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Abstract

Test-and-treat programs are central to the global control of HIV, but transmitted drug resistance threatens the effectiveness
of these programs. HIV mutations conferring resistance to antiretroviral drugs reduce replicative fitness in vitro, but their ef-
fect on propagation in vivo is less understood. Here, we estimate transmission fitness of these mutations in antiretroviral-
naı̈ve populations in the U.S. National HIV Surveillance System by comparing their frequency of clustering in a genetic
transmission network relative with wild-type viruses. The large dataset (66,221 persons), comprising 30,196 antiretroviral-
naı̈ve persons, permitted the evaluation of sixty-nine resistance mutations. Decreased transmission fitness was demon-
strated for twenty-three mutations, including M184V. In contrast, many high prevalence mutations (e.g. K103N, Y181C, and
L90M) had transmission fitness that was indistinguishable from or exceeded wild-type fitness, permitting the establishment
of large, self-sustaining drug resistance reservoirs. We highlight implications of these findings on strategies to preserve
global treatment effectiveness.

Key words: fitness; transmission network; HIV; drug resistance.

1. Introduction

More than 10 million people worldwide are receiving antiretrovi-
ral therapy (ART) which, when effective at suppressing HIV repli-
cation, is of benefit both in reversing immunodeficiency disease
and reducing transmissibility (Palella et al. 1998; Cohen et al.
2011; Joint United Nations Programme on HIV/AIDS (UNAIDS)
2013; Montaner et al. 2014). Recent evidence demonstrating that
earlier use of ART results in better clinical outcomes than delayed
treatment has prompted recommendations for early initiation of
ART, accelerating further the implementation of a treatment as
prevention strategy (World Health Organization 2015). Likewise
the recommendation for the use of pre-exposure prophylaxis
(PrEP) with tenofovir and FTC for prevention in persons who are
at high risk of HIV acquisition has expanded the importance of
antiretroviral medications in protecting uninfected persons

(Centers for Disease Control and Prevention 2014; World Health
Organization 2015).

The global scale-up of ART in resource-limited countries is
an unprecedented public health accomplishment that was en-
abled by the availability of fixed-dose first-line and second-line
regimens (World Health Organization 2015). The first-line regi-
men consists of a non-nucleoside reverse transcriptase inhibi-
tor (NNRTI; efavirenz/nevirapine) plus two nucleoside analog
reverse transcriptase inhibitors (NRTIs; tenofovir and 3TC/FTC),
whereas the second-line regimen consists of a ritonavir-
boosted protease inhibitor (PI; lopinavir or atazanavir) plus two
NRTIs (most commonly zidovudine and 3TC/FTC) (World Health
Organization 2015). Failure of first-line therapy can occur in up
to 30% of patients per year and is frequently associated with the
acquisition of viruses with NNRTI K103N and/or NRTI M184V
mutations (Barth et al. 2010; McMahon et al. 2013). In a recent
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guidance, WHO maintained NNRTI-based ART as a preferred
first-line regimen but provided the option of using the integrase
inhibitor class of drugs (e.g. dolutegravir) in first-line ART.
Updated second-and third-line ART regimens were also pro-
vided (World Health Organization 2015).

As ART gains a central role in both treatment and prevention
worldwide, there are concerns that drug resistance might limit
its effectiveness, particularly as lifelong ART will increasingly
start earlier and target large populations with varying degrees
of adherence and testing for viral suppression. Transmitted
drug resistance (TDR), the acquisition of a virus containing drug
resistance-associated mutations (DRAMs), can propagate
DRAMs and potentially diminish the effectiveness of ART at a
population level. The global scale-up of ART in resource-limited
countries remains vulnerable to widespread drug resistance be-
cause of limited fixed-dose regimens in settings of sub-optimal
clinical drug resistance monitoring. Surveillance systems that
collect HIV sequence data to track the prevalence of DRAMs
among ART-naı̈ve persons have provided important epidemio-
logic information on TDR worldwide including concerning rise
in TDR (Wheeler et al. 2010; Gupta et al. 2012; Rhee et al. 2015).
However, a better understanding of the drivers of TDR is critical
for optimal management of ART programs. New approaches for
analyzing large collections of sequence data—beyond assessing
DRAM prevalence—can investigate less-understood questions
underlying TDR, such as transmission efficiency and the source
of drug-resistant viruses.

DRAMs, which arise as a consequence of ART-driven selec-
tion provide an advantage to the virus in the presence of drug
but can decrease viral replicative fitness in the absence of anti-
retroviral drugs. This process, which has been well studied in vi-
tro, has demonstrated that some DRAMs have strongly
deleterious effects on replicative fitness (e.g. M184V, K65R, and
T215Y), whereas other DRAMs have weaker fitness effects (e.g.
L90M, Y181C, D67N, L210W) (Mammano et al. 2000; Cong et al.
2007; Jain et al. 2011; Castro et al. 2013). However, relating the
fitness effects of DRAMs that are observed in vitro to transmis-
sion fitness in vivo (i.e. the propensity of a mutation to propa-
gate among hosts relative to wild-type virus at the population
level) remains poorly understood. Persistence in vivo influences
transmission fitness of DRAMs. Available data from untreated
populations has shown differences in DRAM persistence, rang-
ing from months to several years with shorter durations linked
to viruses with low replicative capacity in vitro (Cong et al. 2007;
Jain et al. 2011; Castro et al. 2013; Pingen et al. 2014). Another
factor that influences transmission fitness is virus loads (Quinn
et al. 2000; Cohen et al. 2011).

Previous work has compared DRAM frequencies in ART-
naı̈ve and ART-experienced patients to infer transmission fit-
ness of viruses with DRAMs but found discordant results (Leigh
Brown et al. 2003; de Mendoza et al. 2004; Corvasce et al. 2006;
Poon et al. 2015; Winand et al. 2015), particularly with regard to
K103N. A direct comparison of DRAM frequencies between ART-
naı̈ve and ART-experienced patients will not provide a clear pic-
ture of viral fitness, because the different transmission rates
among these groups are confounded by variable DRAM persis-
tence dynamics, difference in behavior due to awareness of HIV
status, and the effect of ART on virus load and mutation persis-
tence in ART-experienced persons. More recently, studies have
used genetic clustering in viruses with TDR to infer whether
TDR emanated from an ART-naı̈ve or ART-experienced source
(Mourad et al. 2015; Rhee, et al. 2015). However, a comprehen-
sive understanding of the effect of DRAMs on transmission fit-
ness underlying the propagation of TDR is still lacking.

Here, we use a novel molecular approach that compares
transmissibility of wild-type viruses with those viruses contain-
ing DRAMs. We investigate the effect of DRAMs on transmission
fitness using a genetic transmission network constructed from
a large dataset from the U.S. National HIV Surveillance System.
We use clustering in this network as a proxy for transmissibility
to approximate the transmission fitness of DRAMs in ART-naı̈ve
persons relative to wild-type. We find evidence that certain
DRAMS reduce transmission fitness but identify other DRAMs
that are as fit or more fit than wild-type strains, resulting in
self-sustaining drug resistance reservoirs. We discuss the impli-
cations of these findings on the global scale-up of test-and-treat
programs currently underway and on strategies to preserve ART
effectiveness.

2. Methods
2.1 HIV sequences

We analyzed HIV-1 protease (pro) and reverse transcriptase (RT)
containing sequences of the polymerase (pol) gene reported to
the U.S. National HIV Surveillance System from 2001 through
2014 from 66,236 persons. These sequences were collected from
twenty-seven jurisdictions around the United States [see Oster
et al. (2015) for a more detailed description of the population
and transmission dynamics]. Subtyping was performed using a
local installation of COMET (COntext-based Modeling for
Expeditious Typing) (Struck et al. 2014). Only subtypes A, B, C, D,
F, and G and CRFs 01_AE and 02_AG were included, because
their drug resistance profile can be reliably characterized using
Sierra (Liu and Shafer 2006). Sequences had a minimum length
of 500 nucleotides, and when more than one sequence per per-
son was available, the earliest collected sequence was used.
Additional meta-data including transmission risk factor, demo-
graphics, and evidence of ART use was also analyzed.

Persons were classified as ART-naı̈ve if they received their
first genotype within 3 months of diagnosis and had no evi-
dence of prior ART use, in accordance with CDC guidelines.
Persons were classified as ART-experienced if they acknowl-
edged using ARTs prior to the date of their initial genotype. The
108 DRAMs considered in this study comprise the CDC surveil-
lance drug resistance mutation list applied to the data of the
U.S. National HIV Surveillance System (Wheeler, et al. 2010).
This list includes twenty-four NNRTI mutations, forty NRTI mu-
tations, and forty-four PI mutations, all found in the pro and RT
regions of pol.

2.2 Network construction

The transmission network was built using a local version of
HIV-TRACE (www.hivtrace.org) following the protocol described
in Wertheim et al. (2014) and Oster et al. (2015). Sequences were
codon-aligned to an HXB2 reference sequence (positions 2253–
3749). Forty-eight codons associated with drug resistance were
excised from the alignment. Tamura-Nei 93 (TN93; Tamura and
Nei 1993) pairwise genetic distance was estimated for all pairs
of sequences to identify potential transmission partners, de-
fined as persons whose viral sequences were �0.015 substitu-
tions per site divergent. To prevent spurious clustering due to
sequences with high levels of ambiguous nucleotides (e.g. R, Y,
etc.), sequences with >1.5% ambiguities were penalized by aver-
aging the genetic distance between the ambiguous and known
nucleotides (e.g. Y is 0.5 substitutions from both C and T). For
sequences with �1.5% ambiguities, these genetic distances
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were resolved (e.g. Y is zero substitutions from both C and T).
Fifteen sequences were less than 0.015 substitutions per site di-
vergent from the reference sequence (HXB2) and were excluded
as possible contaminants. Transmission clusters were assem-
bled by connecting viral sequences from potential transmission
partners.

2.3 Frequency of clustering in strains containing DRAMs
in ART-naı̈ve persons

Relative transmission fitness was measured in the ART-naı̈ve
population as the frequency of strains with a specific DRAM
that clustered with other strains with that DRAM divided by the
frequency of wild-type strains that clustered with other wild-
type strains.

Because transmission clusters comprise closely related vi-
ruses, mutations tend to be tightly shared among viruses within
a cluster (i.e. founder effects). Therefore, statistical non-
independence can lead to bias when assessing whether strains
containing certain DRAMs clustered more or less frequently
than strains lacking that DRAM. For example, if the appearance
of a DRAM coincided with expansion of a larger cluster, it is dif-
ficult to disentangle the fitness effect of this DRAM with the
growth of the cluster (Vega et al. 2015). Due to this network
structure, a standard X2 test is inappropriate to establish
whether strains containing a DRAM cluster more or less fre-
quently than expected. A valid statistical test needs to correct
for the network structure.

To ameliorate this problem, we constructed a null distribu-
tion of expected deviations from random clustering using low
frequency synonymous variants in the ART-naı̈ve population.
These synonymous variants serve as a proxy for neutral
markers across the transmission network. For all major alleles
(frequency� 95%), we identified majority and minority synony-
mous variants. We then calculated the deviation from expected
clustering frequency using a X2 value for the clustering fre-
quency of the minority synonymous variant, relative to the ma-
jority synonymous variant at that site. Using the distribution of
X2 values from 396 low frequency synonymous variants, we
constructed a test statistic for evaluating deviation from neu-
trality for specific DRAMs (Fig. 1). We considered synonymous
variants with a frequency �2% in our cohort, because most
DRAMs have a frequency of <2% in the ART-naı̈ve population.

Using this test statistic, we can explicitly test whether the clus-
tering frequency of strains containing a particular DRAM is
more extreme than would be expected for a synonymous
variant.

For each DRAM, we calculated the deviation from expected
clustering frequency (X2) and compared this value to the distri-
bution of X2 values from synonymous sites. Only DRAMs for
which we expected �5 clustered and non-clustered strains were
included. We expect this test to be highly conservative, because
it is likely that many of these synonymous variants also have
fitness effects that can increase or decrease their clustering fre-
quency. Therefore, we chose to report results from both the
standard X2 test and network-informed test (highlighting re-
sults below an a of 0.1 for the network-informed test).

2.4 Large clusters

We characterized people in large clusters which included viruses
from at least twenty people. Large clusters with evidence of TDR
were defined as �33% of the viral sequences sharing at least one
DRAM with a potential transmission partner in that cluster. The
demographic and transmission risk factor composition of large
clusters with and without TDR was compared using multivariable
modeling that controlled for clustering of sequences.

2.5 Molecular dating analysis

Molecular dating analysis using a Bayesian Markov Chain
Monte Carlo (MCMC) approach was performed for all large clus-
ters with evidence of TDR using BEAST v.1.8.1 (Drummond and
Rambaut 2007; Drummond et al. 2012). The rate of evolution
was calibrated using date of genotyping. For each cluster, we
ran chains of 10 million generations using a TN93 substitution
model, a constant population size, and a strict molecular clock.
More complicated evolutionary models [i.e. GTRþC4, exponen-
tial population growth, and uncorrelated lognormal relaxed mo-
lecular clock (Drummond et al. 2006)] were not supported by the
data. For example, the 95% highest posterior density interval of
the exponential growth rate parameter and the standard devia-
tion of the lognormal rate distribution abutted against zero. The
first 10% of generations were removed as burn-in, and mixing
was assessed using Tracer v1.6. Trees were visualized using
FigTree v1.4.2.

A B

Figure 1. Synonymous mutations with a prevalence�2.0% in the ART-naı̈ve population. (A) Frequency of synonymous mutations. (B) Distribution of X2 values for ex-

pected clustering frequency of 396 synonymous variants with prevalence�2.0% in ART-naı̈ve persons in the U.S. National HIV Surveillance System genetic transmis-

sion network. This distribution served as a test statistic for determining statistical significance for clustering of drug resistance associated mutations (DRAMs). Long

gray dashed line indicates corrected P¼0.05, and short gray dashed line indicates corrected P¼0.10.
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3. Results
3.1 ART-naı̈ve transmission network

We used HIV-TRACE to construct an HIV genetic transmission
network comprising 5,343 clusters. Of the 66,221 persons in-
cluded in the analysis, 21,106 (31.9%) clustered with at least one
other potential transmission partner [i.e. persons whose viruses
were�0.015 substitution/site divergent, implying a direct or in-
direct epidemiological connection (Wertheim et al. 2017)].
People likely infected via sexual transmission constituted the
majority of individuals in this dataset (81.8%) and were over-
represented in the transmission network (89.7%; Table 1). We
restricted our investigation into transmission fitness to ART-
naı̈ve individuals. Among the 30,196 ART-naı̈ve persons in the
network, 11,692 (38.7%) were potential transmission partners
with another ART-naı̈ve individual (Table 1). Individuals with a
sexual transmission risk factor were also predominant among
the ART-naı̈ve persons (89.3%; Table 1). People who were ART-
experienced or had unknown ART status were included in the
network only for subsequent molecular dating analysis (see be-
low), because ART-experienced people can easily confound fit-
ness estimates. Due to strict inclusion criteria (see Section 2),
97.8% of people in this study were infected with subtype B
(Table 1).

The relative transmission fitness of a DRAM in ART-naı̈ve
persons can be estimated as a proportion: the frequency of
strains with that specific DRAM that cluster with other strains
with that DRAM divided by the frequency of wild-type strains
that cluster with other wild-type strains. A decrease or excess in
the proportion of strains clustering is indicative of fewer or
greater transmission events, respectively. To determine if this
increase or decrease in DRAM clustering frequency is signifi-
cant, we performed both a standard X2 test and constructed a
more conservative test statistic, based on the observed cluster-
ing frequency of low prevalence neutral markers (i.e. synony-
mous mutations), to correct for the underlying network
structure (Fig. 1; see Section 2 for details). We employed this
more conservative test, because it has been suggested that net-
work structure may explain the persistence of DRAMs (Brenner
et al. 2013; Vega et al. 2015): DRAMs in expanding clusters in-
crease in prevalence due to founder effects, rather than driving
the cluster expansion themselves.

Of the 5,127 viruses from ART-naı̈ve persons that contained
at least one DRAM, 1,951 (38.0%) clustered with another ART-

naı̈ve person in the network, and 1,549 (30.2%) clustered with
another ART-naı̈ve person who shared that DRAM (Table 2).
Differences in clustering frequency were also detected for viral
strains containing different classes of DRAMs (e.g. NRTIs,
NNRTIs, and PIs), with strains sharing NRTI mutations having
the lowest frequency of clustering (Table 2).

3.2 Fitness of HIV variants containing specific DRAMs

Of the 108 different DRAMs found in the ART-naı̈ve population,
sixty-nine mutations were present at a high enough frequency
to permit further statistical analysis. Twenty-four DRAMs had
clustering frequencies that deviated significantly from neutral
expectation (Tables 3–5), most of which resulted in a significant
reduction in transmission fitness. For example, strains contain-
ing M184V had a relative fitness of 0.09 (corrected P¼ 0.003;
Table 3), indicating a substantial reduction in transmissibility.
Most of the DRAMs associated with reduced relative fitness
were NRTI mutations (e.g. T215Y, K219Q, and K70R). In contrast,
NRTI mutations that had no significant impact on transmission
fitness included M41L and the T215Y/F revertant mutations:
T215D/S/C/V. Of the thirteen ART-naı̈ve individuals with a K65R
mutation, none clustered with another person with K65R (rela-
tive fitness¼ 0.00; Table 3). But due to the rarity of K65R, we
were unable to detect evidence for a significant reduction in
transmission fitness (corrected P¼ 0.205). We lacked power to
characterize rare DRAMs with expected strong negative trans-
mission fitness consequences (e.g. K65R and L74V; Table 3).

In contrast to these DRAMs with negative fitness conse-
quences, L90M had a relative fitness significantly greater than
1.0 (Table 4), indicating that strains containing this DRAMs had
a transmission fitness that exceeded wild-type strains in the
ART-naı̈ve population (corrected P¼ 0.066).

Other DRAMs (i.e. K103N, K103S, and Y181C) that have rela-
tively high prevalence in the ART-naı̈ve population, greater
than 0.4%, were associated with relative fitness close to 1.0
(Table 5), indicating wild-type-like transmissibility

3.3 Clusters of transmitted drug resistance

Across the entire U.S. National HIV Surveillance System trans-
mission network, including viruses from ART-naı̈ve, ART-
experienced, and ART-unknown persons, we found 212 clusters
comprising four or more people with evidence of TDR (i.e. �33%
of cluster members sharing DRAMs with their potential

Table 1. Transmission risk factor and subtype for HIV-infected people from twenty-seven U.S. jurisdictions included in this study.

Attribute Total Clustered in networka

Any ART-status n (%) ART-naı̈ve n (%)b Any ART-status n (%) ART-naı̈ve n (%)b

All 66,221 (100%) 30,196 (100%) 21,106 (100%) 11,692 (100%)
Risk factor

MSM 33,680 (50.9%) 17,150 (56.8%) 14,341 (67.9%) 8,421 (72.0%)
Heterosexual 20,473 (30.9%) 9,946 (32.9%) 4,484 (21.3%) 2,336 (20.0%)
PWID 10,844 (16.4%) 2,810 (9.3%) 2,133 (10.1%) 869 (7.4%)
Other 1,224 (1.8%) 290 (1.0%) 148 (0.7%) 66 (0.6%)

Subtype
B 64,781 (97.8%) 29,489 (97.7%) 20,916 (99.1%) 11,607 (99.3%)
Non-B 1,440 (2.2%) 707 (2.3%) 190 (0.9%) 85 (0.7%)

aClustered with another ART-naı̈ve individual in network.
bPersons were classified as ART-naı̈ve if they received their first genotype within 3 months of diagnosis and had no evidence of prior ART use.

ART, antiretroviral therapy; MSM, men who have sex with men; PWID, people who inject drugs.
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transmission partners; Fig. 2). Fifteen of these clusters com-
prised at least twenty people, which we classified as large clus-
ters with evidence of TDR (Table 6). We investigated whether
external factors were driving the growth of large clusters with
TDR by comparing the demographic and transmission risk fac-
tor composition of these fifteen large clusters with TDR with the
sixty-five large clusters (i.e. �20 persons) without evidence of
TDR, but found no significant differences in the composition of

large clusters with and without evidence of TDR. These large
clusters were all subtype B.

Large clusters with TDR included DRAMs representative of
resistance to all three drug classes (Table 6). A number of
DRAMs conferring resistance to NNRTIs and PIs (K103N, L90M,
Y181C, and T74S) are represented in multiple large clusters with
TDR. Most of these clusters had high proportions of individuals
with TDR (>90%); however, a few of the clusters with K103N did

Table 2. Number of people with DRAMs of different classes included in study and their frequency of clustering with ART-naı̈ve people with the
same DRAM.

DRAM class Number clustering Total Clustering % Population prevalence P-valuea Corrected P-valueb

DRAM or wild-type 11,692 30,196 38.7% – – –
Any DRAM 1,549 5,127 30.2% 16.98% <0.001 <0.001
NNRTI 924 2,651 34.9% 8.78% <0.001 0.086
NRTI 458 2,028 22.6% 6.72% <0.001 <0.001
PI 421 1,443 29.2% 4.78% <0.001 0.010

aP-value from the unadjusted X2 test.
bProbability that the proportion of strains with DRAM clustering is non-random, after correction for network structure (see Section 2).

DRAM, drug resistance associated mutation; NNRTI, non-nucleoside reverse transcriptase inhibitor; NRTI, nucleoside reverse transcriptase inhibitor; PI, protease

inhibitor.

Table 3. Number of people with NRTI (nucleoside reverse transcriptase inhibitor) DRAM containing strains, frequency of clustering with ART-
naı̈ve people with the same DRAM, and relative fitness in ART-naı̈ve persons.

Mutation Number clustering Total Clustering % Population prevalence Relative fitnessa P-valueb Corrected P-valuec

M41L 157 500 31.4% 1.66% 0.81 0.001 0.111
T69N 79 395 20.0% 1.31% 0.52 <0.001 0.010
T215D 110 258 42.6% 0.85% 1.10 0.215 0.543
T215S 89 257 34.6% 0.85% 0.89 0.203 0.528
D67N 38 189 20.1% 0.63% 0.52 <0.001 0.030
M184V 6 169 3.6% 0.56% 0.09 <0.001 0.003
K219Q 27 151 17.9% 0.50% 0.46 <0.001 0.030
L210W 41 147 27.9% 0.49% 0.72 0.009 0.202
T69A 13 144 9.0% 0.48% 0.23 <0.001 0.010
T215C 39 128 30.5% 0.42% 0.79 0.068 0.376
E44D 20 118 16.9% 0.39% 0.44 <0.001 0.038
A62V 19 113 16.8% 0.37% 0.43 <0.001 0.040
T215E 23 90 25.6% 0.30% 0.66 0.014 0.235
T69D 8 86 9.3% 0.28% 0.24 <0.001 0.028
K70R 6 61 9.8% 0.20% 0.25 <0.001 0.040
T215Y 4 44 9.1% 0.15% 0.23 <0.001 0.071
K219E 5 44 11.4% 0.15% 0.29 <0.001 0.093
K219R 2 43 4.7% 0.14% 0.12 <0.001 0.045
V75I 8 39 20.5% 0.13% 0.53 0.030 0.278
T215I 0 30 0.0% 0.10% 0.00 <0.001 0.051
L74I 4 26 15.4% 0.09% 0.40 0.025 0.270
F77L 0 24 0.0% 0.08% 0.00 <0.001 0.086
D67G 0 24 0.0% 0.08% 0.00 <0.001 0.086
M184I 0 22 0.0% 0.07% 0.00 <0.001 0.098
K219N 0 17 0.0% 0.06% 0.00 0.002 0.144
V75M 0 16 0.0% 0.05% 0.00 0.003 0.149
T215F 0 15 0.0% 0.05% 0.00 0.005 0.169
K70E 0 15 0.0% 0.05% 0.00 0.005 0.169
T215V 2 15 13.3% 0.05% 0.34 0.080 0.409
L74V 0 14 0.0% 0.05% 0.00 0.007 0.182
K65R 0 13 0.0% 0.04% 0.00 0.010 0.205

aRatio of frequency of strains with DRAM clustering to frequency of strains with wild-type clustering.
bP-value from the unadjusted X2 test.
cProbability that the proportion of strains with DRAM clustering is non-random, after correction for network structure (see Section 2); P-values< 0.10 are denoted in

bold.
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have lower frequencies of TDR ranging from 37% to 56.6% (e.g.
clusters 48, 509, 609, 786 in Table 6). This pattern was some-
times due to the appearance of K103N within an already estab-
lished cluster or reversion to wild-type in a predominantly
K103N cluster.

Molecular dating showed that large clusters with TDR typi-
cally have a time of most recent common ancestor (TMRCA)
dating back to the early 2000s (Table 6). Two older mutations
were found in clusters 385 and 1019 in which L90M and Y181C
have been propagating since the 1990s. Several of these large

Table 4. Number of people with PI (protease inhibitor) DRAM containing strains, frequency of clustering with ART-naı̈ve people with the same
DRAM and relative fitness in ART-naı̈ve persons.

Mutation Number clustering Total Clustering % Population prevalence Relative fitnessa P-valueb Corrected P-valuec

L90M 187 386 48.4% 1.28% 1.26 <0.001 0.066
T74S 107 244 43.9% 0.81% 1.13 0.112 0.452
V11I 53 174 30.5% 0.58% 0.79 0.033 0.295
Q58E 29 173 16.8% 0.57% 0.43 <0.001 0.023
M46I 13 170 7.6% 0.56% 0.20 <0.001 0.008
M46L 26 137 19.0% 0.45% 0.49 <0.001 0.040
V82A 28 113 24.8% 0.37% 0.64 0.003 0.149
D30N 41 102 40.2% 0.34% 1.04 0.835 0.879
N88D 41 97 42.3% 0.32% 1.09 0.539 0.735
I85V 25 89 28.1% 0.29% 0.73 0.052 0.341
I54V 19 69 27.5% 0.23% 0.71 0.074 0.389
I84V 20 65 30.8% 0.22% 0.79 0.235 0.563
L24I 10 33 30.3% 0.11% 0.78 0.415 0.694
V32I 2 32 6.3% 0.11% 0.16 <0.001 0.093
I47V 2 19 10.5% 0.06% 0.27 0.022 0.263
F53L 2 16 12.5% 0.05% 0.32 0.058 0.351
G73S 0 15 0.0% 0.05% 0.00 0.005 0.169
I54M 4 15 26.7% 0.05% 0.69 0.488 0.725
L76V 6 14 42.9% 0.05% 1.11 0.965 0.972

aRatio of frequency of strains with DRAM clustering to frequency of strains with wild-type clustering.
bP-value from the unadjusted X2 test.
cProbability that the proportion of strains with DRAM clustering is non-random, after correction for network structure (see Section 2); P-values< 0.10 are denoted in

bold.

Table 5. Number of people with NNRTI (non-nucleoside reverse transcriptase inhibitor) DRAM containing strains, frequency of clustering with
ART-naı̈ve people with the same DRAM, and relative fitness in ART-naı̈ve persons.

Mutation Number clustering Total Clustering % Population prevalence Relative fitnessa P-valueb Corrected P-valuec

K103N 676 1821 37.1% 6.03% 0.97 0.332 0.629
Y181C 95 245 38.8% 0.81% 1.00 0.971 0.980
G190A 64 217 29.5% 0.72% 0.76 0.006 0.179
K103S 47 134 35.1% 0.44% 0.91 0.440 0.710
P225H 30 116 25.9% 0.38% 0.67 0.006 0.174
A98G 28 103 27.2% 0.34% 0.70 0.021 0.260
K101E 11 99 11.1% 0.33% 0.29 <0.001 0.028
Y188L 28 96 29.2% 0.32% 0.75 0.069 0.381
H221Y 13 80 16.3% 0.26% 0.42 <0.001 0.063
L228R 10 61 16.4% 0.20% 0.42 0.001 0.101
G190S 3 28 10.7% 0.09% 0.28 0.004 0.162
E138Q 2 27 7.4% 0.09% 0.19 0.002 0.136
L100I 0 23 0.0% 0.08% 0.00 <0.001 0.093
K101P 4 19 21.1% 0.06% 0.54 0.178 0.510
K101H 9 18 50.0% 0.06% 1.29 0.459 0.715
V106A 0 17 0.0% 0.06% 0.00 0.002 0.144
V106M 0 14 0.0% 0.05% 0.00 0.007 0.182
G190E 0 14 0.0% 0.05% 0.00 0.007 0.182
Y188H 0 13 0.0% 0.04% 0.00 0.010 0.205

aRatio of frequency of strains with DRAM clustering to frequency of strains with wild-type clustering.
bP-value from the unadjusted X2 test.
cProbability that the proportion of strains with DRAM clustering is non-random, after correction for network structure (see Section 2); P-values< 0.10 are denoted in

bold.
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clusters have not experienced reversion away from DRAM back
towards wild-type, including the two largest clusters with TDR.
Notably, viruses from ART-experienced people containing
DRAMs were often nested in the phylogeny among viruses from
ART-naı̈ve people with the same DRAMs (Fig. 3; Table 6), dem-
onstrating successive transmission of DRAMs from ART-naı̈ve
persons to individuals who later initiated ART.

4. Discussion

Acquired drug resistance in ART-treated persons is the original
source of TDR, but the ability of TDR to further spread at the

population level among drug-naı̈ve individuals heightens public
health concerns as TDR threatens the effectiveness of ART. In this
study, we assessed the relative transmission fitness of HIV strains
containing DRAMs across a large U.S. National HIV Surveillance
System genetic transmission network. This network reflects
mostly sexual transmission, the main route of HIV spread globally,
and subtype B, viruses which share similar DRAM profiles with
non-B viruses, underscoring the relevance of these findings to the
global HIV epidemic. After correcting for founder effects in the un-
derlying network, we demonstrate that transmission fitness of
strains containing certain major DRAMs were indistinguishable
from or exceeded the transmission fitness of wild-type viruses.

Figure 2. HIV-1 clusters with evidence of transmitted drug resistance (TDR):�33% of nodes share a drug resistance associated mutation with a potential transmission

partner. Two hundred and twelve clusters with four or more members are shown. Squares are men and circles are women. Red edges indicate a shared drug resistance

associated mutation (i.e. TDR). ART-naı̈ve nodes are light blue and ART-experienced nodes are dark blue. Gray nodes indicate that ART status was unknown.
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Persons infected with virus containing L90M were involved
in increased rates of transmission across the network, which
may explain why this mutation is still prevalent among trans-
mitted viruses long after replacement of nelfinavir/saquinavir.
And viruses containing other prevalent DRAMs, such as K103N
and Y181C, were not significantly different from wild-type virus.
We also show that viruses with these DRAMs formed large
transmission clusters and document long-standing transmis-
sion chains tracing back over a decade among ART-naı̈ve per-
sons. These findings are in accordance with the long intra-host
persistence of transmitted K103N and L90M averaging 3.7 and
5.8 years, respectively (Jain et al. 2011; Castro et al. 2013), and
document the establishment of endemic self-sustained drug re-
sistance reservoirs that persist in ART-naı̈ve populations.

The ease of propagation of K103N strains is of particular im-
portance to resource-limited countries, where a standard first-
line NNRTI-based regimen is widely used without routine drug
resistance or virus load testing. In this setting, transmitted
NNRTI resistance increases risk of ART failure and selection for
DRAMs, further increasing the risk of resistance propagation
and limiting second-line treatment success (Hamers et al. 2012;
Lee et al. 2014; TenoRes Study Group 2016). A recent meta-
analysis found that transmitted NNRTI resistance post ART
scale-up continues to rise in different parts of the world with
yearly odds increases ranging from 1.06- to 1.19-fold (Rhee et al.
2015). Thus, if NNRTI TDR continues to increase, fueled by
higher transmission from ART-treated populations and efficient
onward spread among ART-naı̈ve persons, TDR will continue to
weaken the efficacy of first-line NNRTI-based therapy. The
point at which this regimen becomes ineffective is hard to pre-
dict, but mathematical models calibrated by new data from this
and other studies will be important for inferring this threshold
(Wagner et al. 2012; Phillips et al. 2014). Such modeling will as-
sist public health policy to expedite a shift to a first-line therapy
that contains an integrase inhibitor (dolutegravir) as a preferred

regimen. Preceding a necessary shift to a dolutegravir-based
regimen, strategies to safeguard the efficacy of the available
NNRTI-based first-line therapy will include both virus load and
drug resistance testing to better manage ART and identify
which patients should start with the second-line PI-containing
regimen. However, given that the resources and capacity to per-
form drug resistance testing in resource-limited countries are
limited, expedited development and implementation of inex-
pensive and easy-to-use resistance screening approaches may
be necessary (Johnson et al. 2008; Hoffmann et al. 2011).

The enhanced transmission of L90M strains is also notewor-
thy, as it has implications on second-line regimens containing
lopinavir or atazanavir in resource-limited countries. L90M is
associated with decreased susceptibility to both of these drugs
as well as to early generation saquinavir, nelfinavir, and indina-
vir (Rhee et al. 2010). In the largest cluster with TDR, every virus
had L90M and T74S, and the cluster had a TMRCA of 2000 (1998–
2002), consistent with the first availability of PIs between 1995
and 1997 (see https://aidsinfo.nih.gov/education-materials/fact-
sheets/21/58/fda-approved-hiv-medicines). L90M is one of the
most commonly transmitted PI mutations globally, highlighting
the need to better understand its clinical impact on the efficacy
of second-line therapy (Rhee et al. 2015).

In contrast to resource-limited countries, the propagation of
K103N and L90M will be more easily managed in resource-rich
countries because of the availability of drug resistance testing
to identify active drugs and multiple regimens, including re-
cently recommended integrase inhibitor-based regimens for
first-line therapy. Nonetheless, the clinical management of TDR
will likely raise the cost and complexity of ART, underscoring
the importance of reducing the size of these drug resistance res-
ervoirs. Importantly, the high level of TDR propagation docu-
mented in the U.S. National HIV Surveillance System is
concordant with that found in Switzerland and the United
Kingdom, where 70–84% of TDR had a drug-naı̈ve source

Table 6. Phylogenetic analysis of large clusters with evidence of TDR.

Cluster No.
taxa

Predominant
TDR Mutation(s)

Mutation TMRCA year:
mean (95% HPD)

% members
with TDR

No. ART-
experienced

194 80 L90M 2000 (1998–2002) 100% 5
T74S 2000 (1998–2002) 100%

192 58 Y181C 2005 (2004–6) 100% 2
48 51 K103N 2001 (1998–2004) 39.2% 2
1805 44 K103N/S 2004 (2003–6) 88.6% 3
374 42 V11I 2001 (1998–2002) 92.9% 1
385 40 L90M 1993 (1987–98) 100% 2
375 34 K103N/S 2000 (1999–2004) 100% 0
472 33 K103N/S 2003 (2000–5) 100% 4
84 28 T74S 2002 (2000–4) 96.4% 0
509 27 K103N –a 37.0% 4
609 27 K103N –a 44.4% 0

Y181C –a 100%
T215D –a 100%
L210W –a 63.0%
M41L –a 88.9%

786 23 K103N 2004 (2002–5) 56.6% 2
175 21 T74S 2002 (1997–2005) 66.7% 1
524 21 K103N 2005 (2000–8) 81.0% 0
1019 20 Y181C/V 1998 (1993–2003) 65.0% 1

M46L 2005 (2003–9) 25.0%

aMarkov chain Monte Carlo (MCMC) runs did not converge due to insufficient temporal signal.

TDR, transmitted drug resistance; TMRCA, time of most recent common ancestor, HPD highest posterior density.
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Figure 3. Molecular dating analysis of six large HIV-1 clusters with evidence of transmitted drug resistance. Phylogenies are colored according to predominant drug re-

sistance associated mutations. Persons who were ART-experienced at the time of genotyping are denoted with a black “E.” Persons who were ART-naı̈ve at the time of

genotyping are denoted with a gray “N.” Persons whose ART status was unknown have unlabeled branch tips. Nodes with posterior support�0.90 are designated with

an asterisk. See Table 6 for more details on clusters.

J. O. Wertheim et al. | 9



(Drescher et al. 2014; Mourad et al. 2015). All these data point to
the critical role of untreated or undiagnosed individuals in the
spread of DRAMs and suggest that the waning of TDR will be
limited unless a larger proportion of the HIV-infected popula-
tion with DRAMs are diagnosed earlier and treated with appro-
priate ART regimens to achieve virus suppression and prevent
the spread of drug resistance (Drescher et al. 2014; Mourad et al.
2015). Our findings in the USA show a higher TDR prevalence
than in resource-limited countries. This observation reflects the
longer history of ART in the USA, but also serves as a harbinger
of the future trends of TDR in resource-limited countries, which
will likely include the establishment of similar drug resistance
reservoirs particularly with NNRTI-resistant viruses that will
continue to grow possibly at a faster rate than that oberved in
the USA fueled by the the lack of drug resistance testing and
close management of treated populations (Rhee et al. 2015).

We also identified DRAMs that have low transmission fit-
ness and propagate poorly compared with wild-type viruses.
M184V and K65R, mutations that can potentially diminish the
efficacy of ART and PrEP, were rarely detected and even less
likely to be transmitted across clusters. These results are reas-
suring, because they suggest that these mutations are unlikely
to propagate in the ART-naı̈ve population and have little impact
on the efficacy of PrEP. Their low transmission fitness reflects a
high replicative impairment by these mutations leading to inef-
ficient sexual transmission, and fast reversion dynamics, which
reduces the chance of onward transmission (Jain et al. 2011;
Castro et al. 2013). This finding is consistent with data in ma-
caque models in which both M184V and K65R were found to re-
duce transmission efficiency requiring higher concentrations of
virus to achieve infection (Cong et al. 2011, 2013). In addition,
macaques infected with these mutant viruses exhibited lower
virus loads compared with those infected with wild-type virus,
suggesting lower potential for onward transmission (Cong et al.
2011).

Additional DRAMs with low propagation potential included
the thymidine analog mutations (TAMs) T69N/D, D67N, K219Q,
and F77L, which can be traced back to the predominant use of
zidovudine in the early days of ART but remain particularly rele-
vant to resource-limited countries where zidovudine is used in
second-line therapy (Cong et al. 2007). The low transmission fit-
ness of these DRAMs predicts waning TDR prevalence over
time, but the rate of this decline can be lessened by new trans-
missions from ART-treated patients.

Prior to 2013, the U.S. National HIV Surveillance System
database preferentially collected sequences from persons who
were first genotyped within 3 months of diagnosis. Therefore,
viruses from ART-experienced persons comprise only 7.7% of
the sequences in this database. Nonetheless, we can still make
inference about the origin of DRAMs in ART-experienced per-
sons found in large clusters with TDR (Fig. 3). Because these
DRAMs were typically present in the clusters dating back to the
time of initial diversification, it is likely that the DRAMs in these
ART-experienced people represent transmitted drug resistance,
rather than de novo mutation selected by ART. For example,
Cluster 472 has a TMRCA in 2003 (2000–2005), and all individuals
in this cluster, including the presumed ancestor, has K103N (Fig.
3E; Table 6). Four ART-experienced people carrying K103N were
documented in this cluster; the most parsimonious explanation
for the presence of DRAMs in these ART-experienced people is
that at least three of these ART-experienced people were in-
fected by TDR.

Correcting for network structure by using the clustering fre-
quency of synonymous variants represents a novel approach

for estimating the fitness effects of heritable traits across a
transmission network. However, this approach results in a se-
vere loss of statistical power to detect fitness effects. For exam-
ple, a X2 value of 3.84 is sufficient to detect a significant
difference at P¼ 0.05 and 1 degree of freedom in a non-network
adjusted test. For the novel test statistic used here, the compa-
rable X2 value for significance with a corrected P¼ 0.05 is 17.18
with 1 degree of freedom. This test statistic is likely highly con-
servative, because synonymous mutations in HIV are unlikely
to be universally selectively neutral due to RNA secondary
structure and codon preferences. Both positive and negative se-
lection on synonymous variants will push the test statistic to-
wards more extreme values, resulting in more conservative
estimates of significance. Therefore, it is probable that the devi-
ations from neutrality reported here do reflect natural selection
pressure and are not an artifact of network structure.

In conclusion, we use a novel approach to systematically as-
sess the transmission fitness of DRAMs using a large and well-
characterized surveillance dataset. The stringent network
methods and the large dataset validate the conclusions of the
analysis. We document the existence of self-sustaining drug re-
sistance reservoirs among U.S. transmission networks that
have important implications for the success of the global ART
programs. The study shows how this type of sequence analysis
is an important component of TDR surveillance and how it can
aid in developing mitigation strategies to minimize the impact
of drug resistance and inform strategic decisions on changing
ART regimens to preserve effective ART programs.
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