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In Kenya people who inject drugs (PWID) have a 4-fold greater prevalence of HIV and at least 10-fold
greater prevalence of hepatitis C compared to the general population. While preliminary epidemiological
evidence suggests needle-sharing, and associated parenteral HIV transmission, is decreasing, more
evidence is needed to evaluate these conclusions and to understand factors contributing to sexual HIV
acquisition and transmission in this population. Phylogenetic and molecular epidemiology approaches
can reveal transmission trends within and between populations to help determine the most impactful
interventions; however, such studies must also be mindful of the vulnerability of populations, like PWID,

to stigma or other group harms.

To characterize the HIV epidemic among PWID in Kenya, we first used cluster analysis and ancestral state
reconstruction to estimate the following relative frequencies of HIV transmission: transmission within
the PWID population; between the PWID population and other key populations (female sex workers and
men who have sex with men); between the PWID population and the general population; and between
PWID from the coastal region and Nairobi. Second, we investigated whether PWID shared an HIV or
hepatitis C transmission network with the sexual or injecting partners they identified through assisted

partner services, based on genetic distances of the virus sequences.



We found substantial mixing between HIV-1 sequences from PWID with those from other populations
and no excess similarity between the HIV-1 sequences from pairs of individuals identified as injecting
partners. These results support prior evidence of the effectiveness of needle-syringe programs and the
shift towards sexual acquisition and transmission as an important factor in this epidemic for PWID. We
propose a renewed emphasis on addressing risk factors for sexual transmission and on understanding
the environment within which sexual HIV acquisition and transmission occurs for PWID. Further research
on hepatitis C incidence and transmission risk factors could strengthen conclusions about changes in

injecting behaviors.

Finally, we explored ethical issues in molecular epidemiological research of pathogen transmission
trends, noting a lack of productive change coming from the current discourse centered around privacy
risks to research subjects. We recommend that by treating pathogen sequence data as primarily a
community resource, we can both increase the responsiveness of researchers to community concerns

and improve community acceptance of molecular epidemiology as a public health and research tool.
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INTRODUCTION

While around 1.4 million people in Kenya live with HIV, or about 4-6% of the total population,’? the
country has made important strides in HIV prevention and treatment, such as through the use of assisted
partner services (APS) to identify people not aware of their HIV status or not optimally engaged in care.
APS involves asking people living with HIV to identify and provide contact information for their sexual
and injecting partners and has already been linked to increased HIV testing, diagnosis, and enrollment in

care among partners of people living with HIV in Kenya.>™®

Continued progress requires multi-pronged approaches that address the specific needs of different
populations.” For example, PWID have an estimated HIV prevalence about 4-fold higher than in the general
Kenyan population (14.5% in Nairobi and 20.5% in the coastal region)®*° and face barriers to accessing
testing and care. These include community stigma, stigma in health care settings, and fear of violence.!
13 The high prevalence of HIV among PWID informs a common narrative that transmission from PWID
“seeds” cases in the larger population; however, these claims are often not based on empirical evidence,
and warrant more cautious investigation.*® Molecular epidemiology can be a powerful tool to
understand patterns of transmission. By combining estimates of the evolutionary distance between virus
sequences with geographic or epidemiological data, we can estimate the amount and history of
transmission between regions or different populations. When evaluated in the context of other
epidemiological evidence, these estimates can suggest behaviors or environments that may be associated

with transmission.'”/'8

Chapters 1 and 2 of this work use molecular epidemiological and phylogenetic approaches, like cluster
analysis and ancestral state reconstruction, to estimate the primary mechanisms and sources of HIV

acquisition and transmission for PWID, with the goal of understanding the future role for needle-syringe
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program scale-up and/or other interventions for epidemic control. Chapter 3 departs from the application

of molecular epidemiology methods to explore ethical issues in these types of analyses.

Prior research suggests needle sharing is an important, but decreasing, factor in HIV transmission among
PWID in Kenya. Injectable heroin became prevalent in Kenya in the 1990’s,*® and in 2018, an estimated
18,000 people in Kenya injected drugs, the majority living in urban areas in Nairobi, Mombasa, and Kilifi
counties.>? Parenteral transmission was likely a substantial historical driver of HIV prevalence in this
population, evidenced by high estimates of needle-sharing prior to 2013,%123 epidemiological

modeling,* and some molecular evidence.?

However, Kenya has taken a number of steps to reduce harms associated with injection drug use,
including introducing needle and syringe programs in 2013 and methadone maintenance treatment in
2014.21% An estimated 13.5% of PWID were enrolled in opioid substitution therapy programs in 2018.1
Although estimates vary, evidence supports that needle-syringe programs have reduced needle-
sharing92172326-2% 3nd parenteral transmission, and epidemiologic models estimate a substantial number
of averted HIV cases among PWID as a result of these programs.3® Despite this progress, more research is
needed to clarify the current extent of parenteral HIV transmission and to understand whether needle-

syringe program scale up or other interventions will be most impactful for averting future HIV cases.

Sexual transmission may be one under-addressed factor in this epidemic for PWID, who have higher
estimated frequencies of transactional sex (with women particularly likely to report receiving money for
sex),33% lower condom use than other populations,®* and like other key populations, low knowledge
about PrEP. More research is also needed to understand how programs used in the general population
work for PWID and whether adaptations to these programs can improve effectiveness in this population.
For example, the World Health Organization recommends the use of APS to reach PWID at elevated risk

of living with HIV,3! but specific data on APS performance and acceptability in this population is limited.
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The Peer Educator Program, which was started in Nairobi to train former PWID to conduct outreach and
provide harm reduction services, created an opportunity to tailor APS to the specific needs of the PWID
population in the parent study to this analysis.3>33 In Chapter 2, we specifically explore whether APS for

PWID identifies sexual or injecting partners from a shared HIV transmission network.

Hepatitis C (HCV), which is more readily transmitted through needle-sharing than HIV, also presents a
substantial health risk to PWID. At 13-22% among PWID accessing harm reduction services in the Nairobi
and coastal regions, HCV prevalence is significantly higher than among the general population
(prevalence <1%).2 The WHO has endorsed the goal of 90% reduction in HCV incidence and 65%
reduction in HCV-related deaths between 2016 and 2030,%** which will require scaling up harm reduction
services for PWID. Historically, a long asymptomatic period, lack of fast-acting and effective treatments,
and concerns about reinfection®® have presented barriers to translating programs like APS for HCV
testing and treatment.?® However, highly effective direct-acting antivirals for HCV were introduced to
Kenya in 2021,%° making the WHQ’s goal of rapid reduction in HCV cases feasible if we’re able to reach
people with testing and treatment. Although the parent study to this research project implemented APS
only for HIV, the inclusion of HCV testing and treatment presented opportunities to explore the potential

future function of APS for HCV among PWID, which we briefly discuss in Chapter 2.

The pathogen sequence data used in molecular investigations of disease transmission can come from
different sources, like primary research, public health surveillance systems (for example, when sequencing
is done clinically then shared with departments of public health), or deidentified sequences uploaded to
publicly accessible databases. Critiques of molecular epidemiological methods in the US have raised
concerns about privacy risks to individuals, particularly those whose sequences are collected through
surveillance or shared to databases. However, there is disagreement and confusion about the extent of
these privacy risks and a need for an ethical model that can identify and address salient concerns about

this research without impeding its important public health goals. In Chapter 3, we explore how we can
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address ethical issues in this research by recognizing pathogen sequence data as a type of community

data.
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CHAPTER 1: A Phylogenetic Assessment of HIV-1 Transmission Trends among People Who

Inject Drugs from Coastal and Nairobi, Kenya

ABSTRACT

Background

Although recent modeling suggests needle-syringe programs have reduced parenteral HIV transmission
among people who inject drugs (PWID) in Kenya, the prevalence in this population remains high (~14-20%,
compared to ~4% in the larger population). Reducing transmission or acquisition requires understanding
historic and modern transmission trends, but the relationship between the PWID HIV sub-epidemic and
the general epidemic in Kenya is not well understood. Incorporating 5-times more HIV sequences from
PWID in Kenya than in prior studies, we quantified rates and direction of HIV-1 transmission involving PWID

and other populations from the coast and Nairobi regions.

Methods

We aligned 303 new (2018-2021) HIV-1 pol sequences from PWID and their sexual and injecting partners
with 2,666 previously published Kenyan sequences. We used genetic similarity cluster analysis
(thresholds: patristic distance <0.045) and maximum likelihood and Bayesian ancestral state
reconstruction to estimate transmission histories at the group (female sex workers, men who have sex
with men, PWID, or not key population) and regional (coast or Nairobi) levels. Transition counts estimate
how often an ancestor sequence gave rise to a descendant sequence from a different population and/or

region.
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Results

In this cohort, 1,081 participants lived with HIV, of whom 274 (25%) were not virally suppressed and 303
(28%) had sequences available. Of new PWID sequences, 58% were in phylogenetic clusters, primarily
interspersed with sequences from other key populations and from those not in key populations. Only
21% of clusters containing PWID sequences included a second PWID sequence. Ancestral state
reconstruction identified substantial transmission between the coast and Nairobi regions and more not-

PWID to PWID transmission than transmission in the other direction.

Conclusion

Despite recruiting PWID from local sexual and injecting networks, we found low levels of linked
transmission in this population. This suggests relatively low rates of recent parenteral transmission and
supports interventions to reduce sexual transmission while maintaining needle-syringe programs.
Because the epidemic among PWID and other populations are inter-related, interventions within the
larger population, where we also observed the most transmission between regions, may have carry-over
benefits for reducing HIV prevalence in PWID. However, greater understanding of how PWID and non-

PWID populations interact is needed.
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INTRODUCTION

In the 1990’s, global drug trafficking networks from Asia to Europe brought injectable heroin to the East
African coast.’ To address harms associated with injection drug use, including risk of parenteral HIV
transmission, the Kenyan Government introduced needle and syringe programs (NSP) in 2013 and
methadone maintenance treatment in 2014.2%%> However, at about 14-21%, the prevalence of HIV-1 in
people who inject drugs (PWID) in Nairobi and the coastal region of Kenya remains four-fold higher than
in the larger Kenyan population®%3° and is similar to the prevalence among men who have sex with men
(MSM), but lower than the estimated prevalence among female sex workers (FSW, 29.3%).%* Studies have
yet to resolve several important questions about the role that injection drug use has played in the HIV

epidemic in Africa.?

Phylogenetic analyses are well-suited to resolve questions about HIV transmission patterns between
populations, between regions, and over time.3*° By overlaying geographical or epidemiological data onto
a phylogeny, we can also infer how the behaviors or experiences of individuals living with a disease relate
to transmission trends. Rapid evolution, which occurs within the timescale of transmission, makes HIV

particularly conducive to phylogenetic analysis.**

Recent modeling suggests that NSPs have been highly effective at reducing recent HIV transmission among
PWID in Kenya, as was already understood to be the case in the US and Western Europe.???’3% These
models suggest sexual transmission is an increasingly common form of transmission in this population,
particularly for women.?° However, the question of primary transmission mechanisms among PWID has
not been addressed through molecular data. Questions also remain about the extent to which the HIV-1
epidemic among PWID is self-contained, versus a reflection of the epidemic in the larger population.

Injection drug use in Kenya is heavily concentrated in urban areas (primarily in coastal cities, and Nairobi),
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and inter-regional HIV-1 transmission dynamics involving PWID — and its relationship to the generalized

epidemic — is also not well-understood.

Prior phylogenetic analysis of HIV-1 in Kenya primarily focused on not-PWID populations and showed
higher HIV-1 transmission from the higher prevalence western regions to lower prevalence eastern

regions.”* However, because HIV prevalence among PWID is highest in coastal Kenya®? (

opposite of
general regional prevalence trends) and because prior phylodynamic studies have shown differing patterns
among other key populations,*? it’s not clear if this HIV-1 transmission trend duplicates among PWID. Prior
research identified a cluster of 41 HIV-1 sequences collected from PWID in the coastal city of Mombasa in
2010.%* This finding suggested substantial, isolated transmission within the PWID populations, with
needle-sharing likely playing a role, but also contradicted a common narrative that transmission from
PWID seeds cases in other populations.'®?** Qur study represents a 5-fold higher number of HIV-1
sequences from PWID in Kenya and is the first to collect HIV-1 sequences from PWID in Nairobi, allowing

us to reassess transmission trends post-introduction of NSPs and also to assess regional trends in HIV-1

transmission among this population.

METHODS

Study population and enroliment

The Study of HIV, HCV, APS, and Phylogenetics for PWID (SHARP) is a prospective cohort study that recruited
people who had injected drugs in the last 3 years and live with HIV (indexes) from 2018 to 2021 and used
assisted partner services to identify, test, and treat their sexual and injecting partners. Index participants
were recruited from needle-syringe programs and methadone clinics in Nairobi (central Kenya) and Kilifi and
Mombasa counties (coastal region). Eligibility criteria for indexes was: 218 years of age injected at least once
in the past year, tested positive for HIV, had not experienced intimate partner violence in the last month,
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and gave written informed consent. Indexes were enrolled in assisted partner services (APS), through which
they identified sexual (vaginal, anal, or oral intercourse) and injecting (regardless of needle sharing) partners
(218 years of age) from the previous 3 years. Partners were contacted with the help of peer educators and

invited to enroll in the study, and those fitting index eligibility criteria could additionally enroll in APS.

Socio-demographic data, HIV and hepatitis C history, and sexual and injection drug use history were obtained
for all participants via survey. Rapid HIV-1 testing using fingerstick samples was performed during the
interview sessions following an established Kenya national algorithm.* Detailed study procedures are

reported in the published study protocol.*

Laboratory procedures and sequencing

Blood samples were collected from all participants who tested positive for HIV and used to prepare dried
blood spots and plasma samples for viral load testing and sequencing. Plasma samples were shipped to the
Kwazulu-Natal Research Innovation and Sequencing Platform (KRISP) laboratory at the University of

KwaZulu-Natal, South Africa for Sanger sequencing or next generation sequencing (NGS).

For Sanger sequencing, PCR amplification was performed on the HIV-1 polymerase (pol) region using
Genotyping Kit Amplification Module (ThermoFisher Scientific). The HIV-1 Genotyping Kit Cycle Sequencing
Module (ThermoFisher Scientific) was used for cycle sequencing followed by purification (BigDye
Xterminator kit, ThermoFisher Scientific) and capillary electrophoresis using a 3730xI DNA Analyser (Applied

Biosystems).

For NGS, short overlapping amplicons spanning the full genome were generated using a tiling PCR
approach,® and consensus sequences were later trimmed to the pol region. All sequencing libraries were
prepared using the Nextera DNA Flex Library Prep kit with Nextera CD indexes (lllumina, San Diego) and
guantified using the Qubit dsDNA High Sensitivity assay kit on a Qubit fluorometer (Life Technologies,
Carslbad, CA). Sequencing was performed on an Illlumina MiSeq platform (Illumina).
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Sequence dataset and phylogenetic determination of clusters

Subtypes were determined using REGA HIV-1 v3.%¢ A total of 4058 previously published HIV-1 pol sequences
were available from Kenya,?* of which we incorporated 3587 into an alighment based on: year >2000 and
not from a person <15 years old (where known). SHARP and previously published sequences were annotated
as being from: PWID (people who had (ever) injected drugs), MSM, FSW, or not-KP (assumed not in a key
population). We excluded all NRTI and NNRTI mutations listed on the Stanford Drug Resistance Database®’
and performed multiple sequence alignment using fast Fourier transform (MAFFT) (defaults: 200PAM
scoring matrix, transitions-transversions ratio: 2, gap open penalty: 1.53, offset value: 0.123), implemented

in Geneious Prime v11.0.11.48-°0

A two-pronged approach (i.e., maximum likelihood (ML) and Bayesian inference) was used to construct
phylogenies for cluster analysis.’>*? For the ML approach, we used 1Q-Tree>*** and a maximum likelihood
calculator using a general time-reversable substitution model with gamma-distributed rate variation
(GTR+R(9)).5>°6 Cluster summaries were combined across HIV-1 subtype-specific maximum likelihood (ML)
trees (N tips: SHARP subtype Al: 196, published subtype Al: 2650; SHARP subtype C: 37, published subtype
C: 270; SHARP subtype D: 19, published subtype D: 436; total: 3432) and defined using maximum patristic
distances <0.015 and <0.045.%” We further implemented a Bayesian coalescent tree model using BEAST
(v1.10.4) under the assumption of constant population size with a strict clock and inferred under the GTR +
4 substitution model.3”°8 We calculated Markov chain Monte Carlo (MCMC) runs with a chain frequency of
250-500 million generations, logging every 50K iterations, and discarding the first 10% as chain burn-in.
Convergence was determined in Tracer V1.7.2 (defined as effective sample sizes (ESS) 2100 for most trait
rates) To estimate the dates of origin (time to most recent common ancestor; tMRCA) of clusters containing
sequences from a PWID, we separately generated a maximum clade credibility trees in BEAST, specifying an

uncorrelated relaxed clock.3”>°
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Ancestral state reconstruction

We performed ancestral state reconstruction using subsets of 2342 SHARP and previously published HIV-1
subtype Al, C, and D sequences from the coastal and Nairobi regions. We excluded from ancestral state
reconstruction, 43 HIV-1 subtype Al sequences (41 from PWID and 2 from non-KP) that formed a previously-
identified cluster,?* as this cluster is a substantial outlier in terms of size and we wanted to draw inference in

the larger PWID population.

For geographic ancestral state reconstruction, we considered two discrete states: Coastal region or Nairobi
county). For risk-group ancestral state reconstruction, we specified four discreet states: FSW, MSM, PWID,
and not-KP. The ML and Bayesian approach were used to perform three main ancestral state reconstruction
analyses, stratified by HIV-1 subtype. The first approach assessed regional transmission (coast and Nairobi)
among PWID recruited from the SHARP study (ML method only; uniform subsampling: 76 sequences each;
proportionate subsampling: 40 sequence from coast and 76 sequence from Nairobi). The second approach
assessed transmission between different population groups (74 sequence each from not-KP, FSW, MSM,
PWID). The third approach estimated transitions between PWID and not-PWID from the coast and Nairobi
regions (110 sequence each). As a secondary analysis to test agreement with prior studies, we assessed
regional transmission between the coast and Nairobi in the total population. Analyses were performed for

HIV-1 subtypes A1, C, and D where sample-size permitted.

For ML trees, sequences from other regions were incorporated as references but dropped prior to ancestral
state reconstruction, with further filtering of the tree to obtain proportionate (approach #1 only) or uniform
subsampling. For Bayesian analysis, because it is computationally intensive and because ancestral-state
reconstruction is conducted concurrently in the MCMC chain, alignments were filtered prior to tree
reconstruction to include only coast and Nairobi sequences and to achieve uniform subsampling of the trait

of interest.
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Ancestral state reconstruction was performed on ML trees using a marginal ML algorithm (Phanghorn
package, R), which calculates the likelihood of each state at each ancestor.5>®* We resolved ancestor states
to according to their likelihood, averaging over 20 resolutions. We also averaged transition counts across 10
subtrees for HIV-1 subtype Al (and 30 subtrees for the smaller HIV-1 subtypes C and D). We defined a state
transition when the trait of the descendant node differed from the state of its immediate ancestor on the
tree. P-values were calculated for the statistic: (transitions from state O to state 1)/(transitions from state 1
to state 0) for each pair of traits in order to assess the hypothesis that transitions were more common in one
direction. The non-parametric null distribution is based on 200 resamplings of the tree tip traits (X20
resolutions of ML ancestor states X10 subtrees). We also conducted secondary analyses of “terminal
transitions” (whether a transition event occurred on the terminal branch of the tree leading to an observed
sequence). We did this to investigate more recent trends and to remove address uncertainty that develops

for ancestral state reconstruction deeper in the tree, where states tend to converge near the tree root.

Bayesian ancestral state reconstruction was performed using an asymmetric continuous-time Markov chain
(CTMC) model, as it relaxes the assumption of constant diffusion rates through time to realistically model
phylogeographic processes.>®52 We used the PrioriTree Software to empirically derive a prior on the dispersal
rate for each discrete trait — using the first quantile of the parsimony score; this decreased the dependance
of the estimated dispersal rate on the prior.5¥¢* Well-supported movements and Bayes factors (BF) assessing
statistical support were summarized using SPREAD v0.9.6, (BF >3 was considered significant).®> A robust
counting approach implemented in BEAST was used to estimate the forward and reverse HIV-1 movement
events (Markov jumps) between locations and population group states along the branches of time-dated

phylogenetic trees.®” We averaged jump counts across 7-9 subtrees.

Unless otherwise stated, we report transition counts or Markov jumps as a percent of all branches and
indicate the null as the random probability of the transition event based on the frequency of the sampled

traits. For example, for four traits, there are 16 possible transition events (counting A->B and B->A as
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separate events) and each transition event has a null probability of 6.25%. Transitions or jumps are reported

in the text for the Al subtype.

Nucleotide sequence accession numbers

The HIV-1 sequence data collected as part of the parent study will be available in the GenBank repository
(accession numbers: 0Q299131-0Q299439) prior to publication. Prior published HIV-1 reference
sequences are a the subset of the following: AF457085, FI865384, HQ993685, HQ993707, HQ993955,
HQ993975, JN011936-JN011994, IN628466-IN630893, JQ410388-1Q410431, JQ616926-1Q698429,
JQ914101-JQ914103, JX123572-JX123678, KC018519-KC018954, KC517014, KC517047, KC568501-
KC568530, KC900525-KC900816, KF544155, KF544276-KF544282, KF716468-KF716477, KF781839-
KF781850, KJ395348, KJ502114-KJ502170, KM016220-KM016223, KM391677-KM391723, KM853096-
KM853149, KP071681-KP071727, KRO86420, KR138541-KR138543, KR872428-KR872543, KT213607-
KT213653, KU749431, KU753728-KU753792, KX505365, KY062096-KY062142, KY364286-KY364337,
MK192577-MK192628, MT084914-MT085067, OM109696-O0M110282. Study materials, code, and data
that support the findings of this study are available from the corresponding author (HK) on reasonable
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RESULTS

Study participants and HIV-1 sequence data

This study enrolled 1081 participants living with HIV, of whom 274 (25%) did not have viral suppression
(viral load >1,000 copies/ml). We were able to sequence 313 samples; we excluded 1 sequence for missing
epidemiological data, 2 for poor alignment, and 7 for >15% missing or ambiguous bases, leaving 303 HIV-

1 sequences.

Of the 303 participants with a sequence available, most (80%) were diagnosed prior to study enrolment,
with a median time since diagnosis of 4 years (Supplementary Table S1.1). The vast majority had ever
injected drugs (96%) and 81% had injected in the previous month, but recent needle-sharing was <10% in
both regions. While receiving money or goods for sex was more common among women in Nairobi,
participants on the Kenyan coast reported more sexual partners, on average. We did not ask about recent

sex work, but 53 female participants had received money or goods for sex and reporting >3 sex partners
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in the prior month. Participants from the coast were significantly more likely to report lack of

transportation as a barrier to accessing HIV care (53% vs 31%, P<0.001).

After incorporating previously published sequences, subtype Al, C, and D Sequences were available from
148 FSW, 300 MSM, 295 PWID, and 1598 not-KP individuals from the coast and Nairobi regions (Table 1.1).
Most HIV-1 sequences from FSW, MSM, and not-KP sequences were from the previously published
sequence dataset, while most PWID HIV-1 sequences were newly collected through this study. HIV-1

subtype distribution was similar between the coast and Nairobi regions (Supplementary Table S1.2).

Cluster analysis

Using a maximum patristic distance threshold of 0.045, there were 680 phylogenetic clusters (subtypes
A1, C, or D) containing at least 1 sequence from the coast or Nairobi region, and 120 (18%) of these clusters
also contained at least one sequence from a PWID (Table 1.2, and Supplementary Figure S1.2). The mean
estimated year of origin for clusters containing a PWID sequence was 2001 (IQR: 1995-2005) and the mean
estimated year of origin for PWID-exclusive clusters was 2010 (IQR: 2004-2017); however, the estimated

root age of the Al phylogeny was relatively low: 1955 (IQR: 1939-1968).

Overall, 142 (58%) of new (2018-2021) and 190 (63%) of all sequences from PWID fell into clusters with
other sequences. The previously identified cluster of 41 sequences from PWID in Mombasa represented
the largest cluster in our data (and the only cluster with >5 PWID sequences); the next-largest cluster
contained sequences from 13 individuals (Supplementary Figure S1.3). Sequences from PWID were not
more likely to cluster with any one other population or (apart from the previously identified large cluster)
with other PWID sequences. Sequences from PWID were found in 16% of all clusters containing at least 1
not-KP sequences, 12% of all clusters containing FSW sequences, and 14% of clusters containing MSM
sequences (Table 1.2, Supplementary Table 1.3). Despite most PWID sequences being collected through

partner referral within this single study, only 21% of clusters with PWID sequences contained another
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sequence from a PWID. Sequences from female PWID with transactional sex risk factors also did not cluster
substantially more with sequences from any one population nor did sequences from PWID who reported
sharing needles (Supplementary Table S1.4). Population-specific clustering was, however, much more

common when using the more stringent <0.015 distance threshold (Table 1.2, Supplementary Figure 51.2)

Transmission among PWID and other populations

After adjusting for population size via uniform subsampling, ancestral state reconstruction in the Al
subtype suggests while about half of transmissions occurred within populations (ML: 48.9%; Bayesian:
47.5%; null: 25%); however, there was no excess transmission within the PWID population (ML: 5.8%; null:
6.3%). Transitions to the PWID population were 1.5-times (ML) to 2.8-times (Bayesian) more common than
transitions from the PWID population (Table 1.3, Supplementary Table S1.7), with ML methods suggesting
most transmission to the PWID population came from the not-KP population (31, P<0.01) and Bayesian
methods estimating the highest number of jumps (37, BF=15.3) to PWID coming from FSW. Transitions

between PWID and MSM were rare in either direction.

Secondary analysis restricted transition counts to terminal branches (the branches leading to the observed
sequences on the tree using ML methods only) to assess more recent transmission trends. This revealed
similar patterns for population groups, with 2.20-times more transitions to PWID than from PWID to other

populations (Supplementary Table 51.8).

Regional transmission trends among PWID

Ancestral state reconstruction restricted to newly collected PWID sequences (Supplementary Table S1.5)
estimated substantial between-region transitions (31.8% of terminal branch transitions; null: 50%) and
similar rates of transitions in either direction (P=0.05), similar to the pattern of regional transitions
observed in the total population (Supplementary Table S1.6). To further investigate drivers of regional
transmission, we conducted a combined analysis looking at the relationship between the PWID and not-
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PWID populations by region (Figure 1.2, and Supplementary Table 1.57), which suggested that most
between-region transmission occurred within the not-PWID, rather than the PWID, population. In the not-
PWID population, ML methods suggested similar frequency in both directions for the (7.5% coast to
Nairobi vs 6.8% Nairobi to coast, P=0.20; null: 6.25% each), while Bayesian methods suggested
substantially greater transmission from the coast to Nairobi (16.9% vs 1.4% Nairobi to coast, BF>100)

(Figure 1.2, Supplementary Table S1.8).

Transitions were consistently (although not always significantly) more common from the not-PWID
populations to PWID populations (vs from PWID to not-PWID) both within and between both regions.
Specifically, within the coast, not-PWID to PWID transitions were 2 (ML, P<0.01) to 10-times (Bayesian, BF
=1.6) more common and for Nairobi they were 1.3 (ML, P=0.02) to 12-times (Bayesian, BF=0.5) more
common. Surprisingly, cross-region transitions between the not-PWID and PWID population were

estimated at similar rates as within-region transitions in both ML and Bayesian models.

DISCUSSION

We leveraged APS recruitment to collect sequences from 303 PWID living with HIV (and their sexual and
injecting partners) from coastal and Nairobi, Kenya, the regions with the highest estimated levels of
injection drug use in the country.?® Our analysis reveals that the PWID HIV-1 sub-epidemic is highly
connected to that in the not-KP and FSW populations and that these populations contribute a larger

fraction of HIV-1 transmission to PWID than vice versa.

Mechanisms of transmission among PWID

Our finding of few PWID-exclusive clusters provides the first molecular epidemiological supporting limited

parenteral transmission among PWID in recent years, in Kenya and in an African setting. Compared to
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earlier studies, and given that we recruited from sexual and injecting partner networks in recent years
(2018-2021), our study was better powered to resolve recent PWID HIV-1 transmission clusters involving
Kenyan PWID.* Nevertheless, the only cluster we identified containing >4 PWID sequences was a

previously described 41-sequence cluster in Mombasa.*6®

Our results show that the HIV epidemic among PWID is not self-sustained. Strategies to reduce parenteral
transmission between PWID, while effective, are alone, not sufficient to address high HIV-1 prevalence in
this population. Minimal excess clustering among sequences from PWID, the majority of whom were
diagnosed after the advent of NSPs, may reflect the effectiveness of these programs at preventing
parenteral HIV-1 transmission.?'?*> Epidemiological studies support this hypothesis, with studies conducted
in the coastal and/or Nairobi regions between 2010 and 2012 estimating that 28-55% of PWID shared
needles in the prior month (4-48% at last injection),®?%2*?° while studies conducted after 2015 estimated
a much lower prevalence of 2-5% per month (2-12% at last injection) within these regions.?%* Recent
modeling estimated that needle-syringe programs reduced HIV transmission among PWID in Kenya by 40-
46% in 2020.%° Nevertheless, prior research, pre- and post-introduction of needle syringe programs, shows
that HIV prevalence increases with number of years injecting.®?® Discerning the cause of this increasing

risk is critical to provide appropriate resources to this population.

To this end, PWID may also have greater risk factors for HIV acquisition through non-parenteral routes.?
A 2012 retrospective analysis showed, for example, that the prevalence of HIV among people who later
started injecting drugs (7% in Nairobi and 9% in coastal Kenya) was higher than among the general
population.® Epidemiological and network analyses support that PWID, particularly young PWID, are more
likely to engage in sexual behaviors associated with HIV acquisition and transmission and estimate that
most recent transmission among PWID is through sex.?3° That PWID likely face elevated risk of HIV
acquisition even (and possibly primarily from) non-parenteral routes also raises the possibility that any

elevated acquisition risk may be shared by people who use drugs (without injecting), a population that is
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often overlooked.*® It has been hypothesized that PWID may have greater HIV exposure through sex
because their sex partners (for example, other PWID) are more likely to live with HIV.>*° However, we
estimate that most transmission to PWID actually comes from the general population (and to a lesser-
extent, FSW), suggesting that strategies that only address transmission within the PWID population are

not sufficient.

Transmission among PWID and other populations

We found substantial mixing between HIV-1 sequences from PWID and not-PWID populations and a
general trend of greater transmission to (vs from) the PWID population. Prior research found most
sequence clusters (88.5%) were population-specific (using similar categories to ours) and that the majority
of between-population transmissions were from the general population to key populations (82.9%).2* In
contrast, we found relatively few PWID-specific clusters, but similarly calculated that transmission to PWID
populations from the larger (not-PWID) population was more common than from PWID populations to the

larger population.

While our results suggest greater need to address transmission between FSW and PWID, after accounting
for differences in the size of the population living with HIV, we conclude that most transmission into the
PWID population comes from the general population (interestingly, we found one prior epidemiological
models had entirely excluded this route of transmission from its considered parameters).!* More research
is needed to uncover primary modes and mechanisms of transmission between populations and to
understand transmission patterns for people who fit into multiple key populations. For example, many
women who inject drugs often report exchanging sex for goods, but they are not classified as sex workers

in this analysis and may not be reached by most services for female sex workers.®’

Acquisition risk and transmission risk are different.®® Our findings suggest that the disproportionately high

HIV prevalence among PWID may reflect greater risk of acquisition more so than greater risk of
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transmission. Nevertheless, as many risk factors of HIV acquisition are also risk factors for transmission,
our findings are somewhat surprising in-light of the high prevalence of HIV among PWID. Other
phylogenetic studies have also contradicted the previously common belief that populations with high
burdens of HIV are likely to be sources of cases in the larger population.?® For example, robust evidence
suggests that, despite an HIV prevalence of 40%, fishing villages are a sink, rather than sources, of HIV
cases in Uganda.?”° It’s important to note that estimates we present are relative to population size; as
PWID are a small minority (0.2-0.3% of the population of the coast and Nairobi, respectively), the

estimated absolute amount of transmission from PWID would be even lower than what we report here.

Regional transmission trends among PWID

We estimated that transmission between the coast and Nairobi regions was primarily driven by
transmission among the larger (not PWID) population and that regional transmission trends among PWID
likely reflect trends in the larger population, rather than the impacts of behaviors specific to PWID. We
were particularly interested in trends in coastal Kenya, where HIV prevalence in the general population is
lower than in Nairobi, but where rates of injection drug use (and the prevalence of HIV among PWID) is
higher.’® However, we estimated low rates of transmission from PWID to non-PWID even in the coastal
region. Between-region transmission is likely to continue to increase as the world becomes increasingly
more mobile, and changes in HIV prevalence in the coast or in Nairobi will impact not-PWID and PWID

populations in the other city.

Patterns of regional transmission in our data contrast a prior study that study showed most HIV
transmission is from West to East (and more from Nairobi to the coast).2* These differences in findings may
be due to different model assumptions or because we restricted sequences to two regions versus 8 regions
as was the case in the previous study — which was restricted to samplings from PWID from 2010. We also

estimated cross-region and within-region transitions between the not-PWID and PWID population at
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similar rates to within-region transitions, which is unlikely and may have resulted from low sampling
density within the relevant transmission networks. Among PWID, our 2 methods yielded different
estimates for the prevailing regional direction of transmission. Although HIV prevalence is estimated to be
higher for PWID on the coast, Kurth et al. estimated a higher annual HIV incidence in Nairobi (2.5%)
compared to the coast (1.6%, in the year 2012), which is consistent with the more frequent of within-

group transitions we observed for PWID in Nairobi versus PWID from the coast under ML methods.%*°

Strengths and Limitations

Despite this being the largest study to analyze the PWID HIV-1 sub-epidemic in the African setting, the
study has some limitations. High viral suppression rates led to lower sequencing success and lower
sampling density. While those with viral suppression are unlikely to transmit HIV, their sequences would
also have provided valuable information on older HIV-1 transmission networks and on HIV acquisition.
Another limitation is that outside of the SHARP study, key population descriptors are primarily based on
study enrollment criteria. This creates potential for misclassification, and we did not have data on whether

other individuals belonged to multiple key populations.

The sampling scheme used in this study has both advantages and disadvantages. The use of assisted
partner services in collaboration with community-embedded peer-educators allowed us to recruit
participants who might otherwise be difficult to reach. This approach may have helped address a common
problem in molecular epidemiology of over-sampling individuals with high healthcare engagement.
However, sequences from our study were almost entirely restricted to PWID and were collected more
recently than the sequences from FSW, MSM, and not-KP incorporated primarily from prior studies. While
this could create sampling bias, our results trended in the opposite direction that we’d expect from
selective sampling, with substantial mixing of PWID sequences with sequences collected from other

populations. Itis, nevertheless, possible that differences in sampling time biased estimates of the direction
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of transmission and could specifically explain why we estimated more transmission from FSW and not-KP

(the populations with the oldest sequences) to the other populations.

By assessing transmission dynamics with three approaches — cluster analysis and both maximum
likelihood and Bayesian ancestral state reconstruction — we were able to assess the robustness of our
findings to different model assumptions. Nevertheless, we were not able to resolve the difference in some
regional transmission trends we observed compared to prior research and were unable to include
sequences from other regions in our regional trends analysis, as no PWID sequences were available from

these regions.

CONCLUSION

In East Africa, the availability of injection drugs has increased drastically in the last 30 years, but despite
the disproportionately high prevalence of HIV among PWID, studies of HIV transmission rarely include this
population. Despite recruiting PWID through injecting partner networks, we found low levels of linked
transmission in this population. This suggests relatively low rates of recent parenteral transmission and
supports the value of needle-syringe programs. Because the epidemics among PWID and the general
population are inter-related, interventions within the larger population, where we also observed the most
transmission between regions, may have carry-over benefits for reducing HIV prevalence among PWID.
HIV harm reduction services for this population must address risk factors for acquisition and transmission
beyond injection drug use. There is also a need to better understand the environment within which
transmission from the not-PWID population to the PWID population occurs. Lastly, feedback from people
belonging to multiple key populations (particularly FSW who also inject drugs) is needed to understand if

they experience unique acquisition/transmission risk factors.
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TABLES AND FIGURES

Demographics and sequence data summary

Table 1.1. Participant demographics and distribution of new (from SHARP study) and previously
published Kenyan HIV-1 pol sequences by population. Abbreviations: FSW: female sex workers, MSM:
men who have sex with men, PWID: people who injects drugs, not-KP: not key population. See
Supplementary Table S1.2 for demographic distributions by region.

FSW (N=207) MSM (N=376)  PWID (N=341) not-KP (N=2966) Total (N=3890)

Source

published 206 (99.5%) 368 (97.9%) 58 (17.0%)* 2955 (99.6%) 3587 (92.2%)

SHARP 1(0.5%) 8 (2.1%)** 283 (83.0%) 11 (0.4%) 303 (7.8%)
Sampling year

2001-2015 178 (86.0%) 144 (38.3%) 58 (17.0%) 2709 (91.3%) 3089 (79.4%)

2015+ 29 (14.0%) 232 (61.7%) 283 (83.0%) 257 (8.7%) 801 (20.6%)
Region

Central 0 (0.0%) 0 (0.0%) 0 (0.0%) 44 (1.5%) 44 (1.1%)

Coast 110 (53.1%) 178 (47.3%) 171 (50.1%) 700 (23.6%) 1159 (29.8%)

Eastern 0 (0.0%) 0 (0.0%) 0 (0.0%) 6 (0.2%) 6 (0.2%)

Nairobi 82 (39.6%) 141 (37.5%) 170 (49.9%) 1114 (37.6%) 1507 (38.7%)

Nyanza 14 (6.8%) 57 (15.2%) 0 (0.0%) 501 (16.9%) 572 (14.7%)

Rift Valley 1(0.5%) 0 (0.0%) 0 (0.0%) 497 (16.8%) 498 (12.8%)

Western 0 (0.0%) 0 (0.0%) 0 (0.0%) 104 (3.5%) 104 (2.7%)
HIV subtype

N-Miss 0 2 11 1 14

G 0 (0.0%) 0 (0.0%) 0 (0.0%) 1 (0.0%) 1 (0.0%)

Al 122 (58.9%) 276 (73.8%) 243 (73.6%) 2040 (68.8%) 2681 (69.2%)

A2 0 (0.0%) 0 (0.0%) 9 (2.7%) 2 (0.1%) 11 (0.3%)

B 0 (0.0%) 0 (0.0%) 0 (0.0%) 1(0.0%) 1(0.0%)

C 20 (9.7%) 33 (8.8%) 36 (10.9%) 213 (7.2%) 302 (7.9%)

D 21 (10.1%) 48 (12.8%) 17 (5.2%) 363 (12.2%) 449 (11.6%)

G 2 (1.0%) 1(0.3%) 3(0.9%) 17 (0.6%) 23 (0.6%)

recombinant 42 (20.3%) 16 (4.3%) 22 (6.7%) 328 (11.1%) 408 (10.6%)
Sex

N-Miss 0 2 58 2253 2313

Female 207 (100.0%) 0 (0.0%) 152 (53.7%) 491 (68.9%) 850 (53.9%)

Male 0 (0.0%) 374 (100.0%) 131 (46.3%) 222 (31.1%) 727 (46.1%)

*41/58 published sequences were part of a large, previously identified cluster and these were included in cluster
analysis but excluded from discrete trait analysis.

**7/8 MSM were also PWID. Sequences from these MSM individuals were counted as MSM sequences in discrete
trait analysis
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Figure 1.1. Phylogenies of HIV-1 subtype Al sequences, with sequences from PWID highlighted. A)
Sequences are colored by population. B) Sequences are colored by region. Abbreviations: FSW: female
sex workers, MSM: men who have sex with men, PWID: people who injects drugs, not-KP: not key
population.



Table 1.2. HIV-1 sequences from other populations in clusters with HIV-1 sequences from PWID.
Clusters containing at least 1 sequence from the coast or Nairobi are included. Percents are based on the
total number of clusters that contain at least 1 sequence from the given population (see Supplementary
Table S1.3 for comprehensive cluster counts). Custers are based on 0.045 or 0.015 maximum genetic
distance threshold on maximum likelihood trees and combined across subtypes A1, C, and D.
Abbreviations: FSW: female sex workers, MSM: men who have sex with men, PWID: people who injects
drugs, not-KP: not key population.

Clusters containing sequences from PWID

Patristic Distance < 4.5 (N = 120) Patristic Distance < 1.5 (N = 15)
In cluster with Count* In cluster with Count*
not-KP 95 (16.9%) not-KP 3(1.8%)
FSW 10 (12.2%) FSW 0
MSM 16 (13.9%) MSM 2 (4.5%)
PWID (ie. clusters with 22 PWID 25 (20.8%) PWID (ie. clusters with >2 12 (80.0%)
sequences) PWID sequences)

*Clusters containing >2 population groups are represented more than once
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Table 1.3. Transitions between population groups using maximum likelihood and Bayesian tree-
building and ancestral state reconstruction methods. ML trees are down-sampled to have equal
numbers of sequences from each group, and counts are averaged across subtrees (10 for subtype Al and
30 for subtypes C and D) and 20 resolutions of ancestor states. For Bayesian analyses, counts are

averaged across the 1000 highest posterior probability trees for 7 subtrees. P-values test for

disproportionate transitions in either direction, resampling traits on the tree tips 200 times to derive the
null distribution. Support for Markov jumps is assessed via Bayes factor (BF). Supplementary Table 5S1.8

presents a summary of transition counts limited to terminal branches.

SEQUENCE COUNTS

N (% OF TOTAL SEQUENCES)

TRANSITIONS / JUMPS: FULL TREE
N (% OF TOTAL BRANCHES)*

Significance / Support

SUBTYPE Total Group 0 Group 1 0->1 1->0
MAXIMUM LIKELIHOOD Directional P value
(2-tailed)*
All between group transitions
all 296 (100%) 293 of 584 total branches (50.2%)
Al 232 (100%) 236 of 462 total branches (51.1%)
C 28 (100%) 28 of 53 total branches (52.8%)
D 36 (100%) 29 of 69 total branches (42.0%)
FSW PWID FSW ->PWID PWID -> FSW FSW -> PWID
all 148 (50%) 74 (25%) 74 (25%) 26 (10-43) (5.4%) 19 (12-21) (3.3%)
Al 116 (50%) 58 (25%) 58 (25%) 23 (14-37) (5.0%) 15 (10-22) (3.2%) <0.01
C 14 (50%) 7 (25%) 7 (25%) 2 (0-4) (2.8%) 2(1-4) (4.1%) 0.01
D 18 (50%) 9 (25%) 9 (25%) 1(0-2) (0.9%) 2(1-3) (2.6%) <0.01
MSM PWID MSM -> PWID PWID -> MSM PWID -> MSM
all 148 (50%) 74 (25%) 74 (25%) 16 (5-26) (2.7%) 18 (9-26) (3.1%)
Al 116 (50%) 58 (25%) 58 (25%) 11 (5-14) (2.3%) 10 (6-14) (2.1%) 0.53
C 14 (50%) 7 (25%) 7 (25%) 1(1-4) (2.7%) 3 (2-4) (4.8%) <0.01
D 18 (50%) 9 (25%) 9 (25%) 1 (0-5) (2.0%) 4 (1-6) (5.2%) <0.01
not-KP PWID not-KP -> PWID PWID -> not-KP not-KP -> PWID
all (584) 148 (50%) 74 (25%) 74 (25%) 35 (22-54) (6.0%) 24 (16-33) (4.1%)
Al (462) 116 (50%) 58 (25%) 58 (25%) 31 (21-44) (6.8%) 17 (12-22) (3.1%) <0.01
C(53) 14 (50%) 7 (25%) 7 (25%) 4(0-7) (7.3%) 4 (2-6) (7.1%) 0.08
D (69) 18 (50%) 9 (25%) 9 (25%) 3 (0-6) (4.7%) 4 (2-7) (6.1%) 0.01
TOTAL not-PWID PWID not-PWID -> PWID PWID -> not-PWID
all 295 (100%) 222 (75%) 74 (25%) 77 (37-114) (13.2%) 61 (37-80) (10.4%)
Al 232 (100%) 174 (75%) 58 (25%) 65 (40-95) (14.1%) 42 (28-48) (8.4%)
C 27 (100%) 21 (75%) 7 (25%) 7 (1-15) (12.8%) 9 (5-14) (16.0%)
D 36 (100%) 27 (75%) 9 (25%) 5 (0-13) (7.6%) 10 (4-16) (13.9%)
BAYESIAN Bayes Factor
All between group transitions
Al 232 (100%) 243 of 462 total branches (52.5%)
FSW PWID FSW -> PWID PWID -> FSW FSW -> PWID ->
PWID FSW
Al 116 (50%) 58 (25%) 58 (25%) 37 (27-47) (8.1%) 9 (5-17) (1.9%) 15.3 1.5
MSM PWID MSM -> PWID PWID -> MSM MSM -> PWID ->
PWID MSM
Al 116 (50%) 58 (25%) 58 (25%) 3 (2-6) (0.6%) 8 (5-12) (1.6%) 2.9 1.3
not-KP PWID not-KP -> PWID PWID -> not-KP not-KP-> PWID ->
PWID not-KP
Al 116 (50%) 58 (25%) 58 (25%) 24 (12-35) (5.2%) 7 (3-17) (1.5%) 10.6 1.2
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TOTAL hot-PWID PWID hot-PWID -> PWID PWID -> not-PWID not- PWID ->
PWID->  not-PWID
PWID

Al | 232(100%) 174 (75%) 58 (25%) 65 (58-78) (14.1%) 23 (17-40) (5.0%)

* P-values test for disproportionate transitions in either direction based on the statistic: transitions from
state O to state 1)/(transitions from state 1 to state 0. The null distribution is generated from randomly
resampling traits on the tree tips 200 times.
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Figure 1.2. HIV-1 A1 transitions / Markov jumps between PWID and not-PWID populations from the
coast and Nairobi. For the not-PWID population, not-KP, FSW, and MSM sequences are sampled
proportionate to the estimated number of HIV cases in each population in the given region, with the
majority of sequences coming from the not-KP population. Results are reported under maximum
likelihood (A) and Bayesian (B) models. P-values test for disproportionate transitions in either direction,
resampling traits on the tree tips 200 times to derive the null distribution. For Bayesian models, Bayes
factor (BF) >3 indicates strong support for Markov jumps in the given direction. Greyscale reflects the
estimated amount of transmission in each direction. Data is presented in table format in Supplementary

Table S1.7.
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CHAPTER 2: Using HIV and Hepatitis C Molecular Epidemiology to Investigate Assisted-Partner

Services Recruitment Among People Who Inject Drugs in Kenya

ABSTRACT

Background

Sexual and/or injecting partners of people who inject drugs (PWID) may have elevated risk of HIV infection
either from sharing a transmission network or an epidemiological environment. Because viruses from
individuals within a transmission network usually have greater similarity, we compared HIV and hepatitis C
(HCV) sequences from PWID and their partners to assess whether partner-based recruitment identifies

sexual or injecting partners within transmission networks.

Methods

We used assisted partner services (APS) to recruit sexual and injecting partners of PWID living with HIV in
Kenya and evaluated trends in the TN93 distances (an adjusted measure of sequence similarity) of the HIV-

1 and HCV sequences from partner pairs.

Results

Of 135 unique pairs identified with APS, we found 2 sexual, 2 injecting, and 3 sexual and injecting partner
pairs with similar HIV sequences (TN93 distance<0.045), and 4 unique partner pairs had HCV sequences with
distances <0.015. Sexual, but not injecting, partner pairs had HIV sequences with significantly smaller
molecular distances than non-partners; injecting partner pairs did have significantly smaller HCV-4a

molecular distances than non-partners.

Conclusion
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APS recruitment partly reflects the HIV transmission network among sexual, but not injecting, partners of
PWID. The relationship between the injecting partner recruitment and molecular networks is stronger for
HCV than HIV and may reflect recent parenteral HCV transmission. Our results show the importance of
continued focus on reducing sexual transmission among PWID and on education and services to address

HCV transmission through needle and/or equipment-sharing.
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INTRODUCTION

The prevalence of HIV among people who inject drugs (PWID) in Kenya is estimated at 15-18%, similar to
global estimates among PWID, and ~4-times higher than among the general Kenyan population.81%%9
Estimates of hepatitis C (HCV) prevalence in this population are even higher, at 13-61%, compared to ~0.9%
in the general population).1®92870 H|V testing and antiretroviral therapy (ART) have become more accessible
for PWID in Kenya, and highly effective direct-acting antivirals for HCV were introduced in 2021.%° Coupled
with methadone treatment and community-based interventions, these advancements could drastically

reduce disease prevalences; however, this requires reaching individuals who face a number of barriers to

accessing testing and care.!”1®

The World Health Organization recognizes assisted partner services (APS), in which people living with HIV
provide contact information for their sexual and/or injecting partners, as a safe and effective tool to identify
individuals who may not be aware of their HIV status or optimally engaged in care, including among hard-
to-reach populations like PWID.2? APS has previously been linked to increased HIV testing, diagnosis, and

enrollment in care among partners of people living with HIV in Kenya.>®

There are several motivations for identifying sexual and injecting partners of people living with HIV. Partners
may have been directly exposed to HIV, or other infectious diseases, through sexual contact or needle- or
equipment-sharing with the index who named them (or, inversely, have transmitted to that index). They may
share a transmission network with the index who named them (such as having sexual or injecting partners
in common). Alternatively, partners may share demographic or socio-behavioral factors associated with

higher likelihood of living with HIV or HCV, even if they were not exposed through a close network.

Viruses that share a more recent ancestral infection usually have greater sequence similarity. By comparing
a network based on pathogen sequence similarity to the APS recruitment network, we can gage the relative

closeness of partner pairs within an HIV transmission network and investigate transmission dynamics in this
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population. Specifically, the extent to which APS recruitment networks overlap with the underlying
transmission network can suggest drivers of transmission, clarify when and how APS will be most effective,
and asses the utility of molecular epidemiology approaches to supplement APS-focused activities. This study
expands on existing literature comparing social networks with pathogen molecular networks by assessing
differences between sexual vs injecting partners in an under-studied population (PWID) and setting (sub-

Saharan Africa).

METHODS

Study population and enrollment

In this prospective cohort study, we recruited PWID living with HIV from 2018 to 2021 and used APS to
identify, test, and link-to-care their sexual and injecting partners. Index participants were recruited from
needle-syringe programs and methadone clinics in Nairobi (central Kenya) and Kilifi and Mombasa counties
(coastal region). Index participants were eligible if 218 years old, injected at least once in the past year, tested
positive for HIV, not at high risk of intimate partner violence, and provided locator information for at least
one sexual (vaginal, anal, or oral intercourse) or injecting (regardless of needle sharing) partner from the last

3 years.

Partners (218 years old) were contacted via peer educators embedded in the community under the guidance
of study health advisors. The identity of naming indexes was not disclosed to partners, although some
indexes voluntarily notified injecting partners who were difficult to contact. Individuals could enroll multiple
times as partners of different indexes, and partners fitting index eligibility criteria were also invited to enroll

as indexes.
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Socio-demographic data, HIV and HCV history, and sexual and drug use history were obtained for all
participants via questionnaire. Rapid HIV testing using fingerstick samples was conducted following the
Kenya national algorithm,* and HCV antibody testing was performed using the Abbott SD Bioline rapid one-
step HCV testing kit (Abbott Pharmaceuticals).”* Detailed study procedures are reported in the study

protocol.?

Laboratory procedures and sequencing

Blood samples were collected from all participants who tested positive for HIV and/or HCV and used to
prepare dried blood spots and plasma samples for viral load testing and sequencing. Plasma samples were
shipped to the Kwazulu-Natal Research Innovation and Sequencing Platform (KRISP) laboratory at the
University of KwaZulu-Natal, South Africa for Sanger sequencing (some HIV samples) or next generation

sequencing (NGS) (HIV and HCV).

For HIV sequencing using Sanger, PCR amplification was performed on the HIV-1 pol region using Genotyping
Kit Amplification Module (ThermoFisher Scientific). The HIV-1 Genotyping Kit Cycle Sequencing Module
(ThermoFisher Scientific) was used for cycle sequencing followed by purification (BigDye Xterminator kit,

ThermoFisher Scientific) and capillary electrophoresis using a 3730xlI DNA Analyser (Applied Biosystems).

For HIV sequencing using NGS, short overlapping amplicons spanning the genome were generated using a
tiling PCR approach,* and consensus sequences were later trimmed to the pol region. For HCV NGS, the
NS5B region was targeted. All sequencing libraries were prepared using the Nextera DNA Flex Library Prep
kit with Nextera CD indexes (lllumina, San Diego) and quantified using the Qubit dsDNA High Sensitivity assay
kit on a Qubit fluorometer (Life Technologies, Carslbad, CA). Sequencing was performed on an lllumina

MiSeq platform (lllumina).

Distances
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We used Geneious Prime V11.0.18* for HIV and HCV sequence quality check and alignment via the MAFFT
algorithm (default parameters).*>>° For HIV, we trimmed sequences to a 966 bp region within pol, with near-
complete sequence coverage, and excluded all codons associated with resistance to nucleoside and non-
nucleoside reverse transcriptase inhibitors (NRTI’s and NNRTI’s).*” For HCV, we separately alighed HCV-1a
and HCV-4a subtypes and trimmed to the ~1,690 bp NS5B region. Average sequence coverage was 63% for
the 4a alignment and 80% for 1a. Pairwise distances were calculated using the pairwise Tamura-Nei 93 model
(TN93), which is a closed-form measure of sequence similarity that allows for 3 substitution rates (2 different
transition rates and a transversion rate) and unequal base frequencies.”>”3 Due to incomplete coverage for
some HCV sequences, we excluded all pairwise comparisons (partners and controls) between sequences
with <300 overlapping bases. For topographical inference and secondary molecular distance-based analyses,
we generated maximum likelihood trees (GTR+R+R9; IQ-Tree V1.6.12;).5*>° For HIV, we also incorporated

952 previously published regional reference pol sequences from 2010-2018.

Data Analysis

For all participants living with HIV and for the subset of participants included within partner pairs in this
analysis, we summarized baseline demographic, clinical, and socio-behavioral characteristics with
hypothesized relevancy to transmission trends. Participants were included in the primary partner-pair
analysis for HIV or HCV if a sequence was available for them and at least one of their sexual or injecting
partners. For illustration, say participant A was named as a partner of indexes B and C then also enrolled as
an index, naming B and D as partners. If A, B, and D had available HIV sequences, participant A’s sequence
would be represented in three total partner pairs (Ai-Bp, Bi-Ap, and Ai-Dp) and two “unique partner pairs” (A-

B and A-D).

First, we assessed the number of unique partner pairs with HIV sequences in shared clusters, based on

complete linkage and a TN93 distance threshold of 0.045 (commonly used to define transmission networks)
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or 0.015 (a threshold consistent with recent outbreaks or possible direct transmission).¥727% To assess the
statistical strength of index-partner sequence similarity, we generated a control set for each index — all
possible pairwise comparisons between the index sequence and participant sequences from the same
region, excluding other partners of that index. We described the number and percent of index-partner pairs
below various distance thresholds for 8 groups: all named partner pairs, only sexual partner pairs, only
injecting partner pairs, and the subset of injecting pairs who reported sharing needles or injecting equipment
with each other, as well as for the control set for each group. We also calculated the percent of control pairs
with higher distances (greater dissimilarity) than true pairs and generated a p value from the distribution of
this metric using a 2-tailed non-parametric test with 2,000 resamples of the named-partner in the pair. We
performed a similar analysis for partner pairs sharing an HCV sequence but did not stratify by partner type
due to low sample size. Because the HCV phylogeny was so substantially differentiated by subtype, we

stratified by subtype in HCV analyses.

Finally, to understand how various index-partner characteristics relate to the molecular and possible
transmission network, we tested the association between index-partner-pair characteristics and binary
measures of HIV molecular distance using logistic regression, controlling for region, to get an adjusted odds

ratio (aOR).

Ethics Approval and Participant Consent

This study followed ethical guidelines of the University of Washington and Kenyatta National Hospital. Ethical
approval was provided by the Institutional Review Board at the University of Washington (STUDY00001536)
and the Ethical Review Committee at Kenyatta National Hospital/University of Nairobi (P265/05/2017). All

the participants in this study provided informed consent to participate and have their data published.
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RESULTS

Participant Characteristics — HIV analysis

Sequences were available from 28.0% of participants living with HIV. Of 5536 index-partner pairs
identified in the data, 1180 consisted of an index and partner both living with HIV, and we were able to
obtain HIV sequences from both participants in 150 (12.6%) of such pairs (135 unique pairs) (Figure 2.1,
Supplementary Figure S2.1). As some individuals are represented in multiple pairs, this data represents
151 unique participants. The majority were only injecting partners (N=116), of which 13 reported having

shared needles with each other; all 18 sexual partner pairs were male female.

Most participants in this analysis had a previous HIV diagnosis (76.8%), with a 3.5-year median time-since-
diagnosis. Because HIV sequencing success depends on viral load, viral non-suppression was common
(82.5%), and ART use was lower (55.0%) than among the larger study population. Almost all had previously
injected drugs (99.4%), with a median start time 4.5 years before enrollment; 5.3% shared needles and
11.3% shared equipment in the last month. Participants reported a median of 1 sexual partner in the last
3 months, but several participants had substantially higher numbers of sex partners; 85% of female

participants and 38% of male participants had been paid for sex (Table 2.1).

Comparing recruitment and HIV molecular networks

Analysis of HIV sequence distances by partner type showed the recruitment network for sexual partners
is related to the molecular HIV network. Among 303 total HIV sequences, we identified 39 clusters using
a maximum TN93 distance of 0.045 (mean cluster size: 2.23, range: 2-4) and 15 within 0.015 (all size 2).
Of the 135 unique named partner pairs in our data, 7 (5.2%; 2 sexual, 2 injecting, and 3 both sexual and
injecting) fell within clusters at threshold 0.045, representing 16.7%, 1.8%, and 21.4% percent of sexual,
injecting, and both sexual and injecting partner pairs, respectively. Four unique pairs (1 sexual and 3 both
sexual and injecting) fell within clusters at threshold 0.015. Although the majority of named partner pairs
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did not fall within clusters, they were over-represented (compared to controls) among the closest
distances across all partner types (Table 2.2). Except for one injecting pair, pairs in clusters (threshold:
0.045) were also nearest neighbors on a phylogenetic tree that included 952 regional reference

sequences (Supplementary Figure S2.1).

Low clustering is not surprising in this dataset because of low sampling density and because we did not
restrict analyses to recent diagnoses. For this reason, and to avoid confusion from non-standardized
cluster definitions, we also evaluated trends across a distribution of sequence distances, with a control
set for comparison. Only distances for sexual partner pairs were significantly closer (p=0.016), on
average, than control pairs (Table 2.2, Supplementary Figure S2.2; analysis reproduced using molecular

distances in Supplementary Table S2.1).

Associations between index-partner pair characteristics and HIV TN93 distance

Although sexual partners had lower molecular distances than injecting partners, this difference was not
significant at TN93 cut-off of 0.10 (OR: 2.63; 95% Cl: 0.91-8.77) (Table 2.3, Supplementary Figure 2.3A).
Low distances were significantly more common in partner pairs where neither partner was virally
suppressed (OR: 2.46; 95% Cl: 1.21-5.13) and those with more recent diagnoses, a proxy for time-since
infection (ORavg. years since diagnosis: 0.90; 95% Cl: 0.81-1.00) (Table 3, Supplementary Figure S2.3B&C). As a
secondary analysis to explore the possibility of confounding by time-since-infection, we determined that
partner pair type is not associated with average time-since diagnosis (avg. years) (OR: 1.02, 95% ClI: 0.87-

1.17) or difference in diagnosis times (years) (OR: 0.98, 95% Cl: 0.84-1.12).

Comparing recruitment network and HCV molecular networks

Sequences were available for 35.5% of participants living with HCV (64 HCV-1a and 84 HCV-4a
sequences), and there were 42 partner pairs where an HCV sequence was available from both partners.

Due to high divergence by HCV subtype, we stratified our analysis by subtype, which left 22 (20 unique)
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subtype-matched partner pairs (18 4a and 4 1a), representing 28 unique individuals (Supplementary
Figure S2.4&S2.5). All 22 partner pairs were identified from the coastal region, 20 were only injecting
pairs and 2 (1 unique) were a sexual and injecting pair. None of the 28 participants reported HCV

diagnoses before enroliment.

Despite a small sample size, there was evidence of excess similarity among the HCV subtype 4a
sequences for the partner pairs (mean distance=0.021, mean distance for injecting-only pairs=0.023),
compared to controls (mean distance: 0.029; P=0.008). This trend did not reproduce among the small
(N=4) HCV 1a subtype dataset (Table 2.4; analysis reproduced using molecular distances in
Supplementary Table S2.3). For partner pairs where at least one partner reported sharing injecting
needles in the last month (N=6), the mean HCV sequence distance (0.024) was slightly smaller than for
partners where neither shared injecting needles (0.027) (N=16). The only pair where both reported
sharing needles in the last month had the most similar HCV sequences (TN93=0.004), but the only pair
that reported sharing needles with each other had the least similar sequences (TN93=0.07). Only 2 pairs

were nearest neighbors on the HCV phylogeny (Supplementary Figure S2.5).

DISCUSSION

This study investigated the relationship between index-partner pairs and the HIV and HCV molecular
network to test whether APS can find individuals in shared networks relating to sexual and/or injecting
modes of transmission. Among 135 unique partner pairs in Kenya recruited using APS, we found 7 partner
pairs where HIV molecular evidence (based on TN93 sequence distance and phylogenetic topological
adjacency) supports a shared semi-recent transmission network. Overall, we found excess similarity among
HIV sequences from sexual but not injecting partner pairs. However, there was slight excess similarity among

some HCV subtype 4a sequences from injecting partners.
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Sequence similarity among HIV sequences from sexual partners is consistent with prior research and
shows that molecular HIV analyses can reveal information about sexual transmission networks even
when most infections occurred multiple years before enrollment.””””” More than half of participants in
this analysis reported being paid for sex, which has been associated with HIV prevalence in other
studies.”® Although transactional sex was not associated with HIV sequence distance in this analysis, we
believe it’s important that HIV prevention and harm-reduction services for PWID also consider those

who may exchange sex for drug but who are not reached by traditional services available to sex workers.

Our results suggest that few participants who injected together fell within shared HIV transmission
networks. This finding corroborates a prior study in Canada that found several HIV clusters indicative of
recent transmissions among PWID, but showed recruitment networks had little to no link with these
molecular networks.” Two prior studies that did find some molecular link among HIV sequences from
PWID and their social contacts, recruited only indexes with recent infections, whereas most individuals in

our study were previously diagnosed.”>#

Lack of sequence similarity among HIV sequences from injecting partners could suggest reduced recent
parenteral HIV transmission in Nairobi and coastal Kenya; however, our findings cannot decipher the extent
to which parenteral transmission among PWID was a historic driver of the high HIV prevalence in this
population. Prior research in this dataset showed an age-independent association between a longer history
of injecting drugs and both HIV and HCV infection.?® It is possible that a participant’s injecting partners at
the time they acquired HIV do belong to a shared transmission network but differ from the partners they
named at enrollment, preventing us identifying this link. Our analysis may also be under-powered to detect
excess sequence similarity associated with older HIV transmission events.?5748182 | ower sequence similarity

among sequences from partners who shared needles or equipment was surprising and not easily explained,
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but supports that APS in this setting did not readily identify individuals who contracted HIV parenterally

through a partner.

We found evidence that injecting partner pairs from coastal Kenya have significantly more similar HCV
sequences than control pairs in the HCV-4a subtype strata, although the result is in a small sample, and
about 41% of partner pairs had HCV sequences with different subtypes, indicating no close molecular link.
This result may indicate that APS identified some pairs connected through parenteral HCV transmission
networks (although the possibility of sexual transmission through unsampled partners cannot be excluded).
HCV is more readily transmitted through needle-sharing than HIV, so the stronger connection between the
HCV network and injecting network is not surprising and emphasizes the importance of needle-syringe
programs for reducing incidence of diseases beyond HIV.2%7° The distribution of distances we observed for
HCV are quite small; however, subtype differences, low sample size, and lack of subtype-matched references
limits comparability to distance thresholds used in other analyses to define outbreaks or close transmission

networks.%

Prior research comparing HCV molecular networks with recruitment networks is minimal and draws mixed
conclusions. Our result agree with a study in Australia that found PWID who injected together were more
likely to have HCV sequences within the same cluster;® however, two other prior studies found minimal

overlap between HCV molecular networks and social recruitment networks among PWID."?#>

Our findings should be placed in the broader context of what we know about needle-sharing behaviors
in this population. Prior research suggests that needle sharing rates dropped among the PWID after the

914,21,23,28.29 participants in this study reported lower rates

2013 introduction of needle-syringe programs.
of needle-sharing than in prior studies in similar populations, but 11% reported sharing other injecting

equipment, which has been previously associated with HIV and HCV infection.®®®” Data on the longer-
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term history of needle-sharing in this population could clarify how needle-syringe programs may have

impacted HIV and HCV parenteral transmission patterns over time.

In addition to inference about modes of transmission, this analysis has implications for how we understand
the function of APS in this population. Previous research shows APS is an effective tool to identify individuals
living with HIV and connect them to care,** and many partners of PWID identified through APS also live with
untreated HCV.®” These results suggest that APS can identify individuals who belong to shared sexual
transmission networks with PWID living with HIV (with direct transmission being plausible in a few cases).
But APS for injecting partners may be better placed to identify individuals with shared environmental risk
factors, such as a history of injection drug use, than as a method of contact tracing for recent transmission.
It is possible that APS functions more like contact tracing (finding individuals exposed through a partner)
when used among newly diagnosed individuals. Although APS is less commonly used with HCV, we found
that APS for HIV was also effective at finding some partners within shared HCV transmission networks. Our
results have implications for communicating information about risk and exposure to partners identified

through APS and tailoring future recruitment designs to efficiently reach individuals with the highest need.

Our study has limitations. Sequencing success is biased towards higher viral loads, which reduces sample
size and limits generalizability; historical transmission patterns may be quite different for PWID and their
partners who were virally suppressed at baseline. We were unable to consider sequences relevant to this
network from individuals outside the target population. We were unable to distinguish between
differences in sequence distances driven by distance within a transmission network vs driven by time-
since infection, although we confirmed that average time-since diagnosis or difference in partners’
diagnosis times is unlikely to explain the molecular distance differences that we observed between
sexual vs injecting partners. Finally, inference about modes of transmission is also sensitive to other

sources of confounding linked to sampling or to the likelihood of viral suppression.
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CONCLUSION

Many APS-identified sexual pairs belong to a broad HIV transmission network and some partners belong
to a more recent transmission network. HIV transmission among non-sexual partners who inject
together is either sufficiently rare or occurred too long ago to detect in the molecular HIV data; however,
evidence supports some parenteral HCV transmission in this population. We suggest that future research
works to quantify the contribution of needle sharing to current HIV and HCV transmission and that
future recruitment and intervention approaches are cognizant of the role that sexual transmission

continues to play in this population.
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TABLES AND FIGURES

A) By number of participants:

) ) )
( )
56 Indexes
151 (14.0%
1081 303 (28.0%) ( )
. . . . With at least 1 partner with an available 52 Partners
Participants living With available HIV HIV sequence
with HIV sequence . o o .
(unique individuals in this analysis) 43 Indexes and
partners
— . . J/ —
B) By number of pairs:
) 4 N\ 4 N\ 4 N\
150 (2.7%) 18 (12 unique) Sexual
5563 ) Both individuals have an available HIV
) 1188 (21'4A) sequence (partner pairs included in this 116 (109 unique)
Index-partner pairs Index-partner pairs analysis) Injecting
(NOFZ son;e where both e All indexes and their partners are from (13 needle-sharing)
participants individuals tested same region
represented in >1 positive for HIV ) .
pair) 30 pairs (15 sets) are non-unique (same 16 (14 unique) Sexual
individuals but index-partner, partner- di que)
index is reversed) and injecting
\ ) \ J . J U Y,

Figure 2.1 Cascades of participant and partner pair counts for HIV analysis A) Counts of participants,
culminating in the number of unique participants included in the HIV analysis and stratified by enrollment
type. B) Counts of named partner pairs, culminating in the number of pairs included in the HIV analysis
and stratified by pair type. Some individuals are represented in multiple partner pairs, but counts of unique
partner pairs are also provided.
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Table 1.1. Characteristics for all participants living with HIV and for the 151 participants included in this
analysis: those with an available HIV sequence and at least one partner with an available HIV sequence.

Included in partner-pair

All participants living with

phylogenetic analysis HIV
(N=151) (N=1081)
Enrolment?
Only index 56 (37.1%) 487 (45.1%)
Index and partner 43 (28.5%) 502 (46.4%)
Only partner 52 (34.4%) 92 (8.5%)
Times included (this analysis) or named (total
dataset) as a partner (excludes indexes who were
never enrolled as partners)
Mean (SD) 1.6 (1.3) 2.0(1.7)
Median (Q1, Q3) 1(1,2) 2(1,2)
Partner type (partners only)
Injecting 71 (74.7%) -
Sexual 18 (18.9%) -
Sexual & Injecting 6 (6.3%) -
Female 85 (56.3%) 546 (50.5%)
Previously tested positive for HIV 116 (76.8%) 934 (86.4%)
Years since first positive HIV test?

Mean (SD) 4.7 (4.5) 6.3 (5.5)
Median (Q1, Q3) 3.5(1,8) 5(2,10)
On ART at enrolment 82 (54.3%) 852 (78.8%)

HIV viral load
<1,000 (virally suppressed) 25 (16.9%) 583 (67.9%)
1,000-10,000 42 (28.4%) 108 (12.6%)
>10,000 80 (54.1%) 166 (19.3%)

Ever injected drugs

148 (99.3%)

1031 (96.7%)

Years injecting

Mean (SD) 4.5 (5.1) 5.5 (5.2)
Median (Q1, Q3) 3(1-6) 3 (2-8)
Shared needles in the last month (among PWID) 8 (5.4%) 69 (6.5%)
e oy 17130 19 3011

Number of sex partners in the previous 3 months
Mean (SD) 5.8 (17.4%) 5.8 (23.9%)
Median (Q1, Q3) 1(0,2) 1(0,2)
Ever received money or goods for sex (Females) 72 (84.7%) 431 (78.9%)
Ever received money or goods for sex (Males) 25 (37.9%) 135 (25.3%)

aWhether the participant was enrolled only as an index, included as both an index and a partner (in different partner pairs), or

only a partner.

bDiagnosis times prior to enrollment are self-reported. Diagnosis at enrollment = time 0.
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Table 2.2. Distribution of HIV-1 molecular distances across index-partner pairs stratified by partner-
type. The p value comes from the null distribution of the test statistic (Avg(% controls further than
named pairs)) under 2,000 resamplings of the partner for each index.

Injecting partners All
Sexual only Injecting only who shared needles| (Sexual, Injecting, and
or equipment Sexual & Injecting)
named named named named
. controls . controls . controls . controls
pairs pairs pairs pairs
total distance 13 2130
18 2636 116 18577 150 23630
threshold
0.015 3 1 0 8 0 0 6 6
(16.7%) (<0.01%) (0%) (<0.01%) (0%) (0%) (4%) (<0.01%)
)
= 0.045 4 13 2 95 0 6 9 117
(%]
£ (22.2%) (0.5%) (1.7%) (0.5%) (0%) (0.3%) (6%) (0.5%)
<
g z 0.1 13 1441 57 10427 4 679 77 12944
©
v (72.2%) (54.7%) (49.1%) (56.1%) (30.8%)  (31.9%) (51.3%) (54.8%)
.E
0.15 17 2619 114 18457 13 2124 147 23486
(94.4%) (99.4%) (98.3%) (99.4%) (100%)  (99.7%) (98%) (99.4%)
mean distance 0.075 0.098 0.099 0.096 0.111 0.107 0.095 0.097
Avg (% control pairs
further than named 0.67 - 0.461 - 0.46 - 0.492 -
pairs)?
p value 0.016 - 0.133 - 0.632 - 0.747 -

2Percent of index-control pairs with sequence molecular distance > the named index-partner pair, averaged across
all pairs. Percents >50% indicate that indexes’ sequences are more similar, on average, to those of their identified
partner than to controls (sequences from the same region).
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Table 2.3. Association between partner-pair characteristics and HIV-1 TN93 distance. A cut-off of <0.10
was chosen to define more phylogenetically similar molecular distances. Supplementary Table 2 shows
regression results using various molecular distance thresholds.

Pair characteristic

values

mean
(continuous)
or proportion
(categorical)

odds

(molecular distance

<0.10vs. >0.10)

aOR (95% Cl)
(controlling for
region)

Partner type (N=134)

(excludes those identified as both
sexual and injecting partners)
Years since diagnosis (N=150)
averaged between index and partner
(diagnoses prior to enrollment are
self-reported)

Number of years separating index-
partner diagnoses?

Positive HIV diagnosis prior to
enroliment (N=150)

ART use at enrollment (N=150)

Shared needles (with anyone) last
month (N=148)

Shared needle or injecting
equipment with named partner®
(injecting partners only; N = 132)

Ever received money or goods for
sex (N=150)

Viral suppression (N=145)
(<1,000 copies/ml at enrollment)

HIV subtype (N=91)
low confidence subtypes and
recombinants are excluded

Ref: Injecting only

Sexual only

Ref: both previously tested
positive

one partner previously tested
positive

neither partner previously
tested positive

Ref: Both partners on ART at
enrollment

One partner on ART at
enrollment

Neither partner on ART at
enrollment

Ref: Neither partner shared
needles

One or both partners shared
needles

Ref: Never shared with
partner

Have shared with partner

Ref: Neither partner received
money or goods for sex

One partner received money
or goods for sex

Both partners received money
or goods for sex

Ref: one or both partners
virally suppressed

Neither partner virally
suppressed

same HIV subtype

different HIV subtypes

116 (86.6%)
18 (13.4%)

3.66

3.98
89 (59.3%)
54 (36%)
7 (4.7%)
37 (24.7%)
65 (43.3%)
48 (32.0%)
133 (89.9%)
15 (10.1%)

119 (90.2%)
13 (9.8%)

18 (12%)

66 (44%)

66 (44%)
47 (32.4%)

98 (67.6%)

60 (65.9%)

31 (34.12%)

57/59 = 0.97
13/5=2.6

45/44 =1.02
29/25=1.16
3/4=0.75
19/18=1.06
38/27=1.41
20/28 =0.71
66/67 = 0.99
10/5=2.00

60/59 = 1.02
4/9=0.44

10/8 =1.25
39/27=1.44
28/38=0.74
17/30=0.57

57/41=1.39

58/1=58

0/31=0

Ref
2.63(0.91-8.77)

0.90 (0.81-1.00)

0.96 (0.88-1.05)
Ref

1.14 (0.58-2.25)

0.72 (0.14-3.46)
Ref

1.35(0.59-3.12)

0.69 (0.28-1.73)
Ref

2.12 (0.71-7.15)

Ref
0.44 (0.11-1.44)

Ref
1.17 (0.40-3.36)
0.59 (0.20-1.70)
Ref

2.46 (1.21-5.13)

2Diagnosis times prior to enrollment are self-reported

bBased on reporting by index
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Table 2.4. Distribution of HCV molecular distances across index-partner pairs, stratified by subtype.
The p value comes from the null distribution of the test statistic (Avg(% controls further than named
pairs)) under 2,000 resamplings of the partner for each index.

4a 1a
named pairs controls named pairs controls
total distance threshold 18 1087 4 136
0.005 1(5.6%) 1(0.1%) 0 (0%) 0 (0%)
3
& T 0.015 5 (27.8%) 61 (5.6%) 0 (0%) 1(0.7%)
2%
© $ -
wE=Z 0.025 10 (55.6%) 326 (30.0%) 0 (0%) 13 (9.6%)
T
(a1
0.045 18 (100.0%) 1041 (95.8%) 3 (75.0%) 102 (75.0%)
mean distance 0.021 0.029 0.048 0.042
Avg (% control pairs further than 0.35
. 0.70 -
named pairs)?
p value 0.008 - 0.34

@Percent of index-control pairs with sequence molecular distance > the named index-partner pair, averaged across
all pairs. Percents >50% indicate that indexes’ sequences are more similar, on average, to those of their identified
partner than to controls (sequences from the same region).
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CHAPTER 3: The Ethics of Pathogen Molecular Epidemiology Research from a Community Data

Perspective

Throughout human history, infectious diseases have evolved alongside us, substantially shaping and
being shaped by our patterns of migration, behaviors, and societal and political dynamics. To prepare for
the emergence of new pathogens and end existing epidemics, we must constantly update our
understanding of pathogen transmission at the community and global levels.®8 Molecular/genomic
epidemiological research combines pathogen gene sequence or phylogenetic data with epidemiological
data from the population to address questions about diseases’ origins, spread, and mechanisms of
transmission. Findings from these studies can inform rapid public health responses to new outbreaks,

identify emerging resistance, guide resource allocation, and prepare future responses,%83-91

However, molecular epidemiological studies have raised unique ethical considerations, which can be
roughly divided into concerns about risks to individuals and concerns about potential group harms.
While principles of ethical research, particularly within the West, focus heavily on individual autonomy
and the protection of individually sensitive data, this paper argues that pathogen data is largely a
community resource and that more focus should be paid to its potential community impacts. People
living with HIV and HIV advocacy groups have already spearheaded efforts for greater community
collaboration, promoting research that benefits and does not stigmatize people living with HIV. However,
molecular epidemiological research on transmission dynamics can impact groups beyond those living
with the studied disease, and there is less guidance on how to balance the needs of these different types
of impacted communities. There is also a need for guidance that can be generalized to other types of
pathogens. Thinking about pathogen data as community data has the potential to promote research

practices that strengthen community relationships and work within unique community dynamics.
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This paper is split into three sections. The first explores existing critiques about the privacy risks of
molecular epidemiological research to individual research participants and shows that many of these
critiques could be best addressed at the community level. Section 2 explores the ways that molecular
epidemiology research could impact different types of communities. We suggest that a thorough
understanding of community interests includes understanding the relationship between communities
living with and without the studied disease and understanding how the research impacts people within
geographically defined or identity-based communities. The last section provides examples of existing
concepts of community data and explores the value they could bring to pathogen molecular

epidemiology research.

1. BEYOND PRIVACY: CONCEPTUALIZING PATHOGEN SEQUENCE DATA AS COMMUNITY DATA

Ethics principles, particularly within the West, are heavily concerned with the sensitivity of individual
health data, and concerns about privacy are frequently mentioned in molecular epidemiology
literature.?29 However, there is disagreement and confusion about the extent of privacy risks to

97799 and calls to restructure approaches to pathogen sample collection®1! out of

research participants,
privacy concerns have been largely ignored. Some confusion may stem from the fact that concerns about
group impacts of molecular epidemiology research or collective moral objections to research are
sometimes framed as concerns about individual privacy. But molecular epidemiology analyses often
reveal more sensitive information about a community than they do about specific individuals. As such,

many of these concerns may be addressed, not by restricting sequence collection, but by ensuring

research approaches have community acceptance.

Pathogen sequence data used in research may come from primary study data, public health surveillance

data, or sequences from either source that are deidentified and shared to publicly accessible databases.

60



Privacy concerns with molecular epidemiology research tend to be heavily intertwined with critiques of
infectious disease surveillance (primarily for HIV), and to a lesser extent, data sharing.®”:10%193 Most
pathogen molecular surveillance is done in high resource settings.® For example, HIV sequencing is done
clinically in the US to inform treatment regimens, and these sequences are often shared with
departments of health. As sequencing capacity and the availability of genotype-informed treatments
increases, however, surveillance for different diseases will likely become more common worldwide,®® and
more regions will have to think about how to engage with communities whose data is collected outside
of traditional research settings. One advantage of conceptualizing pathogen sequence data as a
community resource is that the source of the sequence data becomes less important than the way the
sequences are used, meaning community consultation can provide a path-forward regardless of whether

the sequence data was collected through research or other means.

The extent of privacy concerns among molecular epidemiology research stakeholders is unclear.%%

Some US-based advocates have raised privacy as a critical issue in HIV molecular epidemiology
research.91%4 On the other hand, two US-based studies found a more complicated picture. One study
found that only 50% of people seen at an infectious disease clinic agreed to participate in phylogenetic
research, but few cited privacy as the reason for refusal.l® A different study found that stakeholders —
people living with HIV, those deemed at risk for HIV, and HIV medical professionals — grew significantly
more concerned about privacy in molecular epidemiology research only after it was brought up as part
of a guided interview.?? Studies have also shown persistent misconceptions, even among medical
professionals, about the capabilities of molecular epidemiological methods. Misconceptions that over-
estimate the power or intent of these studies include interpreting lines in a diagram meant to highlight
similar viruses as proof of transmission between individuals or assuming molecular epidemiology could
be used to find someone living with undiagnosed HIV.9% Of course, disagreement and/or confusion

about privacy does not mean this issue is unimportant or unresolvable; however, it does caution against
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the utility of asking individual research participants to weigh in-depth critiques about privacy risks.
Additionally, individuals agreeing to participate in research should not be taken as proof of the broader

acceptability of that research.®>1%

Molecular epidemiological methods, and their descriptions of transmission-pathways, -pairs, and -
networks, understandably invoke notions of privacy. Poorly explained or taken-out-of-context studies
may obscure the fact that the research goal is usually to uncover community-level trends. Consider the
challenge of explaining a method like source attribution analysis, which models the probability of a
transmission event between pairs of individuals, based largely on the relationship of their pathogen
sequences on a phylogenetic tree.'® Source attribution is one of several approaches to understand how
certain behaviors relate to transmission risk. While the use of these pairwise transmission probabilities
are a tool, and rarely the end goal of this method, it’s easy to see how descriptions of source attribution
could be perceived as trying to find “who transmitted a pathogen to whom?” Research, even if it does
not create tangible risks to research participants, must respect commonly held values within a
community. Through better community engagement, we can resolve common misunderstandings about
study methods, goals, or capabilities while still being open to the possibility that some research

guestions or approaches may feel inherently sensitive or problematic to the wider community.

Many critiques about data privacy are actually critiques about perceived unethical uses of community
data or about research questions seen as insensitive or invasive. For example, criminal repercussions are
a frequently noted concern in HIV phylogenetic research. But the situations in which these concerns are
raised are usually ones in which research subjects’ data have fairly substantial protections, but the
findings of the research could have negative implications for a wider communtiy.?7:100:203.107 pcClelland
cautions, for example, that Canada has used sequences from the publicly-accessible database, Los
Alamos National Laboratory, for criminal investigations.'® In another example, advocates criticized a

study of HIV among transgender women in Los Angeles'® for “position[ing] transgender women at the
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centre of high-risk sexual networks; a particular concern in the USA, where there is heightened
criminalization of sex work, migration, drug use, and HIV....”” Finally, a Washington state study chose not
to publish a phylogenetic analysis about HIV transmission among men who have sex with men in
response to community concerns, particularly about criminalization.'” While acknowledging that fields
evolving as rapidly as molecular epidemiology and phylogenetics must diligently reassess the protections
in place for individuals’ data, the above examples largely illustrate a conflation of individual and group
risks. Each set of data in the above examples was deidentified (i.e., the researchers could not have
chosen to reveal individuals’ identities). In the US, laws and institutional policies also provide substantial
protections against outside requests to disclose the identities of molecular epidemiology research
participants or individuals whose data is collected through public health surveillance.’®!1° Nevertheless,
policies are less clear in most other countries,*!! and it is impossible to definitively assert that molecular

epidemiology research data or results could never be compelled by law enforcement.**°

Much more likely, and as was the case with the use of the Los Alamos database, is that deidentified
database sequences can be incorporated as reference sequences (basically background information
about community transmission patterns) in investigations involving others. Community engagement can
and should address concerns about the use of such data to benefit the prosecution of HIV transmission,
but it is important not to conflate this group-level harm with the low risk that an individual’s privacy
might be breached. Most research on stakeholder perceptions of molecular epidemiology, as well as
most advocacy work on the issue, is focused within the US.9%97:101105107 There js substantial need to
understand more diverse stakeholder perspectives, particularly in other regions, where different
expectations of privacy, informed consent, trust in researchers, levels of scientific literacy, and varying

HIV criminalization laws could contribute to different overall sentiments.

In conclusion, while we must certainly continue to ask questions about how molecular epidemiology

research will protect individuals’ privacy, restricting public health surveillance efforts or relying too
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heavily on individual informed consent processes to address privacy concerns is often ineffective and
usually fails to address the bigger picture about the group impacts of the research. Molecular
epidemiology research is inherently about communities and community dynamics, as we see from the
fact that critiques ostensibly about privacy often focus on larger-scale community harms. Therefore, it is
worthwhile to consider what types of communities and community dynamics are implicated by this type

of research.

2. COMMUNITY INTERESTS IN MOLECULAR EPIDEMIOLOGY RESEARCH

When we collect pathogen data, we collect data about a community, such as travel patterns and how the
behaviors and diseases of one sub-population can impact other sub-populations. Prior ethical analyses
of phylogenetic or molecular epidemiological research already recognize the potential for group harms
and the need for community consultation.?*1% But the goal often appears to be to find spokespersons or
representatives who can advocate specifically for the individuals’ whose sequences are used. By
contrast, we have proposed starting from the assumption that pathogen data is a form of community
data and that a diverse group of individuals within a community may have a vested interest in the
research done with that data. By engaging with the different communities potentially impacted by the
research, researchers can devise studies that are relevant to diverse community needs and sensitive to
community concerns. Community engagement efforts must also account for the ways molecular

epidemiological studies of transmission dynamics can impact groups beyond those enrolled in the study.

Determining who is impacted by molecular epidemiology research is not always straight-forward. As
Mutenherwa points out, “communities are often not stable, static entities with clearly defined
boundaries. Rather, they are fluid and may consist of sub-communities whose members may not share

similar research needs and priorities.”® We suggest that molecular epidemiology often impacts
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communities connected by living with the same disease, communities based around shared aspects of
identity, and communities within a shared geographic region. Researchers should consider these aspects

of community when planning their research and eliciting feedback.

Those who live with the studied disease and those who do not

It is important to understand the relationship between people living with the studied disease and the
larger population; in societies where the disease is highly stigmatized and people with the disease are
treated as outsiders, we must be particularly cautious that our research does not perpetuate this stigma
and isolation.'? At the same time, we should not assume that people living with a disease have interests
unconnected to those of the rest of the community. A more community-focused ethics considers that
individuals living with a disease can benefit from being able to help a wider community that they feel a

part of and/or from contributing to the overall health of that community.1*3114

Community by identity and identities within a community

Molecular epidemiological research often seeks to understand how traits, behaviors, or experiences
inform disease transmission risk. Sometimes traits associated with the risk of contracting a contagious
disease are also related to important aspects of people’s identities. For example, gay men share a greater
burden from HIV and monkeypox;”!'> older people, people with larger bodies, and those with certain
chronic health conditions face greater risk from contracting COVID-19;'® and pregnant women were
recommended to take special precautions to avoid the Zika virus.''” MacQueen et al. interviewed
stakeholders involved in HIV participatory research to define the most salient aspects of community in
that research setting and concluded communities are diverse sets of individuals linked by geographical
location, social ties, shared perspectives, and/or engagement in joint action.!*® With the exception of
geography, these aspects cannot be discerned from basic demographic information alone, again

highlighting that local knowledge and broader community input are essential to understand community
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dynamics. Such input can add critical context to how the data collected about study participants — for
example, their age, sexual behaviors, or religious practices — may relate to more saliant aspects of

identity in the study setting.

Results of some types of molecular epidemiology research could further stigmatize identity-based
communities as sources of an outbreak or for having higher rates of transmission. Researchers should
present results in a way that does not depict specific identity groups as vectors and spreaders of that

disease.'*® Ways to reduce stigma in the presentation of study results include: cautious use of arrows to

112 7120

depict possible transmission events;*** avoiding blaming language like “cause” or “super-spreader;
and clearly highlighting uncertainty in findings. In some cases, molecular epidemiology investigations
may reduce stigma by reassessing long-held assumptions that certain populations disproportionately
contribute to an epidemic.?**° Prior to the study, community collaboration efforts should include

discussion of how different possible findings might impact the community and ensure that there is

community approval to report and act on all possible findings.

Understanding the identities represented among people impacted by molecular epidemiology research,
and how their identities influence their power and vulnerability in the larger society, is important for
anticipating study impacts. Consider the previously-mentioned example from Tordoff et al., who decided
not to publish study results based on feedback elicited from various community members and other
stakeholders concerning a study about HIV transmission among men who have sex with men in
Washington, US.1%” They concluded that earlier community engagement could have helped assuage
concerns, especially about criminalization, and led to the collective development of more community-

accepted questions.

Community engagement can also be a chance to demonstrate benefits of research for different groups.

People may be motivated to participate because of a sense of solidarity with others who share similar
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backgrounds or identities, particularly if they also face an elevated risk of contracting the studied
disease.?122 Community outreach efforts must be cognizant of how societal norms and stigma could
impact this sense of solidarity. Stigma and/or persecution may motivate the development of advocacy or
representation groups that researchers can work with, but those who experience the most stigma may
not be able to connect with such groups and may, therefore, be poorly represented.*?! Finally, any
messaging about study participation benefits should avoid implying that an individual is obligated to

participate in research in order to show solidarity to their community.?!

Traditional epidemiologic studies can only draw inference about behaviors participants willingly disclose,
but molecular epidemiology studies can draw inference about undisclosed behaviors (sometimes called
cryptic transmission), and this presents an additional challenge for obtaining input from all impacted
populations. For example, some studies suggest men who don’t disclose male sexual partners may be a
bridge population for transmission between heterosexual and gay male populations.?’ These men who
have sex with men but don’t identify as gay may not be well represented by advocacy from gay
communities. To better understand the potential impacts of research on these individuals, researchers
might consider eliciting feedback from openly gay men who report a history of not disclosing male sexual

encounters in prior clinical visits.

Lastly, it may be tempting to assume that behaviors or experiences connected to advocacy groups in one
setting, such as a researcher’s home country, are important parts of people’s identities in the research
setting. Such assumptions could lead to misidentifying impacted communities and/or misunderstanding
power dynamics between groups. Incorporating local knowledge in community outreach efforts can

ensure representation of identity groups that are relevant in the local setting.

Geographic and political communities
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Concerns about injustice are especially acute when studies work with communities that are largely
isolated from the research beneficiaries. For example, immigrants and migrants may be socially,
culturally, or politically isolated from the geographic community and be especially vulnerable to a
narrative that depicts them as outsiders, bringing disease into that community.?312* People who share a
geographic community can also be collectively vulnerable to outside stigma, such as narratives that
depict the region as a source of an outbreak or blame the region for failing to control disease spread. For
example, South Africa faced travel restrictions after being the first country to identify the SARS-CoV-2
Omicron variant,'?® despite the fact that the variant likely did not arise in South Africa and increasing
evidence that targeted travel restrictions were ineffective.’?® While that research was conducted locally
(then misinterpreted on the world stage), this problem could worsen when the narrative is driven by
outside researchers, who may lack a vested interest or understanding of the economic and social

vulnerabilities of geographic communities.

Studies that identify high rates of stigmatized behaviors can also be harmful to a region, both because
they may impact how outside groups view that region and because they could insight internal conflict or
punitive measures.?” Examples of unreported behaviors that molecular epidemiology might infer include
high numbers of age-disparate relationships or high numbers of sexual partners. Local leadership may
provide valuable guidance about local community interests; however, existing systems may not be set up
to equally protect all members of a geographic community. For instance, Ogunrin et al. notes that while
older African participants in human genetics research tended to defer to local leadership, young
participants tended to express more skepticism of local leadership and felt more solidarity with their

social network.?2 This is why it’s important to understand drivers of community from multiple levels.

Recommendations
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Researchers can better collaborate with communities if they: 1) Define the community being studied in
terms of identity and/or geographic or political boundaries. 2) Understand community dynamics, such as
the relationship between people living with and without the studied disease and how people’s identities
relate to the behaviors studied. 3) Try to represent each impacted group in community engagement
efforts and develop research questions that are sensitive to these community relationships. It will be
important to ensure that all relevant community voices are heard, and not merely the most empowered

voices.

It’s also important to note that not every source of pathogen data or application of molecular
epidemiology will be sensitive or necessitate engaging all the above concepts of community. For
example, not all diseases have strong disproportionate impacts by identity groups. The passing of time,
particularly for infections with high rates of recovery, should also lessen the sensitivity of the research
guestion to the community. More guidance is needed to specify paradigms for when pathogen data is
likely to be sensitive to a community so that resources can be invested on productive consultations or

collaborations without hindering the use of many large and valuable pathogen datasets.

3. EXAMPLES OF COMMUNITY DATA MODELS

Several societies already have codified concepts of community data, for example governing biobanks and
genetic information.'2%122 This section explores how communities with an established precedent for
some types of collective community data have been able to impart community values into research using
this data. Their ethical reasons for conceptualizing data in this way carry relevance for pathogen data as

well.

American Indian tribal data sovereignty as a model of community data
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Several American Indian tribes, like the Havasupai and Navaho, regulate use of genetic data and some
biological samples from tribe members on the grounds that this is a form of cultural property.'?” Some
tribes were motivated to assert data sovereignty in response to unauthorized research by universities
using Havasupai genetic samples to study schizophrenia, alcohol dependency, “inbreeding,” and ancient
human migration.'?’-13° Taking control over how its tribal members’ genetic data is used allows the
Havasupai to ensure research considers cultural beliefs and sensitivities, such as respecting the tribal

origin story and protecting the sacredness of blood.

Laws and regulations do not always reflect community sentiment, but many stakeholders among
American Indian, Alaska Native, and Native Hawaiian communities have also expressed a preference for
community ownership and control over genetic data (as opposed to control by researchers or
institutions).*3! While pathogen sequence data is unlikely to hold the same cultural significance as
human genetic data, and its applications are less broad — SARS-CoV-2 sequences could not, for example,
be used to study HIV transmission — we’ve already shown that transmission dynamic research can have
other important political and cultural significances. Given that discrimination and crimes against
American Indian tribes were often justified by assertions about the inferiority of their behaviors or
cultural practices, it’s not difficult to imagine potential harms from ill-conceived investigations into how

certain behaviors contribute to the spread of disease in these communities.

Data protection acts from sub-Saharan African countries as models of community data

Data protection Acts and guidelines in many sub-Saharan African countries!32'% reflect a similar, though
less explicit, concept of community data. A history of, and fears about, colonialist research were the
likely impetus behind the laws of several countries that variously: restrict sample shipments out of the
country, prohibit indefinite sample storage, require local investigator involvement, build local capacity,

and/or require that research by outside vendors must benefit the local community.?3271% These laws
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formalize the view that local communities are best placed to handle local samples and data. Community
leadership or governance can add important context about community dynamics, weigh the value of the
research question against its social and political ramifications, and identify and manage non-obvious
risks.1*® These examples illustrate ways in which communities have effectively exerted their collective

interests in the samples collected from individuals.

Data protection laws may serve to build local capacity and promote more research equity — that is, more
research developed and implemented by local researchers using local infrastructure. Research equity is
still lacking in pathogen research, particularly for novel pathogens where rapid analyses benefit from
existing infrastructure and funds. For example, only 0.6% of COVID-19 related publications in the first
three months of the outbreak were from African researchers or institutions. Despite the high burden of
HIV in many African countries, Africa and the Middle East contribute only 21.61% of HIV research and
were further under-represented as primary authors.'3”138 Data sharing and molecular pathogen
surveillance — areas of pathogen research sometimes critiqued for failing to respect the autonomy and
privacy of the individual — may be valuable tools for promoting more local research because they enable
the utilization of sequence data from local health departments or available from prior studies. But while
local control over research should increase knowledge about communities and community dynamics, the
geographic connection is only one aspect of community. Healthcare workers, researchers, and other staff
may have different primary languages or different cultural customs from study participants and others
impacted by the research, particularly those from marginalized populations.!*® Locally-led research,
therefore, does not negate the need for community outreach, but will likely make outreach more

effective and impactful.

The concept of community data has not been explicitly tied to pathogen sequence research, and not all
societies have a formal conception of community data. The US, for example, does not have an equivalent

data protection act concerning ownership, storage, or reuse of biological specimens or a legal
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acknowledgement that certain data may be sensitive to a wider community.24%%4! US data laws, like the
Genetic Information Nondiscrimination Act (2008) and HIPAA, tend to emphasize individual privacy
protections.'#*143 Jecker et al. note this contrast, stating that many African governments are more likely
to see their role as “promoting moral good” in their citizens, while Western governments are geared
more toward protecting the rights of individuals to be self-deterministic.** Community data models may
sometimes present a trade-off with individualism-focused ethics, such as by denying individuals the
benefits of some research participation or preventing them contributing to a project they personally feel
has value.'*% However, as previously discussed, the processes for collecting and sharing pathogen
sequence data are often not conducive to an individual-level weighing of risks and benefits. A
community data model, therefore, may sometimes be the most feasible way to consider diverse

community viewpoints.

Ubuntu

The ethical and philosophical principle of ubuntu, while not a legally binding doctrine, illustrates how a
communal view of pathogen sequence data might be accepted at the societal level. The term ubuntu
likely originated with the Nguni people of South Africa, but the concept is referenced in political, social,
and philosophic contexts throughout much of sub-Saharan Africa.X*’ A critical component of this
philosophy is the inter-connectedness of human beings and, as such, it has been proposed as an ethical
justification or psychological motivation for adherence to public health measures and for participation in
research, particularly during a pandemic.1#148-150 \We propose that the ubuntu philosophy would require
us to consider the positive and negative impacts of molecular epidemiology transmission dynamic
research for a widely-defined community. This is in contrast to the emphasis Molldrem and Smith put on
weighing study impacts for the research participant when they worry that “expert stakeholders who
conducted molecular HIV research studies (Mutenherwa et al. 2019, 68) could not categorically state

whether these studies offered a favorable risk-benefit ratio for participants, an important condition of
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ethical research (Buchanan and Miller 2006).”1*2 Under the ubuntu philosophy, we both recognize that a
wider community than the research participants is impacted by the research and recognize (as discussed

in Section 2) that benefits to the larger community can also benefit research participants.

Implementation and limitations of community data models

Researchers have a duty to understand and respect prevailing views about individual rights or
community obligations where the research is conducted. While no law or ethical philosophy can capture
the full diversity of viewpoints held by different communities within a region, tailoring research
guestions to the values of a community may require giving more weight to individual autonomy in some
societies and to community benefit in others. Nevertheless, there are several ways that we believe the
community data models we propose should be factored into all molecular epidemiology research, even

in societies with more individualistic focuses.

First, we should recognize that effective community engagement can benefit the individuals whose data
is used in these analyses by identifying and advancing values that many research participants share with
a larger community. We discussed in Section 1 that most molecular epidemiology research does not
present individual privacy risks, but some uses may run afoul of community norms. Respecting these

norms is one way that community input can benefit individual study participants.

Second, talking about data as a community resource can help avoid “othering” people living with
infectious diseases. HIV-related advocacy has demonstrated the importance of emphasizing the shared
humanity of people living with and without diseases like HIV, with efforts like the promotion of person-
first language and campaigns like “Everyone has a status.”*'® When proposing studies or presenting
results, researchers can focus on a pathogen as an environmental danger within a community and
potential research participants as community members who can provide valuable information about the

history of the disease in that community.®>1% By talking about people living with these diseases as part
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of a larger community, we both address our own potential biases and increase the likelihood that people

will accept pathogen sequence data as a community resource.

Nevertheless, some studies will invariably run into non-aligned interests between different communities
or sub-communities. For example, people living with a disease may fear the research will be stigmatizing,
while others may approve of its goals. In rare instances, it may be necessary to weigh the interests of
different sub-communities. One example of a study that was justified despite the dissent of an impacted
group is a phylogenetic investigation of the origins of the 2010 cholera epidemic in Haiti. The study
provided supporting evidence that peacekeeping troops from Nepal introduced cholera to Haiti,
resulting in >7,000 deaths within 14 months.*>! Because the Nepalese troops refused to provide samples,
researchers conducted analyses comparing cholera samples from Haiti to reference samples from Nepal
and India. This study had substantial public health importance, highlighting the testing, sanitation, and
disclosure failures that contributed to the devastating outbreak. Molecular epidemiology investigations
must be sensitive to the political background and social sensitivities, but where there is disapproval from

impacted communities, researchers must weigh this against public health benefits and risks.

In weighing differing views from impacted communities, we should consider factors like the power
dynamics between these communities, being especially cautious if objectors are from an already
marginalized group. We should carefully evaluate whether the community input we’ve elicited is
representative. For populations that are heavily marginalized and difficult to reach, this may mean
instead eliciting feedback from those who work directly with people in these populations. These
evaluations must be specific to the local social or cultural context. We should consider not only potential
harm but also potential benefits for different communities. Finally, we can look for ways to reduce the
disparate interests of groups, such as by working to formulate research questions, goals, and

presentations in a way that is least stigmatizing or to find intersecting interests between groups.
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CONCLUSION

Conceptualizing pathogen data as a community resource, with the potential for benefit and harm, helps
us consider community sensitivities that might be overlooked if the focus is exclusively on individual
sensitivities. A communal data view shows that many critiques about data privacy in molecular
epidemiology research can be addressed through community consultation, without stymieing important
research efforts, particularly in disease surveillance. While most settings don’t have legal doctrines
and/or leadership specifically established to protect community data, molecular epidemiology research
may be improved through careful evaluation of how it implicates different community groups, beyond
just those whose data is used in research. Efforts to improve community engagement must acknowledge
that the public health benefits of molecular epidemiological research depend heavily on efficient
collection of large datasets. In most cases, these public health benefits inherently reflect community
interests, but in some instances they may also present community risks, particularly to minority and/or
marginalized sub-communities. While certainly not a comprehensive list, ways to reduce potential
groups harms might include: more communication about study methods, goals, and benefits; more
collaborating on how to present results in non-stigmatizing ways; or further discussing the process of

data anonymization and sharing.

75



CONCLUSION
In Chapter 1, cluster and discrete trait analyses showed mixing between HIV-1 sequences from PWID and
other populations, suggesting overlapping transmission networks. In Chapter 2, we found weak evidence
of HIV sequence similarity among sexual partners identified through APS and possible HCV sequence
similarity among injecting partners identified through APS. Finally, in Chapter 3, we suggested that a
community-data model could add much needed clarity to the existing ethical discourse around

molecular epidemiology research and promote productive community engagement efforts.

The molecular epidemiological evidence presented here corroborates prior research,* suggesting
decreasing levels of parenteral HIV transmission among PWID in Kenya. While prior epidemiological
analyses were not able to resolve sources of sexual HIV transmission,3® our results suggest that PWID
may acquire HIV sexually from people not in key populations and from other PWID and to a lesser
extent, from female sex workers. Our conclusions about the relative commonality of sexual vs parenteral
HIV transmission are cautious in light of low sampling density and possible sampling bias. Finally,
although limited by sample size, we found suggestive evidence that APS helped reach some injecting
partners within a shared HCV transmission network and some sexual partners within shared HIV

transmission networks.

The best tools to address gaps in HIV and HCV diagnoses and reduce transmission today may not be the
same tools that were effective in the past. Our findings suggest the need for more services to address
sexual transmission in this population and a need to make existing harm reduction tools more accessible
to people who use drugs. For example, prior research shows low knowledge about PrEP among PWID
but suggests high demand for PrEP delivered at harm reduction drop-in centers.>? Future research could
also investigate whether PWID could benefit from longer-lasting PrEP delivery mechanisms, discrete

packaging, or community education to reduce stigma and misconceptions. Exchanging money or goods
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for sex is common among PWID and transactional sex — including among people who are not
traditionally included in services for sex workers — may be an under-addressed contributor to
transmission.3® Future research could investigate the experiences and specific transmission and

acquisition risk factors for PWID who engage in transactional sex.'?

While better understanding the HIV and HCV epidemics among PWID can guide the development of
more tailored HIV harm-reduction programs, addressing the stigma associated with drug use is crucial to
making these services accessible. In the attempt to characterize transmission patterns, we must be
careful not to promote further stigma. We have suggested that because pathogen data is inherently
about communities and community dynamics, our primary focus in evaluating the ethics of this research
should be understanding and addressing potential group harms and benefits. Voices from lower-
resourced regions and from disempowered populations, like PWID, are lacking in this space. Through
community-level collaboration and education — that is, educating communities about molecular
epidemiology and educating researchers about community needs and dynamics — we can elicit a more

complete picture of how this research impacts different communities.
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SUPPLEMENTAL

Supplementary Table S1.1. Demographics, test results, and characteristics of SHARP study participants

with HIV-1 sequences included in the analysis.

Coast Nairobi
(N=124) (N=179) Total (N=303) p value*
Demographics
Female 51 (41.1%) 108 (60.3%) 159 (52.5%) <0.001
Key population** -
PWID 98 (79.0%) 133 (74.3%) 231 (76.2%)
Female participant with transactional sex risk factors*** 1(0.8%) 0 (0.0%) 1(0.3%)
PWID & Female participant with transactional sex risk factors 15 (12.1%) 37 (20.7%) 52 (17.2%)
MSM 0 (0.0%) 1(0.6%) 1(0.3%)
MSM&PWID 4(3.2%) 3 (1.7%) 7 (2.3%)
Not-KP 6 (4.8%) 5(2.8%) 11 (3.6%)
HIV history
Diagnosed before enrollment 102 (82.3%) 141 (78.8%) 243 (80.2%) 0.52
Years since diagnosis (previously diagnosed only, N=243) 4(1.1-8) 3.5(1-9) 4 (1-8.5) 0.91
(median, inter-quartile range)
Behaviors
Active Injection Drug Use (in last month) 97 (78.2%) 154 (86.0%) 251 (82.8%) 0.076
Shared needles in the last month 0.070
No 93 (75.0%) 140 (78.2%) 233 (76.9%)
Yes 4(3.2%) 14 (7.8%) 18 (5.9%)
Don’t inject or didn’t inject in last month 27 (21.8%) 25 (14.0%) 52 (17.2%)
number of sex partners in the previous 3 months (1 missing) <0.001
0 37 (29.8%) 99 (55.6%) 136 (45.0%)
1to2 56 (45.2%) 41 (23.0%) 97 (32.1%)
more_than_2 31 (25.0%) 38 (21.3%) 69 (22.8%)
Ever received money or goods for sex (Females, N=159) 41 (33.1%) 85 (47.8%) 126 (41.7%) 0.80
Ever received money or goods for sex (Males, N=143, 1 missing) 21 (16.9%) 16 (9.0%) 37 (12.3%) 0.42
Housing and Mobility
Report transportation as a barrier to receiving care 66 (53.2%) 56 (31.3%) 122 (40.3%) <0.001
Have stable housing 100 (80.6%) 151 (84.4%) 251 (82.8%) 0.40
Spent 21 week outside city in the last 6 months 37 (29.8%) 20 (11.2%) 57 (18.8%) <0.001

*For categorical variables: chi-square test, for continuous variables: t-test with equal variance

**For ancestral state reconstruction, participants are classified into only 1 population (see Table 1). MSM who are also PWID are

called MSM (this was done to address recruitment bias, as most of the sequences from PWID and very few sequences from

MSM are from the SHARP study).

***Have ever received money for sex and reported >3 sex partners in the prior month. This classification was not used to define

key populations for ancestral state reconstruction.

90



Supplementary Table S1.2. Participant demographics and distribution of new (from SHARP study) and
previously published Kenyan HIV-1 pol sequences by region. Only sequences from Coast and Nairobi
are included. Abbreviations: FSW: female sex workers, MSM: men who have sex with men, PWID: people

who injects drugs, not-KP: not key population.

Coast (N=1159)

Nairobi (N=1507)

Total (N=2666)

Source
published
SHARP

Sampling year
2001-2015
2015+

Key population
FSW
Not-KP
MSM
PWID

HIV subtype
N-Miss
Al
A2
B
C
D
G
recombinant

Sex
N-Miss
Female
Male

1035 (89.3%)
124 (10.7%)

960 (82.8%)
199 (17.2%)

110 (9.5%)
700 (60.4%)
178 (15.4%)
171 (14.8%)

9
817 (71.0%)
2(0.2%)
0 (0.0%)
91 (7.9%)
91 (7.9%)
5 (0.4%)
144 (12.5%)

633
237 (45.1%)
289 (54.9%)

1328 (88.1%)
179 (11.9%)

1119 (74.3%)
388 (25.7%)

82 (5.4%)
1114 (73.9%)
141 (9.4%)
170 (11.3%)

5
1068 (71.1%)
8 (0.5%)
1(0.1%)
101 (6.7%)
174 (11.6%)
10 (0.7%)
140 (9.4%)

989
267 (51.5%)
251 (48.5%)

2363 (88.6%)
303 (11.4%)

2079 (78.0%)
587 (22.0%)

192 (7.2%)
1814 (68.0%)
319 (12.0%)
341 (12.8%)

14
1885 (71.1%)
10 (0.4%)

1 (0.0%)
192 (7.3%)
265 (10.0%)
15 (0.6%)
284 (10.7%)

1622

504 (48.3%)
540 (51.7%)
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Supplementary Figure S1.1. Phylogeny of HIV-1 sequences from the SHARP study.
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Supplementary Table S1.3. Distribution of population groups within clusters that contain sequences
from coastal Kenya or Nairobi. Only clusters with at least 1 sequence from the coast or Nairobi are
included. Custers are based on a 0.045 maximum patristic distance threshold on maximum likelihood
trees for subtypes Al, C, and D. Clusters containing sequences from PWID are in bold. Abbreviations:

FSW: female sex workers, MSM: men who have sex with men, not-KP: not key population, PWID: people

who injects drugs.

Cluster membership dyad Network total
(>2 sequences)
Single-population clusters 263 197 460
not-KP only 230 170 400
FSW only 9 2 11
MSM only 16 22 38
PWID only 8 3 11
PWID & other populations 45 63 109
PWID, not-KP 37 48 85
PWID, FSW 5 0 5
PWID, MSM 3 4 7
PWID, not-KP, FSW - 3 3
PWID, not-KP, MSM - 7 7
PWID, FSW, MSM - 2 2
PWID, not-KP, FSW, MSM - 0 0
Other 67 44 111
not-KP, FSW 35 15 50
not-KP, MSM 25 24 49
FSW, MSM 7 0 7
not-KP, FSW, MSM - 5 5
Total 375 305 680
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Supplementary Table S1.4. HIV-1 sequences from other populations in clusters with HIV-1 sequences
from female PWID with transactional sex risk factors or in clusters with sequences from PWID who
report sharing needles. Only clusters with at least 1 sequence from the coast or Nairobi are included.
Custers are based on 0.045 maximum patristic distance threshold on maximum likelihood trees using
subtypes A1, C, and D. Percents are based on the total number of clusters that contain at least 1
sequence from that population. Note: Clusters containing >2 population groups are represented more
than once. Abbreviations: FSW: female sex workers, MSM: men who have sex with men, not-KP: not key
population, PWID: people who injects drugs. See Supplementary Table S1.3 for comprehensive cluster
counts.

Clusters containing sequences from female PWID  Clusters containing sequences from PWID who

with transactional sex risk factors* (N = 18) shared needles last month (N=7)
In cluster with Count In cluster with
not-KP 14 (2.3%) not-KP 5(0.8%)
FSW 1(1.2%) FSW 0
MSM 3 (2.6%) MSM 1(0.9%)
PWID 4 (3.3%) PWID 3 (2.5%)
PWID who shared needles 3(42.9%) PWID who shared needles 0

*Have ever received payment for sex and had =3 sex partners in the prior month
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Supplementary Figure S1.2. Cluster distributions for population group and region. Each cluster is
depicted as a vertical bar colored by the percent makeup of sequences from either population group
(A&B) or region (C&D). Clusters are defined using a patristic distance threshold of 0.015 (A) or 0.045 (B-
D). D is restricted to the 120 clusters that contain at least 1 sequence from a PWID (the darker-colored
bars in C). Abbreviations: FSW: female sex workers, MSM: men who have sex with men, PWID: people
who injects drugs, not-KP: not key population



Patristic Distance (from maximum likelihood tree)
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Supplementary Figure S1.3. Cluster size distributions by population and cluster-definition. A&C) The

size of clusters containing sequences from each population (clusters are represented in each plot for

which they contain 21 sequence from that population group). B&D) The number of sequences from each
population group in each cluster (counts sum to total number of all sequences in clusters). Clusters are

defined using maximum genetic distance threshold 0.045 based on patristic distance (A,B) or TN93
distance (C,D). Counts are indicated for all clusters of size >10.
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Supplementary Table S1.5. HIV-1 A1l subtype transitions between coastal and Nairobi regions in a tree
restricted to sequences from PWID (2018-2021) using maximum likelihood tree building and ancestral
state reconstruction. Discrete trait analysis is conducted under uniform subsampling (trees are down-
sampled to have equal counts of coast and Nairobi sequences) and proportionate subsampling (trees are
down sampled so counts are proportionate to the estimated number of HIV cases in each population).
Counts are averaged across 10 subtrees and 20 resolutions of ancestor states. P-values test for
disproportionate transitions in either direction, resampling traits on the tree tips 200 times to derive the
null distribution.

Subtype

Al

Al

Sequence counts

N (%)
Total Nairobi Coast
152 (100%) 76 (50%) 76 (50%)
116 (100%) 40 (34.5%) 76 (65.5%)

TRANSITIONS

N (% of ALL BRANCHES)

Coast = Nairobi Nairobi = Coast
Uniform subsampling

50 (37-69) (16.6%) 46 (32-61) (15.2%)

Proportionate subsampling

37 (31-40) (16.1%) 9 (6-18) (4.0%)

(Coast->Nairobi vs. Nairobi -> coast)
(2-tailed)

0.05

0.61
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Supplementary Table S1.6. HIV-1 A1l subtype transitions between coastal and Nairobi regions using
maximum likelihood tree building and ancestral state reconstruction (terminal branches only). Discrete
trait analysis is conducted under uniform subsampling (trees are down-sampled to have equal counts of
coast and Nairobi sequences). Counts are averaged across 10 subtrees and 20 resolutions of ancestor
states for each tree. P-values test for disproportionate transitions in either direction, resampling traits on
the tree tips 200 times to derive the null distribution.

N sequences

TRANSITIONS: TERMINAL BRANCHES

N (% OF ALL SAMPLED SEQUENCES)

Uniform Subsampling

Subtype Total

Al 1004
(100%)

Nairobi

502 (50%)

Coast

502 (50%)

Coast - Nairobi Nairobi = Coast

176 (152-212) (17.6%) 147 (128-158) (14.6%)

Coast->Nairobi vs. Nairobi -> coast transitions
(2-tailed)

<0.01
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Supplementary Table S1.7. HIV-1 Transitions between population groups using maximum likelihood

tree-building and ancestral state reconstruction (terminal branches only). Trees are down-sampled to

have equal numbers of sequences from each group, and counts are averaged across subtrees (10 for
subtype Al and 30 for subtypes C and D) and 20 resolutions of ancestor states.

SEQUENCE COUNTS

TRANSITIONS / JUMPS: TERMINAL BRANCHES

N (%) N (% OF ALL SAMPLED SEQUENCES)
SUBTYPE Total Group O Group 1 0->1 1->0
FSW PWID FSW->PWID PWID -> FSW
all 148 (50%) 74 (25%) 74 (25%) 15 (10-28) (5.0%) 9 (5-14) (6.1%)
Al 116 (50%) 58 (25%) 58 (25%) 14 (10-25) (6.1%) 7 (5-10) (2.9%)
C 14 (50%) 7 (25%) 7 (25%) 1(0-2) (2.1%) 1(0-2) (3.9%)
D 18 (50%) 9 (25%) 9 (25%) 0(0-1) (0.6%) 1(0-2) (3.1%)
MSM PWID MSM -> PWID PWID -> MSM
all 148 (50%) 74 (25%) 74 (25%) 9 (3-12) (6.1%) 8 (3-13) (5.4%)
Al 116 (50%) 58 (25%) 58 (25%) 7 (3-9) (3.0%) 5 (3-6) (2.0%)
c 14 (50%) 7 (25%) 7 (25%) 1(0-2) (2.1%) 1(0-3) (4.7%)
D 18 (50%) 9 (25%) 9 (25%) 1(0-1) (1.4%) 2 (0-4) (5.3%)
not-KP PWID not-KP -> PWID PWID -> not-KP
all 148 (50%) 74 (25%) 74 (25%) 23 (0-8) (15.5%) 11 (5-16) (7.4%)
Al 116 (50%) 58 (25%) 58 (25%) 20 (12-32) (8.6%) 7 (5-10) (3.0%)
C 14 (50%) 7 (25%) 7 (25%) 2 (0-5) (6.6%) 2 (0-3) (5.8%)
D 18 (50%) 9 (25%) 9 (25%) 1(0-3) (4.0%) 2(0-3) (4.9%)
TOTAL not-PWID PWID not-PWID -> PWID PWID -> not-PWID
all 296 (100%) 222 (75%) 74 (25%) 47 (25-80) (15.9%) 28 (13-53) (9.5%)
Al 232 (100%) 174 (75%) 58 (25%) 41 (25-66) (17.7%) 19 (13-36) (7.9%)
C 28 (100%) 21 (75%) 7 (25%) 4 (0-9) (14.3%) 4 (0-8) (14.3%)
D 36 (100%) 27 (75%) 9 (25%) 2 (0-5) (5.6%) 5 (0-9) (13.9%)
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Supplementary Table S1.8. HIV-1 transitions between PWID and not-PWID populations from the coast
and Nairobi using both maximum likelihood and Bayesian tree-building and ancestral state
reconstruction models under uniform subsampling. ML trees are down-sampled to have equal numbers
of sequences from each group, and counts are averaged across subtrees (10 for subtype Al and 30 for
subtypes C and D) and 20 resolutions of ancestor states. For Bayesian analyses, counts are averaged
across the 1000 highest posterior probability trees for 9 subtrees. P-values test for disproportionate
transitions in either direction, resampling traits on the tree tips 200 times to derive the null distribution.
Support for Markov jumps is assessed via median Bayes factor (BF). This data is also presented in Figure
3. Supplementary Table S9 presents counts limited to terminal branches.

SEQUENCE COUNTS

N (% OF ALL SEQUENCES)

TRANSITIONS / JUMPS: FULL TREE
N (% OF ALL BRANCHES)

SUBTYPE Total Group O Group 1 0->1 1->0
MAXIMUM LIKELIHOOD P-value
All between group transitions
All 440 489 of 873 total branches (56.0%)
Al 352 404 of 702 total branches (57.6%)
C 64 55 of 126 total branches (43.7%)
D 24 30 of 45 total branches (66.7%)
Between regions (not-PWID)
Coast not- Nairobi Coast not-PWID -> Nairobi not-PWID -> Coast not-PWID
PWID* not-PWID Nairobi not-PWID Coast not-PWID -> Nairobi not-PWID vs.
Nairobi not-PWID -> Coast not-PWID
Al 220 110 (25%) 110 (25%) 64 (39-89) (7.3%) 57 (46-87) (6.5%)
Al 176 88 (25%) 88 (25%) 53 (33-71) (7.5%) 48 (22-71) (6.8%) 0.20
C 32 16 (25%) 16 (25%) 8 (5-14) (6.4%) 6(3-12) (4.8%) 0.04
D 12 6 (25%) 6 (25%) 3(1-4) (6.2%) 3 (1-4) (5.7%) 0.93
Between regions (PWID)
Coast Nairobi Coast PWID -> Nairobi Nairobi PWID -> Coast PWID -> Nairobi PWID vs.
PWID PWID PWID Coast PWID Nairobi PWID -> Coast PWID
Al 220 110 (25%) 110 (25%) 22 (16-34) (2.5%) 33 (20-59) (4.1%)
Al 176 88 (25%) 88 (25%) 15 (12-20) (2.1%) 25 (16-46) (3.6%) <0.01
C 32 16 (25%) 16 (25%) 4 (2-9) (3.4%) 6 (3-10) (4.5%) 0.02
D 12 6 (25%) 6 (25%) 3(2-5) (7.4%) 2 (1-3) (5.3%) 0.04
Between not-PWID and PWID populations (same region)
Coast not-  Coast-PWID Coast not-PWID -> Coast PWID -> Coast Coast not-PWID -> Coast PWID vs.
PWID Coast PWID not-PWID Coast PWID -> Coast not-PWID
All 220 110 (25%) 110 (25%) 45 (25-75) (5.6%) 25 (16-35) (2.9%)
A1l 176 88 (25%) 88 (25%) 39 (24-60) (5.6%) 19 (14-24) (2.8%) <0.01
C 32 16 (25%) 16 (25%) 4(1-11) (3.5%) 3 (2-7) (2.6%) 0.44
D 12 6 (25%) 6 (25%) 2 (0-4) (4.8%) 3 (0-4) (5.8%) 0.10
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Nairobi Nairobi- Nairobi not-PWID -> Nairobi PWID -> Nairobi not-PWID -> Nairobi PWID vs.
not-PWID PWID Nairobi PWID Nairobi not-PWID Nairobi PWID -> Nairobi not-PWID
All 220 110 (25%) 110 (25%) 47 (20-81) (5.3%) 37 (23-59) (4.2%)
Al 176 88 (25%) 88 (25%) 41 (18-68) (5.8%) 31 (20-48) (4.5%) 0.02
C 32 16 (25%) 16 (25%) 4 (1-8) (3.0%) 4 (2-8) (3.4%) 0.03
D 12 6 (25%) 6 (25%) 2 (1-5) (4.8%) 2 (1-3) (4.6%) 0.69
Between not-PWID and PWID populations (different region)
Coast not- Nairobi- Coast not-PWID -> Nairobi PWID -> Coast not-PWID -> Nairobi PWID vs
PWID PWID Nairobi PWID Coast not-PWID Nairobi PWID -> Coast not-PWID
All 220 110 (25%) 110 (25%) 54 (26-90) (6.1%) 40 (18-59) (4.6%)
Al 176 88 (25%) 88 (25%) 46 (23-74) (6.6%) 33 (15-49) (4.7%) <0.01
C 32 16 (25%) 16 (25%) 5(1-11) (4.2%) 5(2-7) (3.6%) 0.41
D 12 6 (25%) 6 (25%) 3 (2-5) (7.4%) 2 (1-3) (4.5%) 0.04
Nairobi Coast-PWID Nairobi not-PWID -> Coast PWID -> Nairobi not-PWID -> Coast PWID vs.
not-PWID Coast PWID Nairobi not-PWID Coast PWID -> Nairobi not-PWID
All 220 110 (25%) 110 (25%) 40 (21-64) (4.6%) 25 (16-36) (2.9%)
Al 176 88 (25%) 88 (25%) 35 (19-54) (4.9%) 19 (14-24) (2.7%) <0.01
C 32 16 (25%) 16 (25%) 3(1-7) (2.8%) 3(1-4) (2.1%) 0.50
D 12 6 (25%) 6 (25%) 2 (1-3) (4.1%) 3(1-4) (5.8%) 0.06
BAYESIAN Bayes Factor
All between group transitions ‘
Al 702 315 of 702 total branches (44.9%)
Between regions (not-PWID) ‘
Coast not- Nairobi Coast not-PWID -> Nairobi not-PWID -> Coast not-PWID - Nairobi not-
PWID not-PWID Nairobi not-PWID Coast not-PWID > Nairobi not- PWID -> Coast
PWID not-PWID
Al 176 88 (25%) 88 (25%) 118 (52-139) (16.9%) 10 (6-28) (1.4%) >100 9.8
Between regions (PWID) ‘
Coast Nairobi Coast PWID -> Nairobi Nairobi PWID -> Coast PWID -> Nairobi PWID ->
PWID PWID PWID Coast PWID Nairobi PWID Coast PWID
Al 176 88 (25%) 88 (25%) 24 (7-40) (3.4%) 13 (5-29) (1.8%) 8.4 0.4
Between not-PWID and PWID populations (same region) ‘
Coast not-  Coast-PWID Coast not-PWID -> Coast PWID -> Coast Coast not-PWID - Coast PWID ->
PWID Coast PWID not-PWID > Coast PWID Coast not-PWID
Al 176 88 (25%) 88 (25%) 23 (9-56) (3.2%) 3 (2-5) (0.5%) 1.6 0.1
Nairobi Nairobi- Nairobi not-PWID -> Nairobi PWID -> Nairobi not-PWID  Nairobi PWID ->
not-PWID PWID Nairobi PWID Nairobi not-PWID -> Nairobi PWID Nairobi not-
PWID
Al 176 88 (25%) 88 (25%) 44 (3-68) (6.2%) 3 (2-5) (0.5%) 0.5 0.2
Between not-PWID and PWID populations (different region)
Coast not- Nairobi- Coast not-PWID -> Nairobi PWID -> Coast not-PWID -  Nairobi PWID ->
PWID PWID Nairobi PWID Coast not-PWID > Nairobi PWID Coast not-PWID
Al 176 88 (25%) 88 (25%) 15 (6-63) (2.1%) 2 (1-2) (0.3%) 0.3 0.2
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Nairobi Coast-PWID Nairobi not-PWID -> Coast PWID -> Nairobi not-PWID Coast PWID ->

not-PWID Coast PWID Nairobi not-PWID -> Coast PWID Nairobi not-
PWID
Al 176 88 (25%) 88 (25%) 63 (23-82) (9.0%) 7 (3-10) (0.9%) 16.8 0.1

*The not-PWID population is sampled from not-KP, FSW, and MSM sequences proportionate to their population
sizes, with the majority of sequences coming from the not-KP population.
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Supplementary Table S1.9. Transitions between PWID and not-PWID populations from coastal Kenya
and Nairobi using maximum likelihood tree-building and ancestral state reconstruction methods.
Transition counts are reported for terminal branches only (ie. branches leading to the observed
sequences). Trees are down-sampled to have equal numbers of sequences from each group, and counts
are averaged across subtrees (10 for subtype Al and 30 for subtypes C and D) and 20 resolutions of
ancestor states.

SEQUENCE COUNTS
N (% OF ALL SEQUENCES)

TRANSITIONS / JUMPS: TERMINAL BRANCHES
N (% OF SAMPLED SEQEUCNES)

Subtype Total Group 0 Group 1 0->1 1->0
Maximum Likelihood
Between regions (not-PWID)
Coast not- Nairobi not-PWID Coast not-PWID -> Nairobi not-PWID -> Coast
PWID Nairobi not-PWID not-PWID
all 232 (50%) 110 (25%) 110 (25%) 32 (19-51) (7.2%) 24 (12-41) (5.4%))
Al 176 (50%) 88 (25%) 88 (25%) 25 (15-39) (7.1%) 20 (11-32) (5.8%)
C 32 (50%) 16 (25%) 16 (25%) 5(3-9) (7.4%) 3 (1-6) (4.5%)
D 24 (50%) 6 (25%) 6 (25%) 2(1-3) (6.8%) 1(0-3) (5.8%)
Between regions (PWID)
Coast PWID Nairobi PWID Coast PWID -> Nairobi PWID Nairobi PWID -> Coast
PWID
all 232 (50%) 110 (25%) 110 (25%) 12 (7-18) (2.8%) 21 (12-38) (4.8%)
Al 176 (50%) 88 (25%) 88 (25%) 9 (6-11) (2.5%) 18 (11-33) (5.0%)
C 32 (50%) 16 (25%) 16 (25%) 2 (1-4) (2.9%) 2(1-3) (3.0%)
D 24 (50%) 6 (25%) 6 (25%) 1(0-3) (5.1%) 1(0-2) (4.8%)
Between not-PWID and PWID populations (same region)
Coast not- Coast-PWID Coast not-PWID -> Coast PWID Coast PWID -> Coast not-
PWID PWID
all 232 (50%) 110 (25%) 110 (25%) 28 (14-43) (6.3%) 11 (6-16) (2.5%)
Al 176 (50%) 88 (25%) 88 (25%) 25 (14-37) (7.0%) 9 (5-12) (2.5%)
C 32 (50%) 16 (25%) 16 (25%) 2 (0-5) (3.0%) 1(1-2) (2.2%)
D 24 (50%) 6 (25%) 6 (25%) 1(0-1) (3.4%) 1(0-2) (4.4%)
Nairobi not- Nairobi-PWID Nairobi not-PWID -> Nairobi PWID Nairobi PWID -> Nairobi
PWID not-PWID
all 232 (50%) 110 (25%) 110 (25%) 27 (10-52) (6.1%) 18 (9-34) (4.1%)
Al 176 (50%) 88 (25%) 88 (25%) 23 (9-44) (6.5%) 15 (8-28) (4.2%)
C 32 (50%) 16 (25%) 16 (25%) 2 (0-5) (2.9%) 2 (1-4) (2.8%)
D 24 (50%) 6 (25%) 6 (25%) 2 (1-3) (8.1%) 1(0-2) (3.9%)
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Between not-PWID and PWID populations (different region)

all

Al

all

Al

232 (50%)
176 (50%)
32 (50%)
24 (50%)

232 (50%)
176 (50%)
32 (50%)
24 (50%)

Coast not-
PWID
110 (25%)
88 (25%)
16 (25%)
6 (25%)
Nairobi not-
PWID
110 (25%)
88 (25%)
16 (25%)
6 (25%)

Nairobi-PWID

110 (25%)
88 (25%)
16 (25%)
6 (25%)

Coast-PWID

110 (25%)
88 (25%)
16 (25%)
6 (25%)

Coast not-PWID -> Nairobi PWID

29 (12-50) (6.6%)
25 (11-41) (7.0%)
2 (0-6) (3.7%)
2(1-3) (8.1%)
Nairobi not-PWID -> Coast PWID

25 (13-41) (5.7%)
22 (13-36) (6.2%)
2 (0-4) (3.0%)
1(0-1) (3.1%)

Nairobi PWID -> Coast not-
PWID
17 (9-30) (3.9%)
14 (8-26) (3.9%)
2 (1-3) (2.5%)
1(0-2) (3.9%)
Coast PWID -> Nairobi not-
PWID
12 (7-18) (2.8%)
10 (7-13) (2.8%)
1(0-3) (1.8%)
1(0-2) (5.2%)
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Supplementary Figure S2.1. Phylogeny of index-partner pair connections among HIV-1 sequence data.
Arrows are drawn from the index to the partner they identified and colored by the partner-type.
Additional Kenyan reference sequences are incorporated in phylogeny-based analyses (excluded from
this image for clarity).
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Supplementary Table S2.1. Distribution of HIV-1 patristic distances across index-partner pairs stratified
by partner-type. The analysis shown in Table 2 is reproduced using molecular distances extracted from
the HIV phylogeny instead of TN93 distances. The p value comes from the null distribution of the test
statistic (Avg(% controls further than named pairs)) under 2,000 resamplings of the partner for each

index.
Injecting and shared All
Sexual only Injecting only needles or (Sexual, Injecting, and
equipment Sexual & Injecting)
named named named named
. controls . controls . controls . controls
pairs pairs pairs pairs

total distance 13 2130

18 2636 116 18577 150 23630
threshold

- 0.015 2 (11.1%) 1 (0.0004%) 0 (0%) 6 (0.0003%) 0 (0%) 0 (0%) 4(2.7%) 3 (0.0001%)

K]

b 0.045 4(22.2%) 3(0.1%) 2 (1.7%) 23 (0.1%) 0 (0%) 3(0.1%) 9 (6%) 26 (0.1%)

<

g 0.1 6 (33.3%) 304 (11.5%) | 16(13.8%)  2920(16.7%) | 0(0%)  83(3.9%) | 25(16.7%) 3488 (14.8%)

©

? 0.15 13 (72.2%) 1189 (45.1%) | 48 (41.4%) 8961 (48.2%) |2 (15.4%) 473 (22.2%) | 67 (44.7%) 11037 (46.7%)

)

s Z 0.2 13(72.2%) 1605 (60.9%) | 67 (57.8%) 12012 (64.7%) |3 (23.1%) 814 (58.0%) | 87 (58%) 14934 (63.2%)
mean distance 0.13 0.18 0.19 0.17 0.24 0.21 0.18 0.18
Avg (% control
pairs further than 0.71 - 0.45 - 0.33 0.48 -
named pairs)?

p value 0.001 - 0.06 - 0.025 0.34 1

aPercent of index-control pairs with HIV-1 patristic distances > the named index-partner pair, averaged across all pairs. Percents
>50% indicate that HIV sequences from indexes are more similar, on average, to their identified partner than to sequences from

the same region.
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percent of controls further than the named pair

Supplementary Figure S2.2. Percent of index-control pairs with higher sequence molecular distance than
named partner pairs. The percentage of index-control pairs that have less similar HIV sequences (based
on TN93 distance) than the named index-partner pair. Controls consist of SHARP-study participant HIV
sequences from the same region. Black lines indicate the null (50%), teal lines indicate the observed means
(see Avg(% named pairs closer than control pairs) from Table 2). If named partner pairs have excess
sequence similarity, the plots will be skewed towards 1.
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Supplementary Figure S2.3. TN93 distance by A) partner type and B&C) time-since diagnosis. B) Partners
with mean(time-since-diagnosis) >3 years (N = 64) vs. partners with mean(time-since-diagnosis) <2 years
(N = 68). C) Partners with >3 years separating their diagnosis date (N = 72) to partners with <2 years
separating their diagnosis time (N = 57). Boxes cover the 1%t and 3™ quartiles & whiskers cover the range
of values. Outliers are values >1.5X inter-quartile range.
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Supplementary Table S2.2. Associations between partner-pair characteristics and HIV-1 TN93 distance,

using various thresholds.

Pair characteristic values mean aOoR (95% ClI)
(continuous)  (controlling for region)
or
proportion
(categorical)
g
Sequence distance: 0.045 0.10 0.15
Partner type (N = 134) Ref: Injecting only
(excludes those identified as both 116 (86.6%) Ref Ref Ref
sexual and injecting partners)
Sexual only o 27.47 2.63 0.42
18 (13.4%) (4.35-239.36) (0.91-8.77) (0.04-9.75)
Years since diagnosis (N =150) -
averaged between index and partner 3.66 0.85 0.9 0.94
(diagnoses prior to enrollment are ' (0.61-1.07) (0.81-1.00) (0.69-1.40)
self-reported)
Number of years separating index- - 3.98 0.87 0.96 0.75
partner diagnoses? ) (0.65-1.07) (0.88-1.05) (0.53-1.01)
Positive HIV diagnosis prior to Ref: both previously tested o
enroliment (N =150) positive 83 (59.3%) Ref Ref Ref
one partner previously tested 54 (36%) 3.56 1.14 0.28
positive ? (0.89-17.49) (0.58-2.25) (0.01-3.04)
neither partner previously 0 0.72
tested positive 7 (4.7%) (0.14-3.46)
ART use at enrollment (N = 150) Ref: Both partners on ART at 37 (24.7%) Ref Ref Ref
enrollment
One partner on ART at o 2.19 1.35 0.68
enrollment 65 (43.3%) (0.3-44.34) (0.59-3.12) (0.03-7.78)
Neither partner on ART at 2.85 0.69
48 (32.09 -
enrollment 8(32.0%) (0.36-60.01) (0.28-1.73)
Shared needles last month (N = 148)  Ref: Neither partner shared 133 (89.9%) Ref Ref Ref
needles
One or both partners shared o 2.12
needles 15 (10.1%) ) (0.71-7.15) )
Shared needle or injecting Ref: Never with partner 119 (90.2%) Ref Ref Ref
equipment with named partner® Have shared with partner 13 (9.8%) 0.44
(injecting partners only; N = 132) - (0.11-1.44) -
Ever received money or goods for Ref: Neither partner received 18 (12%) Ref Ref Ref
sex (N = 150) money or goods for sex
One partner received money or o 0.77 1.17
goods for sex 66 (44%) (0.16-5.61) (0.4-3.36)
Both partners received money 0.12 0.59
449 -
or goods for sex 66 (44%) (0.01-1.32) (0.20-1.7)
Viral suppression (N = 145) Ref: one or both partners virally o
(<1,000 copies/ml at enrollment) suppressed 47 (32.4%) Ref Ref Ref
neither partner virally o 0.79 2.46 1.04
suppressed 98 (67.6%) (0.18-3.98) (1.21-5.13) (0.05-11.28)

aDiagnosis times prior to enrollment are self-reported

bBased on reporting by index
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Supplementary Figure S2.4. Cascades of participant and partner pairs counts for HCV analysis A)
Counts of participants, culminating in the number of unique participants included in the HCV analysis
and stratified by enrollment type. B) Counts of named partner pairs, culminating in the number of pairs
included in the HCV analysis and stratified by pair type. Some individuals are represented in multiple

partner pairs.
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Supplementary Figure S2.5. Phylogeny of index-partner pair connections among HCV 4a sequence
data. Arrows are drawn from the index to the partner they identified and colored by the partner-type
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Supplementary Table S2.3. Distribution of HCV molecular distances across index-partner pairs,
stratified by subtype. The analysis in Table 4 is reproduced using molecular distances from an HCV
phylogeny. The p value comes from the null distribution of the test statistic (Avg(% controls further than
named pairs)) under 2,000 resamplings of the partner for each index.

4a 1a
named pairs controls named pairs controls

total distance threshold 19 1218 4 136

. 0.005 1(5.3%) 1(0.1%) 0 0

é 0.01 3 (15.8%) 17 (1.4%) 0 1(0.7%)

=

% ozg 0.025 7 (36.8%) 137 (11.2%) 0 7 (5.1%)

% 0.04 19 (100%) 1107 (90.9%) 1(25%) 82 (60.3%)

E 0.10 19 (100%) 1218 (100%) 3 (75%) 121 (89%)
mean distance 0.023 0.037 0.062 0.055
Avg (% control pairs further 0.43
than named pairs)? &5l i
p value <0.001 - 0.68

aPercent of index-control pairs with HCV molecular distance > the named index-partner pair, averaged across all pairs. Percents
>50% indicate that HCV sequences from indexes are more similar, on average, to their identified partner than to other

individuals from the same region.
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