.25, where 0 indicated no association and values close to +/- 0.25
indicated a strong association. Considering that a single 4x4 or 4x2 table could yield multiple
potential LD reports due to diversity within these tables, LD values were normalized by the
proportion of reads populating the 2x2 contingency table from the entire 4x4 or 4x2 contingency

table. This normalization yielded weighted LD values (wLD).

The output of CoVaMa was reported using a TEXT file (Figure 4.1C), which provided detailed
information on associated adaptation events that were detected, as well as the LD value for each

association.
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4.2.2 Associations Between Recombination Events and SNVs in

Defective Flock House Virus (FHV) RNAs Revealed by CoVaMa

Flock House virus (FHV) is an insect-specific small bipartite RNA virus. Its genome consists of
two segments, RNA1 (3.1 kb) and RNA2 (1.4kb), encoding for the viral polymerase and viral
capsid protein, respectively®. During evolution, Defective-RNAs (D-RNAs) arise spontaneously
through nonhomologous RNA recombination in FHV RNA®. Thus, FHV is an ideal model for
studying viral recombination and evolution***!, In a previous study’, Jaworski et al. (2017)
serially passaged FHV in S2 Drosophila cells in culture, aiming to characterize the emergence,
selection, and adaptation of D-RNAs in vitro. After each passage, the researchers extracted
encapsidated RNA from purified virions and generated full-length ¢cDNA copies of the FHV
genomic segments. Purified cDNA was sequenced using Nanopore sequencing to identify the
emergence of insertions, deletions, and other RNA recombination events. Interestingly, the
sequencing results revealed that, after several passages, multiple deletions were most commonly
found in individual reads. On the contrary, reads containing only single-deletions were seldom
seen. In the same study, Jaworski et al. postulated that the co-occurrence of multiple deletion
events within individual reads indicated a selective advantage for ‘mature’ D-RNAs over the
‘immature’ D-RNAs. These paired deletions were consistent with major defective RNA2 species

previously characterized***>¢7,

The researchers also observed the emergence of multiple SNVs in the FHV RNA2 over passage,
including A226G and G575A. However, the function of these two mutations still needed to be
determined. A226G leads to a synonymous mutation. On the contrary, G575A results in the

Alanine to Threonine substitution at amino acid position 185 of the capsid protein. Looking at


https://www.zotero.org/google-docs/?TFh96b
https://www.zotero.org/google-docs/?xY6mv6
https://www.zotero.org/google-docs/?XlK00c
https://www.zotero.org/google-docs/?LsAZYF
https://www.zotero.org/google-docs/?wk10Ht
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the FHV particle (T=3 icosahedral), this A185T mutation is located at the five-fold and
quasi-three-fold symmetry axes of the virus particle, indicating possible interference with the

viral assembly®®,

To investigate the relationship between A226G, G575A, and recombination events constituting
D-RNA2 species, I analyzed the FHV dataset using the CoVaMa (v0.7). Few recombination
events were detected in the first two passages, consistent with the findings of Jaworski et al.
(2017) (Figure 4.2A). Diverse recombination events emerged throughout passaging in FHV
RNA2, with their frequency increasing (Figure 4.2A, Figure 4.2B). This increase in diversity and
abundance reflected Defective RNA species’ selective or replicative advantage. Additionally, I
observed fluctuation in the abundance of recombination events over time (Figure 4.2B). This
could be due to the competition between D-RNA encapsulation and the requirement of
generating enough complete capsid proteins to form mature capsids®. Interestingly, the majority
of recombination events observed located in two regions with only slight variance in the exact
coordinates of the recombination junction: 1) deletion events that excised nucleotides between nt
240 and nt 530, termed ‘Group 1’ (such as 248”512 and 2507513); 2) deletion events that
excised nucleotides between nt 720 and nt 1240, termed ‘Group 2’ (such as 736"1219) (Figure
4.2B, Figure 4.2C). By aligning these recombination events to the FHV RNA2 reference
genome, I confirmed that none of the recombination events removed the packing motif or the

replication cis-acting motif in FHV RNA2",


https://www.zotero.org/google-docs/?siapud
https://www.zotero.org/google-docs/?z3pdcX
https://www.zotero.org/google-docs/?QWssSI
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Figure 4.2. Detection of recombination events in FHV RNA2 using CoVaMa.
(A) Count of unique recombination events detected in FHV RNAZ2 across different
passages. (B) Recombination events tend to cluster into two distinct groups, denoted
"Group 1" and "Group 2," located in different regions of FHV RNAZ2. The abundance of
each group is plotted over passages. (C) Mapping of the two recombination-enriched
regions to the FHV RNA2 reference genome. These recombination events collectively

form FHV Defective RNA2. FHV: Flock House virus.

CoVaMa detected strong associations between recombination events, e.g., 248"512 and
736"1219, 2507513 and 736"1219 (Figure 4.3A). Additionally, it detected a strong association
between recombination events and SNVs, e.g., between G575A or A226G and recombination
events (Figure 4.3B). The non-synonymous mutation G575A positively correlated with
recombination events 2507513, 2487512, and 736"1219, suggesting a co-dependent evolution

(Figure 4.3B). In contrast to the G575A mutation, the A226G mutation negatively correlated
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with recombination events 2507513, 2487512, and 736"1219 (Figure 4.3B). Consistent with
these observations, CoVaMa also reported that A226G and G575A negatively correlated with

one another (Figure 4.3B, Table 4.1).
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Figure 4.3. CoVaMa reveals associations between recombination events and SNVs in FHV
RNA2.
The top 15 associations with the highest weighted LD (wLD) values revealed by
CoVaMa in Passage 9 are labeled with IDs from 1 to 15. (A) The wLD values of the 15
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associations are plotted from high to low. The associations between major recombination

events are labeled in the plot. The three-sigma threshold is shown by a red dashed line.

(B) This schematic diagram shows the distribution of the 15 most significant associations

on FHV RNA2. The FHV RNA genome and the capsid ORF are shown on the top.

Positive associations are colored in black. And negative associations are colored in blue.

Recombination events (deletions) are plotted using blocks, and SNVs are plotted using
dots. (C) The abundance of mutation A226G and G575A in all RNA2 reads (left), in the
full-length RNA2 (FL-RNA2, middle), and in the D-RNA2 (right) in each passage. ORF:

open reading frame.

Table 4.1. A226G and G575A are negatively associated with each other in FHV RNA2.

Passage Position | Position wLD value WR-squared correlations
1 2 value
6 226 5775 0.013454 0.014234 ('A",'A','G,'G")
9 226 575 0.071722 0.125011 ('A",'A','G,'GY)

To confirm these results, I separated reads mapping to either the full-length RNA2 or D-RNA2

into two groups. The separation was accomplished based on whether one read had the

recombination event 7361219, one of the major recombination events constituting D-RNA2. In

the full-length RNA2 group and D-RNA2 group, I quantified the frequency of A226G and

G575A. The quantification results revealed that A226G was enriched in full-length RNA2 from

25% in Passage 4 to 50% in Passage 9, while the abundance of A226G in D-RNA2 remained low

at about 2% in all passages (Figure 4.3C). The ratio of the abundance of this mutation in

full-length RNA2 and D-RNA2 was 18.8 £ 6.0 (SD) over passage (Table 4.2). This SNV was

therefore anti-correlated with the emergence of D-RNAs. The enrichment of A226G in the

full-length RNA2 suggested a possibly beneficial effect on the replication or packaging of the
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mutant full-length RNA2. In contrast, G575A was enriched in the D-RNA2 and relatively

depleted in the full-length genomic RNA (Figure 4.3C). The ratio of the abundance of this

mutation in D-RNA?2 and full-length RNA2 was 16.2 = 7.1 (SD) over passage (Table 4.3). This

SNV was, therefore, positively correlated with the emergence of D-RNAs, suggesting a

D-RNA-specific adaptation.

Table 4.2. Frequency of A226G in full-length FHV RNA2 and D-RNA2 over passage.

226A 226G
Passage All In full-length In All In full-length In
RNA2 RNA2 D-RNAs | RNA2 RNA2 D-RNAs
1 0.96 NA NA 0.03 NA NA
2 0.93 NA NA 0.06 NA NA
3 0.97 NA NA 0.02 NA NA
4 0.83 0.73 0.99 0.16 0.25 0.01
5 0.92 0.79 0.97 0.07 0.19 0.01
6 0.94 0.75 0.96 0.06 0.22 0.02
7 0.69 0.45 0.97 0.29 0.53 0.02
8 0.83 0.54 0.05 0.16 0.44 0.03
9 0.74 0.49 0.96 0.25 0.49 0.03

NOTE: The frequency of SNV in “wild-type” RNA2 and defective RNA2 was calculated from
the contingency table formed between SNV and the major recombination event 7361219,

which was not available in Passage 1, 2, and 3 due to the low frequency of the SNV or the
recombination event 736"1219. NA: Not available. D-RNA2: defective-RNA2.

Table 4.3. Frequency of G575A in full-length FHV RNA2 and D-RNA2 over passage.

S75A 575G
Passage All In full-length In All In full-length In
RNA2 RNA2 D-RNAs | RNA2 RNA2 D-RNAs
1 0.02 NA NA 0.97 NA NA
2 0.02 NA NA 0.97 NA NA
3 0.02 NA NA 0.97 NA NA
4 0.11 0.04 0.81 0.89 0.95 0.17
5 0.26 0.06 0.74 0.73 0.93 0.24
6 0.38 0.12 0.75 0.61 0.86 0.23
7 0.22 0.03 0.77 0.77 0.95 0.17
8 0.47 0.07 0.86 0.52 0.90 0.11
9 0.32 0.04 0.81 0.68 0.95 0.16




64

NOTE: The frequency of SNV in “wild-type” RNA2 and defective RNA2 was calculated from
the contingency table formed between SNV and the major recombination event 7361219,

which was not available in Passage 1, 2, and 3 due to the low frequency of the SNV or the
recombination event 736"1219. NA: Not available. D-RNA2: defective-RNA2.

A226G in FHV RNA2 leads to a synonymous substitution. Thus I investigated its potential
influence on the secondary structure of FHV RNAZ2. I used Vienna RNA Website’' to generate
predicted RNA structures of both D-RNA2 and full-length RNA2, with and without A226G.
A226G showed no significant influence on the adjacent RNA2 packaging motif in full-length
RNA2 (Figure 4.4A) and D-RNA2 (Figure 4.4B). However, the A226G mutation was predicted
to destabilize a region of D-RNA2 secondary structure that formed a long-range interaction with
residues 580-600, which in turn was predicted to alter additional long-range interactions even
further downstream within the 50 nts of the 3’ terminus (Figure 4.4B). Interestingly, this region

contains the cis-acting motif essential for RNA2 replication”*

, indicating a possible deleterious
effect of A226G in the replication of D-RNA2. Moreover, the predicted structure of full-length
RNA2 without the A226G mutation placed position 736 and position 1219 close to each other,
between which one of the major recombination events in D-RNA2 was formed (Figure 4.4C).
However, when there was an A226G mutation in full-length RNA2, this distance was

significantly increased, which might preclude the emergence of recombination events (Figure

4.4D).

To validate the reported correlation between the non-synonymous substitution G575A with the
recombination events found in D-RNA2, our collaborator engineered a pMT-FHVRNA2
expression vector with the G575A SNV, using a reverse genetics approach that has been

previously used extensively®. However, this mutant virus could not be rescued. This observation


https://www.zotero.org/google-docs/?DKBa3m
https://www.zotero.org/google-docs/?gwcwya
https://www.zotero.org/google-docs/?p3hkO2
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suggested that this point mutation was a lethal mutation, rationalizing why it was not observed in

the full-length RNA2 but only in the D-RNA2, which was not constrained by a need to express

FHYV capsid.
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Figure 4.4. A226G’s potential influence on the secondary structure of FHV RNA2.
(A) Predicted secondary structure of full-length FHV RNA2 with and without A226G.
The secondary structures are predicted using the Vienna RNA Websuite and viewed in
Forna (Gruber et al., 2008). The nucleotide at nt 226 is highlighted in red and labeled.
The packing signal region at the 5’ terminus is colored in blue, and the cis-acting signal
at the 3’ terminus is colored in orange. The predicted long-range interaction between nt
590-600 and nt 218-241 is colored in gray. (B) Predicted D-RNA2 structures with and
without A226G. (C) Recombination sites in the predicted secondary structure of
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full-length FHV RNA2 without A226G. The secondary structures are predicted using the
Vienna RNA Websuite and viewed in Forna. Recombination sites at nucleotides 736 and

1219 are highlighted in red. (D) Recombination sites in the predicted secondary structure
of full-length FHV RNA2 with A226G.

423 Associations Between Insertion in p6%*¢ and Mutations in Gag

Cleavage Sites Revealed by CoVaMa

In 2015, Routh et al. reported correlated mutations within HIV genomes collected from a large
cohort of PWHsas part of the US Military HIV Natural History Longitudinal study®*. This study
used the previous version of CoVaMa (v0.1) and revealed correlated mutations between HIV
Gag and protease, as well as within protease. However, this study was limited to assessing only
SNVs and did not consider recombination events. Recombination events, like insertions,
deletions, and duplications, have been frequently observed in the HIV genome, indicating their

critical contribution to viral evolution”.

To investigate the association between recombination events and SNVs in the HIV genome, |
analyzed the HIV evolution in one PWH experiencing ART failures using the new version of
CoVaMa (v0.7). Five longitudinal serum samples have been collected from this PWH and
sequenced using NGS in previous studies'**’. Additionally, our collaborator detected several
recombination events using ViReMa (Viral-Recombination-Mapper) from the sequencing
outputs”. An insertion in the P(T/S)AP region of the p6%¢ was detected in all five samples,
which added ‘RPEPS’ or ‘RLEPS’ downstream of the P1/p6 cleavage site (Table 4.1, Figure
4.4A). Similar insertions in the p6%¢ have been observed in other studies®’”®. Another

consistent 6-nt insertion occurred close to the proteolysis sites between the matrix and capsid


https://www.zotero.org/google-docs/?KC8EQ6
https://www.zotero.org/google-docs/?aJbjla
https://www.zotero.org/google-docs/?iJ2ZiT
https://www.zotero.org/google-docs/?S8lVZ4
https://www.zotero.org/google-docs/?zZgANn
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proteins. This insertion encoded an extra ‘AA’ between amino acid 120 and amino acid 121

(Figure 4.4A). This extra ‘AA’ was observed in the HIV-1 group M subtype B isolate

ARV2/SF27.

Table 4.4. Insertions detected in longitudinal serum samples from one PWH.

Events Region Amino acid Samples
change

2157 AGACCAGAGCCATCA 2158, 6 RPEPS, 1.5
2157 AGACTAGAGCCATCA 2158 P RLEPS

1148 GGCAGC 1149, MA AA, 1.5

1151 CAGCTG 1151 AA
1174 CCAGCAGCCAAGTCA 1175, MA/CA TSSQV, 24
1174 CCAGCAGCCAGGTCA 1175 cleavage site TSSQV ’



https://www.zotero.org/google-docs/?da5GKF
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Figure 4.5. CoVaMa reveals associations between insertions in p6°*¢ and mutations in Gag
cleavage sites.
(A) Mapping of associated insertions and mutations in the HIV Genome to the HIV Gag
region. The Gag open reading frames (ORFs) are labeled: MA, CA, P2, NC, P1, and
p69. At the top are shown the negative association between ‘AA’ insertion and D121A
mutation: the HXB2 reference sequence, the sample’s consensus sequence, two

representative sequences with ‘AA’ insertion or D121 A mutation, and the sequence for
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HIV-1 group M subtype B isolate ARV2/SF2. The associated events are highlighted in
red. The five-alanine motif is highlighted in bold. At the bottom are shown the positive
association between ‘RXEPS’ insertion (x for P/L) and P453S mutation: the HXB2
reference sequence, the sample’s consensus sequence, and two representative sequences
with the associated events. The associated events are highlighted in red. The PTAP region
is highlighted in bold, and the “duplication” region is marked underlined. (B) The
abundance of P453S mutation and ‘RxEPS’ insertion in the viral population over time.
Protease inhibitors used are annotated: Indinavir (IDV) or Nelfinavir (NFV). (C)
Significant positive associations between ‘RxEPS’ insertions and P453S are indicated by
arrows among all associations involving ‘RxEPS’ in Sample 4, with their contingency
tables at the top right. (D) The abundance of P453S in reads with and without ‘RxEPS’
insertions. (E) A significant negative association between ‘RPEPS’ insertion and K436R
is indicated by an arrow among all associations involving ‘RPEPS’ in Sample 1, with its
contingency table at the top right. (F) The abundance of K436R in reads with and without
‘RPEPS’ insertions.

CoVaMa revealed significant associations between insertion events and specific SNVs within the
HIV genome. For instance, the P453S mutation in the Gag P1/p6 cleavage site became more
prevalent after sampling point 2, coinciding with the enrichment of the ‘RXEPS’ insertion in the
p6°*¢ region (Figure 5.4B). CoVaMa revealed a positive correlation between C2146T and
‘RxEPS’ insertion (Figure 5.4C), with a maintained elevated LD between them over time. When
quantifying the abundance of P453S in reads with and without ‘RXEPS’ insertion, a clear pattern
emerged: P453S was notably more common in reads with the insertion (Figure 5.4D). The ratio
of P453S abundance in reads with and without ‘RLEPS’ was 27.74 £ 17.66 (SD), and the ratio of
P453S abundance in reads with and without ‘RPEPS’ was 36.43 £ 16.67 (SD). In the last sample,

while only 5% of the reads without ‘RXEPS’ insertion carried the P453S substitution (x for P/L),
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this number increased to 99% and 69% in reads with ‘RLEPS’ and ‘RPEPS’, respectively. This
finding indicated the possible cooperativity between P453S in the P1/p6 cleavage site and the
‘RXEPS’ insertion in the PTAP region. In contrast to the P453S mutation, the K436R mutation in
the Gag NC/P1 cleavage site was negatively correlated with the ‘RPEPS’ insertion (Figure 5.4E).
The ratio of the K436R abundance in reads without and with ‘RPEPS’ was 12.27 £ 1.71 (SD) in
the first three samples before its abundance decreased to lower than 1% (Figure 5.4F). Consistent
with the above findings, a combination of K436R substitution and P453S substitution was less

favored in the HIV genome.

In addition to the associations between ‘RxEPS’ in p6%% and mutations in the Gag cleavage sites,
the ‘AA’ insertion in the MA negatively correlated with the D121A substitution (Figure 4.6A).
This negative association resulted in a five-alanine motif in the C terminus of MA, which has
been seen in the isolate ARV2/SF2. Additionally, the “TSSQV’ insertion in the MA/CA cleavage
site negatively correlated with D121A (Figure 4.6B) and positively correlated with the ‘AA’

insertion (wWLD = 0.021805 in sample 4).
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Figure 4.6. CoVaMa reveals associations between insertions and mutation in the HIV matrix
protein.

(A) A significant negative association between ‘AA’ insertion and D121A is indicated by
an arrow among associations involving ‘AA’ in Sample 3, with its contingency table
shown at the top right. (B) A significant negative association between ‘TSSQV’ insertion
and D121A is indicated by an arrow among associations involving ‘TSSQV’ in Sample 4,
with its contingency table shown at the top right. The three-sigma threshold is shown by
the red dashed line.
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43 DiscussioN

Viral evolution and adaptation occur through acquiring novel SNVs and recombination events
such as small structural variants or larger insertions and deletions® *. These adaptation events
seldom occur in isolation. Instead, multiple adaptation events work together to confer the virus
with novel biological properties. The correlation between SNVs during viral evolution has been

well-described for a range of viral systems'**

using various bioinformatic tools (reviewed by
Posada-Cespedes et al., 2017*%). However, computational tools that determine whether SNV are
correlated with recombination events or whether multiple recombination events are correlated
with one another have to date been lacking. To address this gap, we extended the previously
reported CoVaMa (v0.1) pipeline. Using the new version of CoVaMa (v0.7), I analyzed two viral

sequencing datasets and identified novel associations between recombination events and specific

SNVs in the viral genome.

The first viral dataset was collected from FHV passaged in vitro. Consistent with previous
studies, CoVaMa revealed a strong positive association between deletions that constituted
D-RNA species®. In this study, I also found SNVs that were either positively or negatively
associated with deletions in FHV D-RNA2. These SNVs were previously too distantly spaced
from each other or from deletions to be correlated in the NGS data, illustrating the value of

performing long-read sequencing for this type of analysis.

Our data demonstrated that the FHV D-RNAs acquired adaptation events that were not found in
the full-length FHV RNA. These adaptation events are possibly driven by the formation of new
secondary structures, which could confer replicative or packaging advantages to the D-RNAs.

Additionally, these events may be favored due to the reduced genetic constraints on D-RNA2


https://www.zotero.org/google-docs/?6VLkBT
https://www.zotero.org/google-docs/?NkMftp
https://www.zotero.org/google-docs/?5ZQ89D
https://www.zotero.org/google-docs/?UCZkUn
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mutations, as D-RNAs are not responsible for functional viral expression. Notably, the SNV
G575A observed in this study resulted in an A185T substitution at the symmetry axis of the FHV
particle. Such a substitution at this interface might hinder efficient virus assembly, potentially

explaining the enrichment of G575A in the D-RNAs rather than in full-length RNAs.

Adaptation events in the full-length FHV genome that were rarely found in the D-RNAs were as
well observed. Our findings indicated that these adaptations only started to enrich after the
emergence of D-RNAs (such as the synonymous A226G SNV found here), suggesting that the
full-length ‘helper’ virus may be adapting or escaping from the ‘interfering’ properties of the
D-RNAs. Although the mechanism of escape was not clear from this data, such a phenomenon
was originally postulated by DePolo et al., (1987)* who demonstrated that vesicular stomatitis
virus (VSV) isolated from late viral passages was not subject to attenuation from defective
interfering viral particles that arose in earlier viral passages. Further experimental
characterization of these SNVs would reveal the precise molecular mechanisms driving their

selection and competition.

Previous studies have reported that amino acid substitutions in HIV Gag compensate for the
compromised catalytic functions of protease with DRMs, contributing to viral fitness under drug

pressure®! 21484

. Additionally, insertions in Gag could increase HIV infectivity and drug
resistance. Tamiya et al. (2004) reported that ‘SRPE’ duplication in p6“* in multi-PI resistant
HIV subtype G could increase the cleavage efficiency of protease with DRMs’’. Moreover, full
or partial PTAP duplications have been reported to be selected during ART*®. Martins et al.

(2016) showed that, under PI pressure, full PTAP duplication in the Gag p6 significantly


https://www.zotero.org/google-docs/?ZVi8NP
https://www.zotero.org/google-docs/?qY1gBo
https://www.zotero.org/google-docs/?ly6jbP
https://www.zotero.org/google-docs/?2Qdh4d
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increased the cleavage efficiency of protease with DRMs, thus increasing drug resistance and

infectivity®.

In this study, I analyzed the NGS dataset from longitudinal serum samples collected from one
PWH experiencing ART failures using CoVaMa (v0.7). The analyzing results indicated strong
associations between Gag cleavage site (CS) mutations and an ‘R(P/L)EPS’ insertion in the
P(T/S)AP region of the p69%. The P453S mutation in the Gag P1/p6 CS was rarely detected in
HIV genomes without ‘R(P/L)EPS’ insertion, whereas it was enriched to over 90% in HIV
isolates with ‘R(P/L)EPS’ insertion over time under drug pressure. ‘RPEPS’ belongs to the
proline-rich motif ‘RPEP(S/T)APP’ in the N terminus of p6°*, which plays essential roles in
packaging processed Pol proteins during late assembly***. Replacing the P453 and P455 showed
reduced viral replication in primary monocytes®, which might account for the consistently low
frequency of P453S in the viral strains analyzed. However, the duplication of ‘R(P/L)EPS’
restored the prolines or added more prolines in this motif, which released the restriction and
allowed the P453S substitution, resulting in the strong positive correlation detected between

‘R(P/L)EPS’ and P453S.

The final output of CoVaMa comprises a large table detailing the linkage disequilibrium found in
each contingency table measured. As per the original report, CoVaMa also reports the LD values
comprising the threshold values for three- and five-sigma. This value and the LD table can be
used to provide a ranked list of genetic co-variations ranging from the most to least co-varying
pairs of genetic adaptations. However, CoVaMa does not imply or provide a statistical
framework with which to determine false discovery rates or degrees of significance with multiple

hypothesis testing. CoVaMa can be applied to study diverse data types, including Illumina and


https://www.zotero.org/google-docs/?dphes9
https://www.zotero.org/google-docs/?Lmu2J0
https://www.zotero.org/google-docs/?nkp2n7
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Nanopore reads, which each have their own inherent error rates and profiles. These sequencing
platforms are also applied in different manners to yield volumes of data with different numbers
of technical and/or biological replicates that will vary according to the investigator’s
specifications. Furthermore, the underlying templates are naturally highly diverse, ranging from
small multiple-partite viruses (such as FHV) to long single-stranded RNA viruses, each also
having its own error profile and different profiles of viral adaptations. As a result, different
statistical frameworks that reflect the parameters used to detect and report covariance in the
original sample must be deployed in each scenario to provide appropriate and robust estimates of
statistical significance. These are not inherently provided by CoVaMa but can be developed

based on the table of LD values reported in the CoVaMa output.

Overall, CoVaMa provides a simple and intuitive tool that probes both NGS and Nanopore
datasets for evidence of the correlation between intra-host variants. Importantly, we here
expanded this approach to detect and report the co-occurrence of SNVs with recombination
events. While I focused here on viral intra-host diversity, the same approach and pipeline could
equally be applied for NGS analysis of other organisms where diversity or correlation of

sequence variants is anticipated, such as in bacterial or other complex mixtures of populations.
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4.4  METHODS

Confirm the presence or absence of various recombination events in aligned sequencing reads.

To quantify the abundance of each recombination event in the viral population, in this algorithm,
we utilize specific criteria to confirm the presence or absence of different recombination events
(insertions, deletions, and duplications) in aligned sequencing reads. These criteria are described

below:

1) Deletions/Splicing: To confirm the absence of a deletion event, a read must map inside
the putative deletion site with at least a minimum number of nucleotides
(--Rec_Exclusion X; default is ten nucleotides). These mapped nucleotides can map
anywhere within the deletion and/or overlap with the recombination junction. With a
large number of nucleotides required, the exclusion of the recombination event has high
confidence. If too few nucleotides are required, ambiguity may arise due to sequence
similarity between deleted nucleotides and the nucleotides upstream of the recombination
event. For instance, if only one nucleotide is required to map inside the recombination
event, a negative mapping will be scored erroneously for one out of every four
recombination events as the first deleted nucleotide has a one in four chance of also being
the same as the nucleotide upstream of the recombination event. Care must also be taken
in repetitive regions in case the nucleotides preceding the recombination 5’ site are close
or identical to those preceding the recombination 3’ site. In cases like these, a large ‘X’
value is required.

2) Micro-Deletions: If a deletion event is very small (i.e., it is a micro-deletion smaller than

the --MicrolnDel Length Y parameter specified in the command line), then it is not
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possible for --InDel_Exclusion X nts (default is 5) to map inside the recombination event.
In this case, the aligned read should map over the possible micro-deletion event and have
X number of mapped nucleotides on each side of the event to confirm the absence of the
putative deletion.

3) Insertions: A similar strategy is required to confirm the absence of a putative insertion
event. Insertion events can either correspond to inserted nucleotides, insertions of
fragments of host or other viral genes, or small duplications. To confirm the absence of
an insertion event, an aligned read should have an appropriate number of mapped
nucleotides on each side of the insert site. The number of mapped nucleotides on each
side is controlled by the --Rec Exclusion parameter (default is 10) in the command line
for large insertions or --Indel Exclusion parameter (default is 5) for micro-insertions
smaller than the --MicrolnDel Length parameter (default is 5). An inappropriate setting

alters the number of events detected and might influence the results.

Long-read data from serial passaged FHV analyzed using CoVaMa.

Jaworski et al. (2017) previously described a serial passaging experiment of FHV followed by
the analysis of viral genetic changes by the parallel use of short-read Illumina and long-read
Nanopore sequencing®®. Briefly, pMT vectors containing the cDNA of each FHV genomic RNA
were transfected into S2 cells in culture, and expression of genomic RNA was induced with
copper sulphate. After 3 days, 10 ml of supernatant was retained. 1 ml of supernatant was
passaged directly onto fresh S2 cells in culture, and FHV virions were purified from the
remaining supernatant using sucrose cushions and sucrose gradients as described. This process

was repeated for a total of nine passages. Encapsidated RNA was extracted from each stock of


https://www.zotero.org/google-docs/?QzZaHQ
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purified virions and reverse transcribed using sequence-specific primers cognate to the 3” ends of
FHV RNAI and FHV RNA2. Full-length cDNAs were then PCR amplified in 19 cycles with
NEB Phusion using primers targeting the 5’ and 3’ end of each genomic segment. Final PCR
amplicons were used as input for Oxford Nanopore Amplicon sequencing protocol by ligating on
native barcodes and then the ONT adaptor. Pooled libraries were sequenced on an ONT MinlON
MKIB with R9 (2017) flowcells. Data was demultiplexed and basecalled using the Metrichor
software and poretools®. Datasets are publicly available in NCBI SRA under the accession code
SRP094723. Basecalled data were mapped to the FHV Genomic RNAs (FHV RNAI:
NC 004146, 3107 nts) and (FHV RNA2: NC 00414, 1400 nts) using BBMap. SAM files of the
aligned data were passed to the CoVaMa (Ver 0.7) for analysis, using the command lines shown

in Table 4.6.

Short-read data from longitudinal serum samples collected from one PWH analyzed using

CoVaMa.

In a previous study in 2015, Chang ef al. used an RT-PCR approach to amplify the gag-po/
regions of HIV from 93 clinical specimens for NGS'**’. Briefly, two overlapping cDNA
amplicons were RT-PCR amplified using two pairs of primers targeting gag-pol (F1: 737-754,
R1: 1759-1736; F2: 1548-1569, R2: 2608-2589). Full-length cDNA amplicons were sheared to
approximately 175 bp and submitted for paired-end sequencing (2x150bp) on an I[llumina HiSeq.
I selected one PWH from this previous study, from which five longitudinal samples were
selected and sequenced. Paired-end reads were merged using BBMerge and mapped to the HIV
genome (HXB2: K03455.1, 9719bp) using ViReMa (v0.21) with default settings plus the

following parameters (--X 3 --MicroIlnDel 5 —BackSplice limit 25)’°. As the cDNA amplicon


https://www.zotero.org/google-docs/?ylc15X
https://www.zotero.org/google-docs/?2URVLc
https://www.zotero.org/google-docs/?cSm4vJ
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strategy for Illumina sequencing was not directional, only reads mapping to the positive sense
viral genome were used for further analysis. These SAM files were passed to CoVaMa (Ver 0.7)

for analysis, using the command lines shown in Table 4.6.

Statistical analysis in CoVaMa outcomes.

Linkage disequilibrium was measured for every pairwise interaction of each nucleotide position
with each detected recombination event within the viral genome using CoVaMa. To distinguish
the significant associations from the background noise, the three-sigma rule for comparing a
single data point to a very large distribution of other data points was applied. CoVaMa
automatically generated the standard deviation and mean of all LD values, based on which the
3sigma could be calculated. Associations passing the three-sigma in each CoVaMa outcome were

considered significant.

Table 4.5. Command lines used to analyze two viral datasets in this study.

Command lines used to analyze Nanopore sequencing reads acquired from each passage of
FHV:

1. Making matrices containing contingency tables for each association using
CoVaMa Make Matrices script:

Output_Tag defined the name for the output pickle file [Output Tag].Total Matrices.py.pi.
Data_directory defined the folder that contained the FHV reference sequence in FASTA file
format and the aligned sequences in SAM file format. Contingency tables populated by over
100 reads and the mutant frequency higher than 0.05 were generated and passed to the
output pickle file.
pyvthon2 CoVaMa Make Matrices.py |
[Output_Tag] Data_directory/FHV Genome_corrected.txt |
—Mode?2 All —-SAM1 Data_directory/FHV mapping.sam —PileUp Fraction 0.05
—Min_Fusion_Coverage 10 NT
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2. Calculating linkage disequilibrium values for each contingency table using the CoVaM _
Analyse Matrices script:

[Output Tag].Total Matrices.py.pi generated by CoVaMa_ Make Matrices script was used as
the input. Linkage disequilibrium information was stored in the output file in TXT file
format. For the contingency table to be analyzed, a minimum coverage of over ten pairs of
associated nucleotides and recombination events was required. The LD and R-squared
values for each association were normalized.
python2 CoVaMa_Analyse Matrices.py [Output Tag].Total Matrices.py.pi |
CoVaMa output.txt —Min_Coverage 10 —Min Fusion_Coverage 10 -OutArray -Weighted NT

Command lines used to analyze NGS sequencing reads acquired from each longitudinal HIV
sample:

1. Making matrices containing contingency table for each association using the
CoVaMa Make Matrices script:
Output_Tag defined the name for the output pickle file [Output Tag].Total Matrices.py.pi.
Data_directory defined the folder that contained the HIV reference sequence for each sample
in FASTA file format and the aligned sequences in SAM file format. Contingency tables
populated by over 100 reads and mutant frequency higher than 0.01 were generated and
passed to the output pickle file.
a) For the 15-nt insertion event at nt 2158, 15 nucleotides were used to exclude negative
recombination events. The analysis region started at nt 1958 and ended at nt 2358.
b) For the 6-nt insertion event at nt 1149, six nucleotides were used to exclude negative
recombination events. The analysis region started at nt 949 and ended at nt 1349.
python2 CoVaMa Make Matrices.py [Output_Tag] |
Data_directory/HIV reference_seq.txt |
—Mode2 Recs —SAM1 Data_directory/HIV mapping.sam |
—PileUp_Fraction 0.01—Rec_Exclusion 15 —NtStart1958 —NtFinish 2358 NT

2. Calculating linkage disequilibrium values for each contingency table using the
CoVaMa_ Analyse Matrices script:

[Output_Tag].Total Matrices.py.pi generated by CoVaMa Make Matrices script was used as
the input. Linkage disequilibrium information was stored in the output file in TXT file
format. For the contingency table to be analyzed, a minimum coverage of 100 pairs of
associated nucleotides and recombination events was required. The LD values and
R-squared values for each association were normalized.
pyvthon2 CoVaMa Analyse Matrices.py [Output _Tag].Total Matrices.py.pi |
CoVaMa_output.txt —Min_Coverage 100 —Min_Fusion Coverage 100 |
-OutArray -Weighted NT
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Chapter 5. ESTIMATION OF THE OPTIMAL SAMPLE SIZE NEEDED FOR
CORRELATED  MUTATION  IDENTIFICATION USING AN
INDIVIDUAL-VIRUS-BASED SIMULATOR

5.1 ABSTRACT

Drug resistance mutations (DRMs) and their associated compensatory mutations co-evolved
within the HIV genome during antiretroviral therapy (ART) in people living with HIV (PWHs).
DRMs are located in the enzyme active sites, impeding the inhibitor binding at the cost of
enzyme stability and function. Conversely, compensatory mutations are selected outside the
enzyme’s active site, restoring the enzyme’s stability and function. This interplay between
correlated DRMs and compensatory mutations provides HIV with resistance and enhanced
replication fitness. Chapters 2 and 3 investigated the identification of correlated mutations
selected in the HIV gag-pol region during ART failures using long-read sequencing

methodologies and downstream analysis tools.

Passenger mutations in the HIV genome are inherited from the founder viruses or acquired
alongside DRMs. These mutations have no alteration on the HIV fitness under ART. However,
when selecting HIV with DRMs, passenger mutations arising in the same HIV genome can also

be selected and enriched, posing a challenge to correlated mutation identification.

Correlated DRMs and compensatory mutations tend to emerge consistently across PWHs treated
with the same drug pressure. On the contrary, passenger mutations occur randomly and are
unlikely to be shared across PWHs. Therefore, by utilizing samples from diverse PWHs treated
with the same drug class, we can effectively eliminate passenger mutations, enhancing the

accuracy of correlated mutation identification.
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However, the methodology to determine the sample size needed for a statistically robust analysis
has yet to be studied. Hence, this study provided a method to explore the relationship between
sample size and the accuracy of correlated mutation identification. This method involves the
generation of thousands of synthetic virological-failure HIV samples using a forward simulator

and the identification of correlated mutations shared across samples.

The findings of this study revealed the precision and recall that could be achieved with a specific
sample size. This, in turn, provided a practical approach for estimating the required sample size

for future studies aiming to identify novel correlated mutations in the HIV genome.
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5.2  RESULTS

5.2.1 The Forward Simulator Effectively Simulates the Acquisition of
Correlated Mutations in the HIV-1 Protease During Resistance

Development

Forward simulators have been widely applied to mimicking natural mutation patterns, generating
synthetic sequencing datasets for downstream analysis, and predicting the outcomes of
evolutionary models®® 2. In this study, I constructed an individual virus-based forward simulator
to simulate the acquisition of correlated DRMs and compensatory mutations in the HIV genome

under drug pressure.

The HIV protease is one of the three key enzymes crucial for the virus’s fitness during ART.
Additionally, correlated DRMs and compensatory mutations have been reported in the HIV
protease resulting from ART*. Therefore, in my initial studies, I solely considered the
contribution of HIV protease to HIV fitness under ART and focused on simulating the evolution
of the HIV protease gene under protease inhibitor pressure. Overall, the forward simulator

should be able to:

1) Use a number of protease sequences as starting materials.

2) Simulate the evolution of each protease sequence under drug pressure.

3) Generate synthetic virological-failure viral populations.


https://www.zotero.org/google-docs/?AO7zRg
https://www.zotero.org/google-docs/?KdZT8n
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Additionally, this study focused on non-synonymous mutations, which influenced HIV protein
structure and function, and ignored synonymous mutations. Hence, if not specified, all

“mutations” mentioned below refer to non-synonymous mutations only.

Previous research has shown that HIV protease DRMs are usually selected in the protease’s
active site due to their changes in the enzyme structure that impede inhibitor binding®. In
contrast, compensatory mutations are located distal to the protease’s active site”>**. Based on
this, I generated synthetic DRMs and synthetic compensatory mutations in the HIV protease. The
synthetic DRMs were confined to the loci where canonical DRMs have been detected®, while

synthetic compensatory mutations were positioned distal to these canonical DRMs (Methods).

To mimic the observed correlation between protease DRMs and compensatory mutations'*, T

started with pairing synthetic DRMs and synthetic compensatory mutations in a one-to-one
(“1-to-1”") relationship. This “l-to-1" relationship reflected the scenario in which a specific
compensatory mutation can mostly counteract the fitness decline resulting from acquiring one
DRM"*, Using this strategy, I constructed a mutation dataset containing linked synthetic DRMs

and synthetic compensatory mutations.

Two equations were established to quantify the fitness of HIV with different mutation
combinations in protease and provide synthetic mutation pairs with a fitness advantage over
passenger mutations under drug pressure. These equations together quantified the average
number of progenies (R) that an HIV with protease sequence g could produce based on four
fitness-related factors: the total number of mutations in protease (mutational burden), drug

pressure, DRMs, and compensatory mutations.


https://www.zotero.org/google-docs/?OoGJmH
https://www.zotero.org/google-docs/?dx3PgI
https://www.zotero.org/google-docs/?VYTjOI
https://www.zotero.org/google-docs/?OhSu0o
https://www.zotero.org/google-docs/?rEe5Yc
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R =R *2/(1 + ¢ P (5.1)

x = DR (9. p) — RC,, (9)+RC, (9) — RC *MB(g) (5.2)

per—mutation

In Equation 5.1, R, represents the average number of progenies a “wild type” HIV could generate
in the untreated condition. For an HIV with protease sequence g, its mutations’ combined effect
(x) counteracts drug pressure’s effect, Ef(p), which together determines its fitness (R). Equation
5.1 assures that the resulting R of a “wild-type” HIV under no drug pressure equals R,. Equation

5.2 quantifies the combined effects of all mutations in protease sequence g on its fitness:

1) DRM provides drug resistance and thus improves fitness: + DRDRM(g, D).
2) DRM destabilizes protein structure and thus decreases fitness: — RC DRM( 9).
3) Compensatory mutation improves fitness by compensating for DRM: + RC CM( g9).

4) Mutational burden decreases fitness. This reduction is calculated by multiplying the
total protease mutation number (MB(g)) by the fitness loss of getting a single mutation (

— RC ).

per—mutation

In in vitro experiments, it was observed that the drug-resistant HIV isolates grown under drug
pressure replicated less efficiently than the ‘wild-type’ HIV isolates grown without drug
pressure®®. Based on this observation, I designed an extreme scenario where the drug-resistant
HIV genome had only one DRM and one compensatory mutation in protease, without any
additional mutations. By assuming that one compensatory mutation could fully counteract the
fitness reduction caused by one DRM (the “l-to-1” relationship), the presence of the

compensatory mutation in this specific drug-resistant HIV could restore its fitness in the


https://www.zotero.org/google-docs/?6JS2Rl
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drug-treated condition to the level of the ‘wild-type’ HIV in an untreated condition.
Consequently, a synthetic drug-resistant HIV under drug pressure, harboring only one DRM and
one compensatory mutation in protease but no other mutations, would have an R that is equal to

(or infinitely close to) R,.

Additionally, I assessed the maximum level of protease mutational burden (number of total
protease mutations) that drug-sensitive HIV genomes and drug-resistant HIV genomes could
sustain while maintaining efficient replication. To gather this data, I acquired HIV drug-naive

18.19977105 " along with treatment-experienced HIV protease sequences collected

protease sequences
during non-suppressive ART'"'"°/ from the HIVDB SGS program. About 95% of drug-naive
proteases had ten mutations or fewer (Figure 5.1A). This indicated that drug-naive HIVs with up
to ten protease mutations maintained normal replication, while a higher mutation count could
potentially destabilize protease structure and impair enzymatic function. This empirical data
informed the simulator equations, indicating that synthetic drug-naive HIV with ten or fewer
protease mutations should have an R greater than 1 in untreated conditions. Similarly, within
treatment-experienced protease sequences, 95% had 12 protease mutations or fewer, including
both active and non-active site mutations in protease (Figure 5.1A). This indicated that
drug-resistant HIVs with up to 12 protease mutations still had normal replication, while an
increased mutation load would presumably destabilize protease structure and impair enzymatic
function. This empirical data informed the simulator equations, indicating that synthetic

drug-resistant HIVs with 12 or fewer protease mutations should have an R above 1 in the

drug-treated condition.


https://www.zotero.org/google-docs/?7DPtWF
https://www.zotero.org/google-docs/?vTeW7K
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The assigned values to variables in the equations ensure that the simulation results are consistent
with empirical mutational burden data and the extreme scenario mentioned earlier. A synthetic
drug-resistant HIV with only one pair of correlated DRM and compensatory mutations in
protease had an R equal to R, Additionally, in the drug-untreated condition, synthetic
drug-sensitive HIV protease sequences (DRMCM ,eaeas - absent) with < 10 mutations
resulted in an R value above 1, indicating efficient replication. Similarly, under drug-treated

ch.

conditions, synthetic drug-resistant HIV protease sequences (DRM'CM " ea, < : present) with

< 12 mutations yielded an R value above 1 (Figure 5.1B).

Furthermore, the values assigned recaptured the fitness increase during the acquisition of
correlated mutations under drug pressure (Figure 5.1C): As can be seen, under drug pressure, the
synthetic drug-sensitive protease sequence (DRMCM . .q) yielded the lowest fitness; the
addition of one DRM (DRM'CM . q) improved fitness, which was further enhanced by
acquiring one compensatory mutation (DRM'CM",.q)- Additionally, these equations captured

the fitness decrease with increasing mutational burden in the protease (Figure 5.1C).
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Figure 5.1. The simulator recaptures the fitness increase along with the acquisition of
correlated mutations under drug pressure.

(A) Using 1757 drug-naive HIV protease sequences collected from 322 drug-naive
plasma samples acquired from PWHs, I quantified the number of non-synonymous
mutations in drug-sensitive HIV proteases in the untreated condition. Similarly, using 431
drug-resistant HIV protease sequences collected from 74 virological-failure plasma
samples acquired from PWHs, I quantified the number of non-synonymous mutations in
drug-resistant HIV proteases in the drug-treated condition. Using this empirical data, I
plotted the probability of observing a certain number of mutations in drug-sensitive HIV

proteases in the untreated condition (red) and drug-resistant HIV proteases in the treated
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condition (green). Two vertical dashed lines at 10 or 12 mutations represent 95%
thresholds — 95% of cases would fail on the left of this dashed line. The vertical dashed
lines are colored in red for drug-sensitive HIV proteases or green for drug-resistant HIV
proteases. (B) Based on the empirical data, I assigned appropriate values to variables
within the two equations. After this, using these two equations, I calculated the fitness of
HIVs that possessed either group of synthetic protease sequences and had different levels
of protease mutational burden: untreated drug-sensitive (DRM CM, yeaeq) and treated
drug-resistant (DRM'CM".,..a). The vertical dashed lines at 10 and 12 mutations were
adapted from Figure A. The gray horizontal dashed line highlights the scenario wherein
one viral sequence generates, on average, one progeny viral sequence. (C) Using these
equations, I calculated the fitness of HIVs that had three distinct groups of synthetic
protease sequences and different levels of protease mutational burden under drug
pressure: DRMCM ety DRM'CM epeq» @and DRM'CM" ... Those having the same
levels of protease mutational burden (number of total mutations) in these three groups

were grouped and compared with each other.

With variables within the two equations properly assigned, the fitness of HIVs with different
synthetic protease sequences was quantified, considering the presence or absence of correlated
mutations, drug pressure, and the extent of protease mutational burden. As previously stated,
only the protease’s contribution to HIV fitness was considered, and the other regions in the HIV

were ignored while constructing the simulator.

The simulator initiated with individual HIV protease sequences stored in a FASTA file and
simulated their evolution over generations. In each generation, individual protease sequences
would mutate, recombine, and replicate (Figure 5.2A). At the end of each generation, a new

sequence pool was formed and passed to the next generation.
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Two different treatment outcomes were observed in the clinic: viral rebound due to the selection

HLI2 = According to these observations, the simulator

of drug resistance or viral suppressio
monitored the size of the simulated viral population over generations and stopped in either of the
following two conditions. In the first condition, the size of the simulated viral population should
exceed a given threshold, e.g., 30,000 HIV genomes. This was considered a simulated viral
rebound, and the simulator stopped and collected the simulated viral population. In the second
condition, the size of the simulated viral population should be continuously lower than a given
threshold, e.g., 100 HIV genomes, for at least three generations'’’. This was considered a

simulated viral suppression, and the simulator would stop as well (Figure 5.2B). The simulator is

now available for public use on GitHub.
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Figure 5.2. Overview of the simulator and the simulation pipeline.
(A) The simulator simulates viral evolution over generations. In each generation,
individual viral sequences go through four steps sequentially: mutation, recombination,
fitness calculation, and replication. After each generation, a new simulated viral
population is generated and passed to the next generation. (B) The simulator monitors the
size of the simulated viral population over generations and stops in two conditions:
simulated viral rebound (black) and simulated viral suppression (blue). The x-axis
represents the generations, and the y-axis represents the size of the simulated population.
The two gray horizontal dashed lines represent the thresholds defining simulated viral
rebound and simulated viral suppression, respectively. (C) The simulation pipeline is
constructed with three stages. First, staring protease sequences are generated using an
HIV-1 drug-naive protease sequence generator. Thereafter, the first simulation starts from
each synthetic starting sequence with drug pressure turned off, generating one synthetic
drug-naive viral population. Lastly, the second simulation starts from each synthetic
drug-naive viral population with the drug pressure turned on, generating a synthetic
virological-failure viral population. Typical changes in simulated population size during

the first and second simulations are shown below the workflow.

With the simulator constructed, I used it as a module and built the entire pipeline to generate
synthetic virological-failure viral populations (Figure 5.2C). To achieve this, first, I generated
starting protease sequences using an HIV drug-naive protease sequence generator (Methods).
Thereafter, I used each synthetic starting sequence to start the first simulation with no drug
pressure. This generated synthetic drug-naive viral populations. In the end, each synthetic
drug-naive viral population was used to start the third simulation with drug pressure, which
generated the synthetic virological-failure populations. These synthetic virological-failure viral
populations would be used to explore the sample size needed for correlated mutation

identification.
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5.2.2 The Simulator Mimics Viral Rebound Resulting from the Selection
of DRMs and Recaptures the Linkage Distribution in

Drug-Resistant HIV Protease Sequences

To assess the performance of the simulation pipeline, I utilized it to generate synthetic
drug-naive viral populations and synthetic virological-failure viral populations. I quantified the
number of non-synonymous mutations in these synthetic HIV protease sequences. As anticipated
from empirical data, synthetic drug-experienced HIV protease sequences showed a better
tolerance for higher mutational burden than synthetic drug-naive HIV protease sequences

(Figure 5.3A).

In addition, I selected three representative synthetic drug-naive viral populations and three
synthetic virological-failure viral populations to quantify the abundance of built-in DRMs and
compensatory mutations in these synthetic viral populations. Synthetic drug-naive viral
populations showed no detected DRM (0% + 0%, SD) and a low frequency of compensatory
mutations (0.47% £ 0.37%, SD). On the contrary, DRMs and compensatory mutations were
highly enriched in synthetic virological-failure viral populations (96% + 3.6% for DRMs and
85.1% = 13.7% for compensatory mutations, SD). This indicated that the simulated viral rebound

was a result of the selection of DRMs and compensatory mutations under drug pressure.
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Figure 5.3. The simulator recaptures the linkage distribution in drug-resistant protease
sequences.

Using the simulator pipeline and five pairs of synthetic linked mutations, I generated
1690 synthetic drug-naive populations and 1011 synthetic virological-failure populations.
(A) From each population, 100 sequences are randomly selected and aligned to the HXB2
protease sequence. The total number of non-synonymous mutations encoded is quantified
in every synthetic drug-naive protease sequence (with 0 DRM) and every synthetic
drug-resistant protease sequence (with one DRM). The quantification results are plotted
using violin plots. (B) To compare the linkages detected in synthetic virological-failure
populations to those observed in clinical virological-failure populations, I sampled each
of the 1011 synthetic virological-failure populations with a sampling depth of 1000
protease sequences and added a sequencing mismatch rate of 0.02% to the protease
sequences selected. Using CoVaMa*, 1 identified the linkage disequilibrium in 1011
synthetic virological-failure samples and one clinical virological-failure sample. The size
of linkages detected in each sample was quantified. The distribution of the size of
linkages in synthetic samples (black) and the clinical sample (red) is plotted using a

histogram with relative frequencies.

Furthermore, to validate whether the synthetic drug-experienced protease sequences recaptured

the size distribution of linkages observed in clinical samples, I compared the synthetic


https://www.zotero.org/google-docs/?6b3UHv

94
virological-failure samples to a clinical virological-failure sample sequenced in a previous
study”®. To mimic the sampling and sequencing of clinical samples, from each synthetic
virological-failure viral population, I randomly selected 1000 protease sequences and introduced
a sequencing mismatch rate of 0.02% to these sequences (Methods)®. This process yielded 1011
synthetic virological-failure samples. Thereafter, I calculated the linkage disequilibrium in each
synthetic virological-failure sample, as well as in the clinical virological-failure sample, using
the LD calculator CoVaMa**. CoVaMa provided a list of linked SNVs detected in each sample.
Quantification results showed a similar trend to the clinical sample (Figure 5.3B), where shorter
linkages (less than 100 nucleotides in length) were more frequent compared to longer ones in the
synthetic virological-failure samples. Additionally, the abundance of linkages decreased quickly

with increasing linkage length (Figure 5.3B).

The above results indicated that our simulator successfully mimicked the selection of DRMs and
compensatory mutations in HIV protease under drug pressure and recaptured the linkage

distribution in drug-experienced HIV protease sequences.

52.3 Sample Size Needed for Identifying Correlated DRMs and

Compensatory Mutations Estimated Using Synthetic Samples

To identify correlated mutations from different samples and eliminate passenger mutations, [
developed an analyzing approach (Figure 5.4). This approach involved two filtering steps to
identify candidate mutation pairs that were frequently observed among samples and were

enriched in those samples. After these filterings, the approach constructed a 2x2 contingency
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table for every candidate mutation pair, populated the contingency table using sequences from all

input samples, and then calculated the pairwise association using Fisher's exact test.

> Build contingency tables |

Input samples
- Populate a contingency table for every pair of
mutations using sequences from all input samples

Unique reads in Mutation_j
each sample T ‘ ‘
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Figure 5.4. Overview of the downstream analysis pipeline.
In each input sample, all physical-linked amino acid mutations that are enriched to a
certain frequency, e.g., 50%, are identified (Filter 1). This generated a list of mutation
pairs that are enriched in at least one input sample. Then, all the enriched mutation pairs
are organized in descending order according to the count of input samples in which they
are enriched. The top few mutation pairs that are most frequently detected among input
samples are selected (Filter 2). After these two filters, a list of mutation pairs that are both
shared among samples and enriched within those samples is determined. For every
mutation pair, a contingency table is constructed and populated using sequences in all

input samples. Fisher's exact test is performed to calculate the pairwise association based
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on each contingency table. In the end, a Family Discovery Rate estimation'"® is
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performed using the Python library statsmodels'>, which generates a list of the final

discoveries (mutation pairs).

To assess the relationship between the sample size and the analyzing accuracy, I conducted tests
using varying numbers of synthetic samples (ranging from 2 to 200) while keeping all other
settings constant among tests. Synthetic samples were generated by the simulation pipeline,
utilizing five pairs of built-in linked DRMs and compensatory mutations, with a sequencing
depth of 1000 genomes and a sequencing mismatch rate of 0.02%. In all tests, Filter 1 selected
mutation pairs that were enriched to over 50% in at least one sample, while Filter 2 selected the
top 75 mutation pairs that were most frequently detected among samples and enriched in those
samples. Following each test, the identified mutation pairs were compared to the predefined five
built-in mutation pairs, generating precision and recall values (as detailed in the Methods
section). The test outcomes revealed a positive correlation between sample size and resulting
precision and recall values. As the sample size increased, recall improved from around 30% to
100% (Figure 5.5A), and precision increased from approximately 5% to around 12.5% (Figure

5.5B).

In an alternative approach, rather than using all sequences in each sample as described above, |
conducted additional tests employing only unique reads with a read count > 2 in each sample.
Statistically, using unique reads would decrease the abundance of random passenger mutations in
the population without significantly impacting the frequency of fitness-related mutations. The
new tests were also conducted using varying numbers of synthetic samples (ranging from 2 to

200), and the precision and recall were calculated following each test. Compared to using all the
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sequences in each sample, using unique sequences in each sample showed no significant effect
on the recall (Figure 5.5A, Figure 5.5C). However, it increased the precision of the analysis

(Figure 5.5B, Figure 5.5D). Hence, for subsequent analyses, I continued using unique reads with

a read count >2 in each sample for analysis.
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Figure 5.5. Using the unique reads with a read count > 2 in each sample improves the

precision of correlated mutation identification.

Using the simulation pipeline and five pairs of built-in linked mutations, I generated over

1000 synthetic virological-failure samples. (A) First, I used all the sequences in each
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sample for analysis. In Filter 1, mutation pairs that were enriched in 50% in each sample
were selected. In Filter 2, the top 75 mutation pairs that were most frequently detected
among samples were selected. I conducted tests with sample size ranging from 2 to 200.
Each test was repeated three times independently, and the average precision and recall
were calculated. The recall changing with the sample size is plotted using a scatter plot
(geom_point in ggplot2). Additionally, a smooth line is generated using the local
regression method LOESS (geom_smooth). Moreover, the precision changing with the
number of samples used is plotted in (B). Secondly, I kept the two filters unchanged but
only used the sequences with a read count > 2 in each sample. Using sample numbers
ranging from 2 to 200, I performed a series of analyses and calculated the precision and
recall of each analysis. The recall change with the number of samples used is plotted in
(C), as well as the precision change with the number of samples used (D), using scatter

plots and smooth lines.

To explore the optimal precision-recall balance that could be achieved with a specific sample
size, | fine-tuned Filter 2 in the analysis pipeline. A more stringent Filter 2 would theoretically
eliminate more false positives (mutation pairs involving passenger mutations) and increase
precision. However, it would also increase the probability of discarding true positives (correlated

DRMs and compensatory mutations), reducing recall.

Using over 1000 synthetic samples generated with five pairs of built-in linked DRMs and
compensatory mutations, I conducted tests with varying sample sizes (10, 20, 30, 80, and 200
samples) and explored Filter 2 adjustment ranging from 10 to 200 (Figure 5.6A). Precision and
recall were calculated following each test, as described above. As expected, the test outcomes
showed a trade-off between precision and recall at a specific sample size. Additionally, using

more samples resulted in an overall increase in both precision and recall. For instance, with only
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ten samples, the upper precision limit reached roughly 12.5%, accompanied by a low recall of
25%. However, by increasing the sample size to 200, precision increased to over 20% while

maintaining a recall of 93%.

The number of correlated DRMs and compensatory mutations (evolutionary pathways) that HIV
could use to evade drug pressure also influences this analysis. To investigate the impact of
pathway numbers on analyzing accuracy, I generated over 1000 synthetic virological-failure

samples using ten pairs of built-in linked DRMs and compensatory mutations.

Using synthetic samples generated with these ten pairs of linked mutations, I conducted tests
with varying sample sizes (30, 80, 150, 200, and 350 samples) and a Filter 2 ranging between 10
and 400 (Figure 5.6B). Much like the observations from the five-pathway dataset, I observed the
trade-off between precision and recall when a specific number of samples was used, as well as
the positive correlation between sample size and overall precision/recall. For ten pathways, using
200 samples yielded a precision of ~12% and a recall of ~60%. Compared to having five
pathways, it was observed that having a total of ten pathways resulted in a reduction in precision.

This finding indicated the increased difficulty in identifying an increasing number of pathways.
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Figure 5.6. Precision-recall trade-off across varies sample sizes.
(A) Using 1011 synthetic virological-failure samples generated with five pairs of built-in
linked DRMs and compensatory mutations, I conducted tests with varying sample sizes
(10, 20, 30, 80, and 200 samples) and a Filter 2 ranging from 10 to 200. Each test was
repeated five times independently, and the average precision and recall were calculated.
With the test outputs, Precision-Recall plots are generated using geom smooth in ggplot2
and a local regression method LOESS. (B) Using 1057 virological-failure samples
generated with ten pairs of built-in linked DRMs and compensatory mutations, I
conducted tests with varying sample sizes (30, 80, 150, 200, and 350 samples) and a
Filter 2 ranging from 10 to 400. These tests were repeated three times independently. The
average precision and recall were calculated for each test. With the test outputs,
Precision-Recall plots are generated using geom_smooth in ggplot2 and a local regression

method LOESS.



101

5.3  DIScUSSION

During ART, correlated DRMs and compensatory mutations are selected within the HIV
genome, contributing to enhanced resistance and viral fitness. Understanding these correlated
mutations could provide insight into the evolutionary trajectories individual HIV took during
resistance development and ART failures. However, passenger mutations that arose in the same
HIV genome with resistance mutations could be simultaneously selected and enriched, thus

interfering with the correlated mutation identification.

In this study, I aimed to improve the accuracy of correlated resistance mutation identification by
using samples from different PWHs treated with the same drug class (independent samples).
Additionally, I explored the sample size needed for a statistically robust analysis. To accomplish
these goals, I utilized an individual virus-based forward simulator to generate synthetic
virological-failure samples. Additionally, I provided an analytical approach to identify linked

mutations that were shared among samples and enriched in those samples.

My findings showed a positive correlation between the sample size and the precision/recall of
identifying correlated DRMs and compensatory mutations. Furthermore, the findings of this
study provided a practical method for estimating the sample size required to identify correlated
mutations within the HIV genome at a specified level of precision. For example, assuming we
were to analyze resistance development against one antiviral drug class, HIV might acquire
resistance via one of five possible pairs of correlated mutations. If we would like to test no more
than 30 candidate mutation pairs and capture at least four out of the five pairs of correlated
mutations, the simulation findings suggested that using around 30 samples from different PWHs

would be necessary to achieve the desired results.
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I compared the analyzing results of various synthetic samples generated with different numbers
of built-in correlated DRMs and compensatory mutations, where each pair of correlated
mutations represented a distinct evolutionary pathway. This study revealed a negative
relationship between the number of pathways and the precision and recall of the correlated
mutation identification. When considering five pathways, utilizing around 30 samples would
enable the identification of four out of five pairs of correlated mutations by testing fewer than 30
candidate mutation pairs. However, if the number of pathways increased from five to ten, in the
best scenario, we could achieve a precision of ~13.6% and a recall of ~60%. Moreover, to
achieve that result, we would need to collect around 350 independent samples and test around 45
candidate mutation pairs. This indicated that more samples would be required to reveal more

complex ART-evading mechanisms.

This study focused on the “l1-to-1 relationship between compensatory mutations and DRMs,
wherein a specific compensatory mutation can largely counteract the fitness decline resulting
from acquiring one DRM. Examples of this “1-to-1” relationship have been observed in the
sequencing and functional assessment of clinical HIV samples; for instance, the decrease in
protease (PR) enzymatic function caused by the acquisition of DRM protease PR D30N could be

13,95

restored by acquiring PR N88D in protease However, the relationship between
complementary mutations and DRMs can be more complex. First, the replication fitness loss
caused by one PR DRM might be compensated by diverse compensatory mutations operating
through various mechanisms. For instance, PR D30N can be compensated by PR M36l, PR
AT71V, or PR N88D, which could affect protease monomer/dimer stability or influence protease

116

structure''®. Additionally, mutations in Gag substrate, e.g., Gag P453L, can also complement PR
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D30N and restore fitness, presumably by improving protease-Gag binding''’. To consider this
complex series of complementary mutations, we would need to build a new synthetic mutation
dataset, wherein one PR DRM could cooperate with any of several compensatory mutations.
Secondly, with the increase in the potency of antiviral drugs, more than one compensatory
mutation may be involved in compensating for one DRM'. Therefore, a more comprehensive,
“I-to-n” relationship is worth investigating. Thirdly, DRMs with varying levels of resistance can
cooperate to provide the virus with drug resistance. An example is Thymidine Analog Mutations
(TAMs) in the reverse transcriptase, which provide resistance to RT inhibitors. This observation
suggests another “n-to-n” relationship between DRMs and compensatory mutations in HIV

enzymes.

With the individual virus-based forward simulator constructed, different types of relationships
between DRMs and complementary mutations (such as “l1-to-1”, “I-to-n”, “n-to-n”) can be
developed and incorporated as plug-in motifs for distinct research objectives in subsequent
stages. Furthermore, besides investigating the acquisition of correlated mutations in the HIV
protease region, this approach can be used for other HIV proteins (reverse transcriptase,
integrase) and extended for correlated mutations across HIV proteins, e.g., between Gag and

protease.

In this study, only virological-failure samples were considered for correlated mutation
identification. However, the accuracy of this analysis can further be improved by incorporating
drug-naive samples as well. First, by using a consensus sequence constructed based on

drug-naive sequences instead of the HIV-1 HXB2 sequence used in this study, we could remove
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the mismatch between clinical sequences and the HXB2 sequence. Secondly, physical linkages

commonly detected in drug-naive samples can be used to infer false positives in the discoveries.

To summarize, this study provides a better understanding of the relationship between the number
of samples used, the number of mutational drug-resistant pathways, and the accuracy of
identifying correlated resistance mutations. The use of the simulator-based method allows for

estimating the required sample size for specific studies in the future.
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5.4 METHODS

Design synthetic linked DRMs and compensatory mutations.

From HIVDB, I collected canonical DRMs detected in HIV-1 protease®. These canonical DRMs
are located on 12 loci in the protease: 30, 32, 46, 47, 48, 50, 54, 76, 82, 84, 88, and 90. A total of
71 synthetic DRMs (“DRM pool”) on these 12 loci were generated using a custom Python script.
Considering that compensatory mutations are located distal from DRMs, I selected the loci that
were three amino acids away from all of the above 12 DRM loci. This generated 54 loci for
synthetic compensatory mutation generation, based on which a total of 309 synthetic

compensatory mutations were generated (“CM pool”).

To generate five pairs of linked mutations, five synthetic DRMs were selected from the “DRM
pool” without replacement, and five synthetic compensatory mutations were selected from the
“CM pool” without replacement. The selected synthetic DRMs and compensatory mutations
were paired in a 1-to-1 relationship. In this way, five unique pairs of linked synthetic DRMs and
compensatory mutations were generated. The exact process was used for generating ten pairs of

linked mutations.

Collect drug-naive and drug-experienced HIV-1 protease sequences from HIVDB.

To quantify the total number of non-synonymous mutations encoded in drug-naive HIV protease
sequences and drug-resistant HIV profease sequences, I collected data from the HIV-1 Single
Genome Sequence (SGS) Database in HIVDB?. 1 used the website filter to find samples that
were infected by HIV-1 subtype B. A total of 322 drug-naive plasma samples were collected

from 142 drug-naive individuals enrolled in 11 studies. From these 322 drug-naive plasma
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samples, | acquired 1757 drug-naive HIV protease sequences. A total of 74 virological-failure
plasma samples were collected from 27 individuals with unsuppressed viral replication enrolled
in five studies. From these 74 virological-failure plasma samples, I acquired 430 HIV

drug-resistant HIV protease sequences.
Assign values to variables within two equations designed for fitness calculation.

Considering that ‘wild-type’ HIV could replicate well in the untreated condition, R, should be
higher than 1. In this study, a constant value of 1.25 was given to the R o Additionally, 0.3 was

assigned to Ef(p), quantifying the effect of drug pressure on viral fitness. In this study, I also
assumed that the extra reduction in fitness caused by getting one DRM is 10-fold that caused by

getting one mutation.

I quantified the number of mutations in drug-naive protease sequences collected from HIVDB.
Empirical data informed that drug-sensitive HIV protease sequences in the untreated condition

(DRM'CM' rearca) With up to 10 mutations maintained normal replication. Based on this, I solved

*

RC -~ *10
the equation R = 1.25 *2/(1 +e ™ ™" )>1 and acquired the upper limit of

of 0.0405. Hence, I assigned 0.036 to RCpe . This assured that the

per—mutation r—mutation

DRMCM ,4eared WOUld have an R higher than 1 if it had ten mutations or fewer, an R around 1 if

it had 11 mutations, and an R below 1 if it had 12 mutations or more.

All variables involved in the fitness calculation of drug-sensitive HIV (DRMCM",;caca @nd
DRMCM ;eseq) had values assigned. Thus, we could calculate the fitness (R) for HIV with

various drug-sensitive protease sequences with varying levels of mutational burden in the treated
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or untreated condition. Additionally, the RC

DRM er—mutation

(g) was defined as 10-fold of RCp
be 0.36.

In the extreme scenario, an assumption was made that a drug-treated HIV with only one DRM
and one corresponding compensatory mutation in the protease would have an R equal R, Based

on this, I solved the equation:

Ef(p) = DRDRM(g, p) — 0.36 + RCCM(g) + 2 *0.036,Ef(p) = 0.3. This resulted in

DR ..(9,.p) + RC_ (g9) = 0.732 (Equation 1).

In this study, I assumed that the fitness increase from DRM CM . eqa 10 DRM'CM ",y Was
attributed to the DRM accounting for 60%, while the corresponding compensatory mutation
contributed the remaining 40%. With this assumption, the intermediate stage, DRM"CMcaea

would have an R > 1 with seven mutations or fewer. Based on this, I solved the equation
R =1.25 *2/(1 + 30'3_x) >1,x = DRDRM(g, p) —0.36 —0.036 * 7 and acquired
the upper limit of DRDRM(g, p) of 0.507. Hence, I assigned 0.507 to DRDRM(g, p). Based on

Equation 1 above, 0.225 was assigned to RC CM(g).

Generation of synthetic drug-naive protease sequences using an HIV-1 drug-naive protease

sequence generator.

To generate synthetic drug-naive HIV protease sequences, I acquired the nucleotide distribution
on each locus of the 297-nt HIV protease sequence. To fulfill this, I collected HIV protease

sequences from a total of 83 drug-naive plasma/serum samples collected from different PWHs.
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All PWHs were infected with HIV-1 subtype B. Among these 83 samples, nine of them were
provided by the UC San Diego Primary Infection Resource Consortium (PIRC) (David Smith,
M.D.) and the UW Viroverse study (James Mullins, Ph.D.). These nine samples were sequenced
in our lab using MrHAMER?. The other 74 samples were acquired from 74 PWHs enrolled in
12 studies in the HIVDB HIV-1 Single Genome Sequence (SGS) program®’. From each sample,
five HIV protease sequences were selected. This generated a total of 415 drug-naive HIV
protease sequences. Based on these 415 drug-naive HIV protease sequences, I acquired the
empirical distribution of nucleotides on each locus of the HIV protease sequence. A sequence
generator was constructed using this empirical data, generating synthetic drug-naive HIV
protease sequences. The generator was written in Python. Using this sequence generator, I
generated a total of 2000 synthetic drug-naive HIV protease sequences and used them to initiate

the simulation pipeline in this study.

Generation of synthetic drug-naive viral populations.

Using each drug-naive HIV profease sequence generated by the sequencing generator, I started
the first round of simulation with drug pressure turned off. During the simulation, once the size
of the simulated population reached > 30,000, the simulator would run 30 more generations with
a constant population size of 30,000. This mimicked the set point in the HIV-1 infection''®. After
completing these ten generations, the simulator collected the synthetic drug-naive population and

stopped.

From a total of 2000 synthetic drug-naive HIV protease sequences, 2000 simulations were

performed independently. Considering that the simulated population could die out and fail to
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establish a drug-naive population, each simulation was allowed to be repeated 100 times until

one drug-naive population was established.

Generation of synthetic virological-failure viral populations.

Using each synthetic drug-naive population, I performed the second round of simulation with
drug pressure turned on. To increase the probability of the viral rebound and save computing
power and time, at Generation 15, the simulated viral population was scaled up to 150,000
genomes, mimicking a short treatment break. The size of the simulated population was
monitored during the simulation. And once the population size continued to increase for 3
generations and exceeded 30,000 genomes (the threshold for a simulated viral rebound in this

study), the simulator collected the synthetic virological-failure population and stopped.

Considering that the simulated population could be suppressed and failed to reach a simulated
viral rebound, each simulation was allowed to repeat 20 times until a simulated viral rebound

was achieved.

Data preparation.

From each synthetic virological-failure viral population, 1000 sequences were randomly
selected. A sequencing error of 0.02% was added to the selected sequences randomly using the
ARGS module of the mutation-simulator (ver2.0.3)”'. This process resulted in synthetic
virological-failure samples, or called synthetic virological-failure samples. The execution of this
procedure, along with bulk processing, was facilitated using custom Python scripts and the

Snakemake workflow management system''’.

Linkage Disequilibrium calculation.


https://www.zotero.org/google-docs/?CBLJ9a
https://www.zotero.org/google-docs/?Loyh5r

110
Individual sequences in each sample were aligned to the HXB2 reference sequence using

120 Then, the linkage disequilibrium calculation was performed

minimap2 with the default mode
using Co-Variation Mapper*. For this calculation, PileUp Fraction was set to 0.005, and

Min_Coverage was set to 2 in command lines.

Downstream analysis pipeline.

This analysis pipeline was designed to identify linked mutations shared among samples and
enriched in those samples. It used the sequencing outputs stored in FASTA files as the input. The

pipeline output was a list of correlated mutations detected (discoveries) and their p-values.

The pipeline first checked each sample to identify mutation pairs enriched to a specific frequency
(50% was used in this study) (Filter 1). After checking all the input samples, the pipeline
combined all enriched mutation pairs detected. Duplicate items were removed. Then, for each
mutation pair, the pipeline counted the number of input samples that had this mutation pair
enriched. The top few mutation pairs that were most frequently detected among input samples
would be selected (Filter 2). In this way, the mutation pairs that were shared among samples and

were enriched in those samples were identified (candidate mutation pairs).

For each candidate mutation pair, a 2x2 contingency table was constructed. For instance, assume
that we had a pair of linked mutations, T on position 10 and M on position 20. In the 2x2 table
generated, rows would present T or all other amino acids on position 10, and columns would
present M or all other amino acids on position 20. The pipeline identified and quantified different
mutation combinations on positions 10 and 20 in reads in all input samples, clustering them into

four categories: T-M, T-not M, not T-M, not T-not M. Read numbers in these four categories
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were used to populate the contingency table. With the contingency tables populated, the pipeline
calculated the p-value for each pairwise association using Fisher’s exact test. This calculator was
accomplished using the fisher exact function within the scipy, with the alternative set to
“greater”'”'. In the end, a False Discovery Rate (FDR) approach with a significance level of 0.05
was performed using the statsmodel library (sm.stats.multitest.fdrcorrection)'”®, generating
discoveries (mutation pairs). This analysis pipeline was accomplished using a custom script

written in Python.
Calculation of precision and recall.

Precision was calculated as the number of true positives divided by the number of discoveries'*.
The recall was calculated as the number of true positives divided by the size of the truth set'?.
For instance, if the simulations were performed using five pairs of built-in linked mutations, the
size of the truth set was five. After analyzing, assume that a total of 20 discoveries were
identified, including three out of five pairs of built-in linked mutations. Based on this, the
number of true positives would be five. The precision of this analysis would be 0.15 (3/20), and

the recall would be 0.6 (3/5).
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Chapter 6. CONCLUSION

Co-varying mutations within the HIV genome confer drug resistance while preserving high
replication fitness under drug pressure®'!. Identifying these co-varying mutations not only
enhances our understanding of HIV protein structure and function but also uncovers potential

novel protein-protein interactions, which would benefit antiviral drug design.

Prior studies utilized next-generation sequencing (NGS) techniques to sequence viral populations
and developed several methods to extract mutational covariation from NGS data'***. These
methods either directly measure the frequency of mutations that co-occurred within the same
NGS read or employ mathematical models to infer associations between mutations. However,
these methods have limitations, such as constraints related to read length or their inability to

handle more than two mutations simultaneously.

To address these challenges and identify co-varying gag-pol mutations driving resistance
development, I provided a new approach combining long-read sequencing methodology
MrHAMER?* and a series of customized bioinformatics tools. MrHAMER provided accurate
gag-pol sequences of individual HIV genomes, maintaining genetic linkages in individual viral
genomes, even capturing distal linkages that were previously elusive. Pairwise correlations
across the HIV gag-pol region were extracted from the long-read sequencing dataset using
Co-Variation Mapper**. Building on these pairwise correlations, I inferred and quantified
higher-order mutational patterns using customized Python scripts. The predominant mutational
patterns detected after ART failures likely drive the viral resistance development and could be

experimentally validated wusing in-vitro fitness assays. Additionally, 1 wused the
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Hamming-distance-based phylogenetic analysis (HDBPA) to trace the evolution of individual
HIV genomes, revealing step-by-step construction of higher-order mutational patterns during

ART-driven selection and the evolutionary strategies of different HIV genomes.

I demonstrated the efficacy of this approach by analyzing viral evolution in two distinct PWHs
experiencing ART failures. The findings identified different mutational patterns associated with
ART failure within each viral swarm, suggesting that resistance development may result from the
selection of distinct subpopulations following different evolutionary pathways. Additionally, the
findings underscored the impact of pretreatment genotypes on the viral evolutionary pathway for

selecting new DRMs under drug pressure.

In future work, the Python scripts used in this approach would be integrated into one pipeline
and submitted to GitHub for public use. The recombination process during viral evolution, which
has not been considered in the current version of HDBPA yet, could be added to provide a more
concise prediction of MRCA. Additionally, this approach could be adapted for identifying

correlated mutations in other viruses or bacteria.

Experimental validation of the mutational patterns identified in this study is essential to
distinguish resistance-related mutations from passenger mutations, which have no alteration on
viral fitness but are inherited from founder species or acquired early along with DRMs. In
contrast to resistance-related mutations, which tend to be shared among PWHs treated by the
same drug class, passenger mutations arise more randomly. Hence, using samples collected from
different PWHs could help distinguish resistance-related mutations from passenger mutations,

reducing the number of experiments needed.
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In the last part of my thesis work, I estimated the optimal sample size needed for identifying
resistance-related mutations using synthetic virological-failure samples, providing a basis for
future studies. The synthetic virological-failure samples were generated using a forward
simulator, which simulated the acquisition of correlated DRMs and compensatory mutations in
HIV protease under drug pressure. The findings revealed the relationship between the sample
size, the number of mutational drug-resistant pathways, and the accuracy of identifying

correlated mutations, and estimated the optimal sample size for future studies.

The forward simulator used in this study could be improved in many ways for wider application.
First, more complex relationships between correlated DRMs and compensatory mutations could
be explored, including “one-to-n” and “n-to-n”. Secondly, expanding this approach to other HIV
proteins besides protease or inter-protein correlated mutations, e.g., between Gag and protease,
could yield valuable insights. Additionally, investigating the influence of sequencing quality
(sequencing error rate and sequencing depth) on correlated mutation identification would provide
more accurate sample size estimates, particularly when different sequencing platforms are

employed.

To summarize, unlike previous population-level HIV evolution studies, my study provided a new
approach, which uncovered gag-pol mutational changes within individual HIV genomes and
subpopulations during ART failures, identifying the higher-order mutational patterns associated
with HIV resistance development and unveiling the order of mutation development. These
findings not only advanced our understanding of resistance mechanisms but also unveiled novel

correlations among mutations across the vast landscape of the HIV gag-pol region.
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