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ABSTRACT: Next generation sequencing (NGS)/deep sequencing
has become an important tool in the study of viruses. The use of
unique molecular identifiers (UMI) can overcome the limitations of
PCR errors and PCR-mediated recombination and reveal the true
sampling depth of a viral population being sequenced in an NGS
experiment. This approach of enhanced sequence data represents an
ideal tool to study both high and low abundance drug resistance
mutations and more generally to explore the genetic structure of viral
populations. Central to the use of the UMI/Primer ID approach is the
creation of a template consensus sequence (TCS) for each genome
sequenced. Here we describe a series of experiments to validate
several aspects of the Multiplexed Primer ID (MPID) sequencing
approach using the MiSeq platform. We have evaluated how
multiplexing of cDNA synthesis and amplicons affects the sampling
depth of the viral population for each individual cDNA and amplicon to understand the relationship between broader genome
coverage versus maximal sequencing depth. We have validated reproducibility of the MPID assay in the detection of minority
mutations in viral genomes. We have also examined the determinants that allow sequencing reads of PCR recombinants to
contaminate the final TCS data set and show how such contamination can be limited. Finally, we provide several examples where we
have applied MPID to analyze features of minority variants and describe limits on their detection in viral populations of HIV-1 and
SARS-CoV-2 to demonstrate the generalizable utility of this approach with any RNA virus.
KEYWORDS: next generation sequencing, unique molecular identifier, drug resistance mutation, viral diversity, Primer ID,
template consensus sequence

RNA viruses, including human immunodeficiency virus
type-1 (HIV-1), can display extensive genetic diversity

arising from multiple factors, including the error-prone viral
polymerase, rapid turnover of the viral population, selective
pressures from the host immune system or from antiviral
drugs, and viral recombination when two or more viruses co-
infect the same cell.1−5 Genetic diversity can often be seen in
the context of disease progression, pathogenesis, evolution of
increased virulence, and evolution of drug resistance.
Information about viral populations can be used to look for
drug resistant variants present as minor variants or to track
immune escape variants that may be escaping using several
distinct pathways. Such information gives insight into the
biology of a virus but can also be useful in choosing the proper
active antiviral regimen and potentially assist in vaccine design.

The key to understanding the genetic structure of a viral
population is accurate sequencing of individual viral genomes
and accurate quantification of the number of genomes
sequenced/sampled in the target viral population (i.e.,
sampling depth). There are two very different approaches to
achieving such high quality information about a viral
population. The first approach developed was template end-
point dilution PCR (also known as single genome
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amplification [SGA] or single genome sequencing [SGS]) to
generate amplicons from individual viral RNA templates
combined with Sanger sequencing of the PCR product.6−10

This approach gives high quality data but is time-consuming,
labor-intensive, and expensive with usually no more than a few
dozen sequences generated to characterize the viral popula-
tion.11−13 The low throughput of this approach limits the
sampling depth of the viral population. Another approach to
study the within-host viral population is to use next generation
sequencing (NGS) technology to conveniently increase the
sampling depth of the viral population. Unlike Sanger
sequencing, which generates one consensus sequence, NGS
generates many sequences in parallel. These deep sequencing
technologies have the potential to greatly extend the sampling
depths of viral populations, but the direct application of these
platforms suffers from two serious flaws. The first problem is
that NGS platforms are error-prone, making the search for
minor variants something of a futile act;14,15 and second, the
preceding PCR amplification of the initial cDNA product
completely obscures the number of viral genome templates
being sequenced and breaks the link between specific
sequences and specific viral RNA genomes. Thus, artifactual
heterogeneity is introduced into the sequence data set due to
PCR mis-incorporation/recombination16,17 and platform
sequencing error, while artifactual homogeneity is introduced
by repetitive sequencing of PCR copies of the original
templates (PCR resampling).18 Thus, simple applications of
NGS approaches are seriously flawed in their ability to
accurately probe and quantify diversity in viral populations.
We and others have resolved the limitations of conventional

NGS approaches by including a block of degenerate
nucleotides (unique molecular identifier [UMI] or Primer
ID) in the initial cDNA primer, which adds a unique sequence
tag to each cDNA product. This tag is carried along through
the entire PCR/sequencing process.19−25 Sequence reads in
the final data set with the same Primer ID can now be

identified as coming from the same original viral RNA template
and thus can be collapsed to create a template consensus
sequence (TCS) for each individual starting template. Figure 1
shows the principle of using the Primer ID sequencing
approach. Using the approach of creating a TCS for each
starting template allows for the elimination of most of the
errors generated by PCR mis-incorporation, PCR recombina-
tion, and platform sequencing error. As important, the
sampling depth (number of genomes sequenced) from the
initial viral population is revealed by the total number of TCSs
(i.e., the number of different Primer IDs). We have directly
measured the residual error rate of the Primer ID-guided
sequencing to be around 1 in 10000 nucleotides of TCSs from
an RNA template control, potentially just the residual error of
incorporation by reverse transcriptase during reverse tran-
scription to generate the cDNA. Thus, the Primer ID approach
combined with NGS can be used to detect viral diversity with
the advantage of revealing the true sampling depth of the viral
population while also greatly suppressing the method-
introduced sequencing errors. The addition of a Primer ID/
UMI at the cDNA synthesis step represents a small
modification to what is otherwise the widely used experimental
design of sequencing viral RNA. The pooling of Primer IDs in
the raw read output to create the error-corrected TCS for each
starting RNA template requires a modest additional algorithm.
In this work, we use Primer ID-guided NGS for deep

sequencing RNA virus populations to detect overall diversity of
a viral population and also to detect low level drug resistance
mutations (DRMs) in viral populations. In addition, we
describe our use of multiplexed Primer ID (MPID) with the
MiSeq platform to extend the length of the viral genome
sequenced within a single reaction. Along with these
approaches, we present data showing validation of the MPID
MiSeq assay reproducibility. Finally, we present several
examples where we have applied MPID MiSeq sequencing to
the study of HIV-1 and SARS-CoV-2 viral populations.

Figure 1. Primer ID approach. (a) The structure of the Primer ID primer and its binding to the viral RNA template. (b) An example of creating the
template consensus sequence from raw sequence reads.

https://pubs.acs.org/doi/10.1021/acsinfecdis.2c00319?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsinfecdis.2c00319?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsinfecdis.2c00319?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsinfecdis.2c00319?fig=fig1&ref=pdf


■ RESULTS AND DISCUSSION
Impact of Multiplexing cDNA and Forward Primers

on Viral Population Sampling Depth. The use of multiple
cDNA primers in a single RT reaction and the subsequent
PCR amplification of multiple amplicons, each with a distinct
upstream/forward primer, increases the amount of sequence
information from across the viral genome. However, this
approach has the potential to reduce the number of viral
genomes sequenced in each region within the viral population,
which would limit the sampling depth of the population when
evaluating the existence of minor variants. While the different
amplicons have different upstream PCR primers they share a
common downstream PCR primer included at the 5′ end of
the cDNA primers. To examine the magnitude of the effect of
multiplexing on sampling depth and the impact of cDNA
primer placement, we used cDNA primers (with Primer ID)
and PCR in a combinatorial design and determined the
number of TCSs recovered (a measure of sampling depth) in
parallel sequencing runs (Multiplex Primer ID, MPID). The
combination of amplicons is described in Figure 2a. Each
combination had two replicates, and we used the same amount
of input HIV-1 RNA (approximately 5000 copies) from 8E5
cell supernatants for the library prep in each replicate. The
multiple reads of a single Primer ID sequence were used to
create a TCS for each sequenced template; thus the data in
Figure 2b are recorded as the number of TCSs for each region
sequenced as a function of the number of cDNA primers
included in the initial cDNA synthesis reaction and the
combination of regions tested.
As can be seen in Figure 2b, the different cDNA/forward

primers vary in their efficiency of priming RT synthesis and
PCR leading to different numbers of TCSs recovered for each

region even though they were all included in a single reaction.
This difference for each region could be due to differing
efficiencies of priming at the different regions of the genome or
differences between the complementary region of the primer
and the viral genome for individual viral RNA populations.
What is also apparent in the data in Figure 2 is that the
presence of multiple cDNA/forward primers can reduce the
recovery of TCSs. In Figure 2c, we normalized the TCS
number with the P1 (protease/PR region primers alone).
Three trends are apparent. First, including an additional
amplicon in the pol region (RT or IN) reduced the sequencing
depth in PR by 10−20%, but this did not have an effect on the
distal env amplicon V1/V2 (P2, P3, P6, P7). Second, when all
three proximal amplicons were included (PR, RT, IN), then all
amplicons were suppressed by 20−40% (P5, P8). Third, only
when all four amplicons were included together did the distal
amplicon (V1/V2) now show about a 25% decrease (P8).
Thus, there is a trade-off when using a multiplexing strategy in
that overall sequence sampling depth of the viral population for
each region can be reduced, especially for those regions in
close proximity on the viral genome, and a higher number of
amplicons can have a generally suppressive effect. However,
these effects were all less than 2-fold, and in many cases, the
number of templates sequenced is more than sufficient for the
question under study making the multiplex design advanta-
geous.
Validation of the Detection of Minority Variants

Using Repeat Testing. For a method to be useful in
interpreting the sequence diversity of a viral population, it must
be reproducible. We tested the reproducibility of MPID MiSeq
by repeatedly sequencing the same sample, using a total of 3
different HIV+ plasma specimens described in a previously

Figure 2. Multiplexing of regions impacts the recovery of TCSs. In this experiment, we used 8 different combinations of HIV-1 amplicons. (a) List
of 8 combinations of regions in the experiment and their locations on the HIV-1 reference genome map. (b) Average number of TCSs at each
region in 8 combinations. (c) Normalized TCS numbers to P1 (PR only).
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published study.26 Figure 3a shows the reproducibility of TCSs
obtained. The variations of TCS obtained among duplicates
are all within 10% of the average of TCS obtained. It is worth
noting that although similar numbers of RNA templates were
present for each sample, the number of TCSs recovered
differed both by region and by clinical specimen. These data
highlight the variability in the number of RNA templates
actually sequenced between different clinical specimens, again
a feature that is obvious only when using a UMI to count the
individual templates sequenced; in this case, template
utilization ranged from approximately 5% to 25% between
the specimens and regions sequenced. The extreme example of
poor template utilization comes when there is a failure to
amplify anything and template utilization is 0%; in general,
25% represents the upper limit of what we have been able to
obtain, and 5% to 10% template utilization from clinical
specimens is a common outcome. Thus, assuming a high
percentage of RNA template utilization in an NGS experiment
that does not include a UMI likely overestimates the
population sampling quality/depth by 10-fold or more.
We next looked at the reproducibility of detection of minor

variants in these viral populations. The abundances of minority
variants (1% to 30%) were within 10% difference of the
average abundance of all replicates. As shown in Figure 3b,

position 2751 (RT amino acid codon position 68) had a
minority mutation (GGT to AGT, Gly to Ser), with an average
abundance of 12% in specimen S1 (with sampling depth of
approximately 1800 TCSs). The detection of mutations at this
position is consistent throughout the 5 replicates. We also
plotted the coefficient of variation (CV) for each minority
mutation detected in these 3 specimens against their mean
frequencies (Figure 3c). It can be seen that the CV remains
low (less than 0.5) for mutations greater than 1% abundance
but is higher for mutations at lower abundance. The data
suggest that the MPID NGS protocol is consistent in the
detection of minority mutations but can have higher variance
in the mutation frequencies when the true abundance of a
mutation is low, especially when the abundance gets closer to
the lower detection sensitivity. This is the expected outcome
based on the rules of random sampling. If greater accuracy is
needed for low abundance variants, then a larger number of
TCSs is required to increase sampling depth.
To demonstrate this feature of the detection of minor

variants as a function of changing input template number, we
varied template input. Higher numbers of templates (giving
rise to higher numbers of TCSs) should give similar values for
the abundance of a minor variant, but as templates becoming
limiting the estimate of abundance should be compromised by

Figure 3. Reproducibility of MPID NGS in the detection of minority mutations. (a) Number of template consensus sequences (TCSs) at all
sequenced regions of multiplexed drug resistance testing for three specimens. (b) Reproducibility of minority mutation detection in 3 specimens;
mutation frequencies and confidence interval of position 2751 G to A mutation (RT amino acid codon position 68) in sample S1 across 5
replicates. (c) Mean frequency and coefficient of variation of each minority mutation detected by repeated MPID-NGS of 3 different samples. (d)
Frequencies and confidence intervals of minority mutations detected from repeated sequencing using different number of RNA templates from the
same specimen. TCS, template consensus sequence. CI, confidence interval. PR, protease. RT, reverse transcriptase. IN, integrase.
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sampling variability. This phenomenon can be seen in Figure
3d. In this experiment, we used different numbers of input
templates from one specimen and sequenced them using the
MPID MiSeq protocol. We plotted the observed frequencies
and 95% CI of a position 2464 C to T mutation as a function
of the TCS number. The mutation frequencies detected are
generally consistent across the replicates, but more variability is
observed with the decrease in TCS number; the sum of the
data suggests the true abundance of this variant in the
population is in the range of 20%. This exercise highlights the
difference between detecting a minor variant (with one or a
few TCSs with the mutation) as opposed to establishing an
accurate estimate of its true abundance (with the accuracy
going up with the number of TCSs with that mutation
recorded).
Evaluation of the Impact of PCR-Mediated Recombi-

nation. During the PCR any prematurely terminated tran-
scripts can serve as primers during a subsequent cycle, creating
artifactual recombinants between different templates, a well-
known phenomenon during the many cycles used for PCR. For
recombination events that happen after the first few cycles of
PCR, the creation of a TCS for each RNA genome sequenced
should obscure the presence of the recombinants since they
will represent a minority of the sequences for that original
template. To test the impact of PCR-mediated recombination
on the structure of the viral population as detected by MPID,
we carried out the following experiment. We used viral RNA
isolated from tissue culture supernatants after separately
growing two strains of HIV-1 in tissue culture. These two

strains were generated from molecular clones that were
identical except for two drug resistance mutations (DRMs)
positions placed near the ends of the PR region (L10I and
I93L, referred as the L10I mutant and the I93L mutant,
respectively). We mixed these two mutants as extracted viral
RNA at ratios of 1:100, 1:10, 100:1, and 10:1, each with 4
replicates, and used the Primer ID MiSeq protocol to deep
sequence the viral genomes at the PR region (examining
between 10000 and 29000 TCSs at each ratio). After
sequencing, we examined each TCS for its sequences at PR
positions 10 and 93. TCS with 10I and 93L (both mutations),
as well as 10L and 93I (no mutations), on the same sequence
were classified as recombinants. We calculated the rate of
recombination for each ratio of mutant mixture. Figure 4a is
the plot for the recombination rates for the 4 types of mutant
mixtures. The average frequency of TCSs that included
recombination across replicates are labeled on top of the
bars. Overall the recombination rates detected after TCS
formation were extremely low across all types of mutant
mixtures, ranging from 0.008% to 0.02%. The 10:1 and 1:10
mixtures had slightly higher recombination rate but not
significantly different from 100:1 or 1:100 mixtures. This
experiment demonstrated that the MPID protocol can
eliminate the vast majority of the sequences generated by
PCR-mediated recombination through the formation of TCSs;
in other words, when looking at 1000 TCSs from a sample, it is
likely that none of them represents an artifactual recombinant.
To further understand the reason for the residual TCS

recombinants after MPID sequencing, we performed simu-

Figure 4. Recombination rate measure by Primer ID NGS. (a) Recombination rates of 4 types of mutant mixtures after MPID MiSeq sequencing.
The average recombination rates are labeled on top of the bars. (b) Simulations to explore the factors correlated to residual recombination from
one of the L10I/I93L = 10:1 replicate, correlation of the number of raw sequences and recombination rate. (c) Correlation of the average number
per distinct PID and recombination rate. PID, Primer ID.
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lations to explore the correlation of the number of raw
sequence reads per TCS and the recombination rate. The
simulations were based on sequence data from one of the
mutant mixtures (L10I/I93L = 10:1). The total number of raw
sequence reads for this library was 1 033 854, from which we
created 10 017 TCSs, and only 1 of the TCSs was a
recombinant. We randomly selected 10 000 to 500 000 raw
sequence reads and processed the data using the same pipeline
(tcs pipeline and variant analysis at PR position 10 and 93).
We performed the process independently 3 times and plotted
the recombination rate against the number of raw sequences
on Figure 4b. There is a strong inverse correlation between the
number of raw sequences and the apparent recombination rate.
When we used only 10 000 raw sequence reads, the average
recovery of recombinant TCSs was 2.7%. The recovery of
recombinant TCSs dropped quickly when more raw sequence
reads were used to create TCSs, and it dropped below 0.1%
when at least 300 000 raw sequence reads were used to
generate TCS. This question can also be interpreted as the
number of raw sequence reads for each unique Primer ID
determining the chance of fixing a PCR-mediated recombina-
tion event after data processing. Figure 4c is the correlation of
average number of raw sequence reads per distinct Primer ID/
TCS and the observed recombination rate from the same
simulated data. It is clear that with fewer raw sequence reads
per distinct Primer ID/TCS, the chance to observe PCR-
mediated recombination events that are present in the raw read
data is more likely. This analysis shows that with at least 10 raw
sequences per distinct Primer ID/TCS the artifactual
recombination detection rate falls below 0.1%. This experiment
and simulation emphasizes the importance of the careful
design of MPID NGS protocol to ensure that a sufficient
number of raw sequences can be obtained to construct TCSs
of the highest quality.
Having at least 10 raw reads per Primer ID (coverage)

largely eliminates PCR recombinants from a typical data set.

We have previously examined several other issues of Primer ID
coverage that can be included in this discussion. In a separate
simulation, the number of raw sequence reads per Primer ID/
TCS to adequately sample the sequences within raw sequence
output was examined. In that analysis,19 we found that when
the average number of raw sequences per Primer ID was 30
then over 90% of the genomes that were actually sequenced
would appear in the analyzed data set. Having an average
number of raw reads per Primer ID/TCS greater than 30 does
not cause any problems but rather represents diminishing
returns on enhancing data quality for the available sequencing
capacity. At the low end of the “reads per Primer ID”
distribution, the raw sequence reads are actually dominated by
a large number of apparent single Primer ID reads. These (and
other low copy Primer ID reads) are the result of sequencing
errors within the Primer ID (which cannot be corrected since
they define the pooling for TCS formation); we have referred
to these errors as “offspring” Primer IDs. The tcs pipeline
includes a calculation based on the MiSeq error rate that
generates a “minimum read number” cutoff based on the mean
number of reads for each Primer ID. In this way, offspring
Primer IDs are excluded as these represent artifactual counting
of raw reads that belong to an actual TCS. When the average
number of raw reads per TCS is 30 then the minimum number
of raw reads allowed to create a TCS will be 5 or greater.
Finally, fortuitous resampling of a single Primer ID sequence to
two different templates results in the loss of one of the
template sequences when a TCS is created from the more
abundantly read sequence with the same Primer ID (a modest
loss when 100s or 1000s of TCSs are created). Thus, the final
TCS pool represents a highly accurate data set of sequences as
they appeared in the original specimen minimally contami-
nated with sequencing errors and PCR-mediated recombi-
nants.
MPID NGS and the Detection of Diversity of Viral

Genome. A key measurement of a viral population is the

Figure 5. Pairwise diversity (Pi) of 3 CHAVI subjects after seroconversion in the background of Pi of the 8E5 control from 11 MiSeq runs. (a) The
change of Pi in the first two years post seroconversion of 3 subjects. Red line and dots show the Pi calculated using raw sequences, and the blue line
and dots show the Pi calculated using TCSs. (b) Boxplot of the background of Pi of 8E5 control from 11 MiSeq runs. TCS, template consensus
sequence.
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pairwise nucleotide diversity (Pi). An accurate assessment of Pi
relies on accurate sequencing of the viral population since
higher levels of sequencing error in the sequence data
artifactually inflate the observed diversity. Since MPID NGS
greatly reduces the sequencing method error rate and reveals
the true sampling depth of the viral population, this makes it an
ideal tool for accurately measuring pairwise diversity within the
viral population.
In Figure 5a, we show the change in the combined Pi values

for a portion of the HIV-1 RT coding region in pol and V1/V3
in env using TCS (blue dots and line) compared to the raw
MiSeq sequences of the same run (red dots and line)
examining longitudinal specimens post seroconversion from
3 individuals.27 It is clear that a majority of the signal for Pi is
contributed by sequencing errors in the raw reads for samples
within the first year of infection; by the middle of the second
year, true viral diversity makes up only one-half of the signal for
Pi. This point is further emphasized when looking at apparent
sequence diversity of a homogeneous RNA sequence. Figure
5b is the range of Pi values of the same regions obtained using
the homogeneous 8E5 HIV-1 genomic RNA28 from 11
individual MiSeq runs and processed using either raw reads
(red) or TCS (blue). The data show that the raw read values
for Pi are dominated by the diversity generated by PCR/
sequencing error (1.7−4.9%), and using Primer ID greatly
reduced the method error with the residual error only
contributing 0.05−0.06% to pairwise diversity.
Distinct Patterns of Residual Background Sequenc-

ing Errors. While the creation of a TCS for each sequenced
template greatly reduces the errors from the error-prone
sequencing platform and masks mutations introduced during
PCR, there is still a small amount of residual error in the data
set. This error comes from the host RNA polymerase used to
synthesize viral RNA or from RT during the cDNA synthesis
step. The first round of PCR also has the potential to introduce
errors into the TCS. We have evaluated this error by
sequencing viral RNA produced from the 8E5 cell line,
which carries a defective copy of viral DNA producing
homogeneous viral RNA in noninfectious virions.

We sequenced 23 510 copies of HIV-1 RNA (i.e., TCS)
collected from the supernatant of 8E5 cells and cataloged the
frequency of different types of mutations (i.e., transitions and
transversions) in the data set. These data are shown in Figure
6. The overall mutation rate was 0.006% across the 519
positions sequenced. Transition substitutions were much
higher than transversion substitutions, with C to T mutations
the highest at 0.008%. In our estimates of residual errors in a
data set we have chosen to treat all mutations equally (see
above). However, a more sophisticated matrix could be
employed to adjust the false discovery rate estimate for
individual observed mutations by scaling it to these observed
differences in mutation frequency.
Detection of Minor Variants in HIV-1 Viral Popula-

tions Approaching Equilibrium.We applied the parameters
of deep sequencing using TCS creation for each sequenced
template of HIV-1 populations at approximately one year post
infection, a time chosen to allow the large viral population to
undergo mutation and selection to an extent that it might be
approaching a steady-state sequence population. We did not
attempt to test this assumption, which is an oversimplification
since viral populations may undergo periodic bottlenecks due
to immune selection. Our goal was to detect minor variants,
especially DRMs, in the population whose existence could be
validated with highly accurate sequence analysis. We examined
virus in blood plasma from four participants from a cohort who
were each originally infected with a single variant and who had
untreated infections for 36 to 48 weeks.27 The chosen plasma
sample was sequenced in all four regions using MPID with an
attempt to achieve deeper sampling than typically obtained by
adding more RNA templates or pooling separate sequencing
runs of the same sample. For this analysis to be valid, it is
necessary to account for residual method error (e.g., RT errors
during the cDNA synthesis step). As described in the Methods,
we calculated the false discovery rate (FDR) for each mutation
detected to distinguish real DRMs from mutations likely
appearing due to residual method error. Mutations with FDR
no more than 5% were considered as detection of real DRMs.
The results of this analysis are shown in Table 1. The median

Figure 6. Types of mutations from homogeneous HIV-1 RNA control isolated from supernatants of 8E5 cells.

Table 1. Number of Template Consensus Sequences (TCSs) and Drug Resistance Mutations (DRMs) for HIV-1 Identified in 4
CHAVI Participants Who Had Untreated Infections for 36 to 48 Weeks

TCSs and detection sensitivity DRMs, percentage and 95% Cl

ID PR RT IN V1V3 PR RT IN

A 1424 (0.3%) 1239 (0.3%) 860 (0.4%) 172 (2.1%) M46l: 0.56 (0.24−1.1); L90M: 99.86 (99.49−99.98) S147G: 0.35 (0.07−1.02)
B 909 (0.4%) 730 (0.5%) 1198 (0.3%) 616 (0.6%) L74M: 99.83 (99.4−99.98)
C 251 (1.5%) 783 (0.5%) 1070 (0.3%) 237 (1.5%)
D 2985 (0.1%) 2057 (0.2%) 5111 (0.1%) 3020 (0.1%) D30N: 0.23 (0.09−0.48); M46l: 0.7 (0.44−1.07) V151I: 0.14 (0.06−0.28)
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TCS number (sampling depth) in the pol region was 1134,
with which we had 95% confidence to detect minority DRMs
as present as low as 0.32% of the population, calculated using a
Binomial distribution. The median sampling depth at the V1/
V3 env region was 427. We did not detect any notable DRMs
in the RT region at this level of sampling. In the PR region,
one participant had L90M as a majority mutation, which we
consider to be a transmitted DRM. We found two participants
with a detectable M46I mutation (in PR) in the viral
population, and one participant with a detectable D30N
mutation (in PR), all of which were below 1% abundance. At
the IN region, one subject had an L74M mutation as a majority
mutation. However, L74M can be found in some ART-naive
individuals as a polymorphism. Two other DRMs, S147G and
V151I in IN, were found in two individuals as minority
mutations with abundances below 0.5%. It should be noted
that M46I and D30N in the PR region and V151I in the IN
region could be generated as APOBEC3G/F mutations,
representing three of the four low level DRMs detected.
These results suggest that when viral populations are
approaching equilibrium, minority DRMs can be observed at
below 1% abundance, and APOBEC3G/F activity may
contribute to the presence of minority DRMs in the viral
populations.
Detection of Minority Mutations in the SARS-CoV-2 S

Gene and nsp12. New variants of SARS-CoV-2 are threats to
efforts to control the ongoing pandemic. We have developed a
MPID MiSeq protocol to accurately sequence most of the
ectodomain of the SARS-CoV-2 S/Spike gene to enable a
search for minority variants within a viral population within a
person. In this MPID protocol, we multiplexed two sets of
cDNAs/amplicons including part of nsp12 (for putative
remdesivir DRM detection) and the first two-thirds of the S
gene, for a total 3658 bp sequenced.
We used this MPID MiSeq protocol to sequence SARS-

CoV-2 RNA isolated from a nasal swab of a COVID-19 patient
with a persistent infection. The specimen was collected under a
SARS-CoV-2 study approved by the UNC IRB, and we
sequenced de-identified specimens. We obtained significant
sampling depth in all regions (median ∼30 000 TCSs per
region, in part owing to the abundant amount of viral RNA in
the specimen). The overall pairwise diversity was very low
(0.02−0.03%). No potential resistance mutations to remdesivir
in the nsp12 region sequences were detected, but we did find a
minority mutation C464F at 0.12% abundance in nsp12. In the
S gene RBD region, we found 2 positions with minority
mutations at 0.06% abundance (I312V and D428E), while the
rest of the sequence was identical to the circulating epidemic
strain at that time. All three minor variants had FDR values of
less than 5% and were considered as true variants. This
experiment demonstrates that MPID MiSeq was able to detect
low level minority variants in a SARS-CoV-2 viral population.
Thus this approach has the potential to be a useful tool for
monitoring the development of variants among infected
individuals, especially for those with persistent infections and
those exposed to nonclearing therapies that could select for
resistance.

■ CONCLUSION
Here we have explored important and relevant features of the
use of Primer ID, a form of UMI. The pairing of Primer ID and
the MiSeq sequencing platform has provided a robust
approach to studying viral sequence diversity, although limited

by amplicon lengths in the range of 500 bp. We have overcome
this limitation by multiplexing multiple cDNAs/amplicons in a
single reaction and show only modest reductions in sequencing
efficiency at up to four amplicons. PCR-mediated recombina-
tion is a well-known phenomenon, but we showed that using
the approach of TCS and having coverage in the range of 10-
fold largely obscures the observation of recombinants in the
processed data set. Using repeated sequencing runs, we
showed that the Primer ID/UMI protocol is highly
reproducible and that, with the ability to know the number
of templates actually sequenced, the sequence data is fully
amenable to the application of standard statistical analysis for
population sampling. The ability to suppress the method error
rate allowed us to define the pattern of misincorporation/
sequencing error that remained, to obtain highly accurate
values for pairwise diversity in the viral population, and to
search for DRMs within the unselected viral population.
Finally, we show that all of these features are completely
portable to another virus system, in this case SARS-CoV-2.
Collectively this work validates MPID as a powerful approach
to studying viral diversity within RNA virus populations.

■ METHODS
Cells and Virus. The 8E5 cell clone was obtained from the

HIV Reagent Program. Each 8E5 cell contains one copy of
defective HIV-1 proviral DNA, and these cells produce virus
particles with homogeneous viral RNA. Viral RNA was
extracted from supernatant virus particles to generate a control
viral RNA population. The NL4-3 clone of HIV-1 was
modified to include point mutations in the protease coding
region, which were used in the PCR recombination experi-
ment. We used HIV+ plasma specimens from previously
published studies26,27 for the validation of MPID-NGS in the
detection of minority variants and the measurement of the
pairwise diversity. We also used this MPID NGS protocol to
sequence SARS-CoV-2 RNA isolated from a nasal swab of a
person with a persistent infection.
Library Preparation. The principle of the MPID NGS

approach has been previously described.29 In brief, we used
Primer ID-tagged cDNA primers in the initial cDNA synthesis
after viral RNA extraction to label each viral RNA template
with a UMI. The multiplexing of the cDNA allowed us to
sequence multiple regions of the viral genome in one reaction.
After two rounds of PCR amplification of the cDNA, purified
PCR products from different sequencing/amplification reac-
tions were normalized for concentration and pooled for
sequencing using the Illumina MiSeq. The primers used in the
library prep can be found in Supplemental Table 1 (for HIV-1)
and Supplemental Table 2 (for SARS-CoV-2).
Data Processing and Analysis. The sequencing data

were processed with tcs pipeline v.2.5.0 (https://github.com/
ViralSeq/viral_seq) to construct the template consensus
sequences (TCS). The number of TCS revealed the sampling
depth of sequencing as the number of initial templates actually
queried. Knowing the sampling depth and sample size allowed
the calculation of the detection sensitivity based on the upper
95% confidence limits for the Binomial proportion when no
mutation has been observed for a given the number of TCS,
and knowing the number of TCS allowed the reporting of the
observed frequencies of DRMs and their 95% confidence
intervals for their true abundance (CIs). We did not use an
arbitrary cutoff for the minority variants (as is often done when
the sample size of the number of genomes sequenced is not
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known so a guess on sensitivity is made), rather we calculated
the false discovery rate (FDR) adjusted p-value for each
mutation detected using the Benjamini−Hochberg procedure
to distinguish true DRMs from apparent substitutions likely
caused by residual method error. In the FDR calculation, we
used a previously measured residual error rate of 0.0001 for
Primer ID sequencing19 as the substitution rate from the
residual method error.
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