
RESEARCH ARTICLE

Interpreting and de-noising genetically

engineered barcodes in a DNA virus

Sylvain BloisID
1,2‡, Benjamin M. GoetzID

3‡, James J. BullID
4, Christopher S. SullivanID

1*

1 Department of Molecular Biosciences, LaMontagne Center for Infectious Disease, The University of Texas

at Austin, Austin, Texas, United States of America, 2 Department of Biomedical Sciences, University of

Cagliari, Monserrato, Cagliari, Italy, 3 Center for Biomedical Research Support, The University of Texas at

Austin, Austin, Texas, United States of America, 4 Department of Biological Sciences, University of Idaho,

Moscow, Idaho, United States of America

‡ These authors share first authorship on this work.

* chris_sullivan@austin.utexas.edu

Abstract

The concept of a nucleic acid barcode applied to pathogen genomes is easy to grasp and

the many possible uses are straightforward. But implementation may not be easy, especially

when growing through multiple generations or assaying the pathogen long-term. The poten-

tial problems include: the barcode might alter fitness, the barcode may accumulate muta-

tions, and construction of the marked pathogens may result in unintended barcodes that are

not as designed. Here, we generate approximately 5,000 randomized barcodes in the

genome of the prototypic small DNA virus murine polyomavirus. We describe the challenges

faced with interpreting the barcode sequences obtained from the library. Our Illumina Next-

Seq sequencing recalled much greater variation in barcode sequencing reads than the

expected 5,000 barcodes–necessarily stemming from the Illumina library processing and

sequencing error. Using data from defined control virus genomes cloned into plasmid back-

bones we develop a vetted post-sequencing method to cluster the erroneous reads around

the true virus genome barcodes. These findings may foreshadow problems with randomized

barcodes in other microbial systems and provide a useful approach for future work utilizing

nucleic acid barcoded pathogens.

Author summary

The use of randomized barcodes in microbial genomes can be a powerful technique for

the study of microbes, including for understanding intrahost dynamics of infection. Here

we provide a vetted approach for interpreting barcode repertoire that was developed

using defined control barcode genomes of the model small DNA virus murine polyomavi-

rus and applied to the derivative virus library and intermediate libraries that went into the

generation of virus stock. We present a series of experimental results and observations

that may assist others in the design and application of barcodes to their microbe of

interest.
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Introduction

The within-host population dynamics of a microbe are usually studied as population abun-

dances across time and tissues [1,2]. Although informative, this approach is blind to differ-

ences among individuals within populations. Thus, a virus concentration of 10,000 per mL

maintained over time could be achieved if 10,000 lineages are all just maintaining themselves

or could alternatively be achieved if 100 lineages are each producing 100 progeny and the

other 9,900 are cleared by the host. Knowing those dynamics can shed light on the different

processes that may be occurring during infection (e.g., latency of part of the population) and

can reveal the extent of tissue subdivision of the infection and population bottlenecks. An

understanding of dynamics may even inform treatment alternatives.

Technical advances in genetic engineering and sequencing now allow microbial populations

to be established in which each individual microbe can be distinguished from nearly all others

in an inoculum even though all individuals are the same genetic strain. With this technology,

known as DNA barcoding, it becomes possible to create separate identities for potentially mil-

lions of individual lineages used to simultaneously infect a single host [3–10]. Barcoding usually

involves the insertion of short, randomized DNA segments in the genome, the number of differ-

ent types increasing as 4N, where N is the number of bases in the randomized insert. Each line-

age is then defined by its unique barcode, and all descendants from each infecting individual

can be discriminated from descendants of other infecting individuals through inheritance of the

barcode. In essence, barcoding enables a pedigree analysis of an ongoing population.

The analysis of barcodes is trivial when they do not change from parent to offspring. But bar-

codes may be prone to mutation and sequencing errors. In that case, analysis of ancestor-descendant

relationships will require a statistical correction (clustering) to group non-identical barcodes that

nonetheless share common ancestry. The suitability of any specific clustering algorithm may depend

on the biological details of the implementation [11]–the various factors contributing to parent-off-

spring differences in barcode sequence as well as the extent of differences among the barcodes in the

founding population. But the clustering principles should transcend specific applications.

Here, we describe the creation of barcoded polyomaviruses that were generated from a

library of barcoded plasmids (Figs 1 and S1, S2, S3). When the sequences of the plasmid library

were analyzed, it became obvious that a substantial fraction of sequencing reads had to be

errors. We compared various correction strategies including eliminating lower confidence

reads, assigning an abundance cutoff, and applying a vetted barcode clustering algorithm

under various conditions to associate the erroneous barcode sequences with the true parent

barcode. We utilized a series of defined experimental known barcode genome controls and

simulations to empirically ascertain appropriate clustering parameters. This system afforded

considerable control over and investigation of the factors that complicate the interpretation of

barcode abundance with clustering proving essential to the interpretation of barcodes and

their abundances. We characterize the virus library and the components that went into indi-

vidual steps of its construction. The result is an in depth understanding of different approaches

for error correction and the functionality of different computational clustering parameters.

These findings provide a functional approach applicable to experimental infections with

murine polyomavirus (muPyV) and likely other barcoded microbes.

Results

Engineering barcoded DNA virus genomes as plasmids

In brief, we engineered the murine polyomavirus (muPyV) (dsDNA genomes of ~5.4 kbp) to

carry 18 bp inserts, 12 bases of which were randomized A, C, G, T with equal probability. We
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Fig 1. Outline of computational workflow for selecting stock barcodes. Linker sequences are trimmed with Cutadapt (colors

represent distinct barcodes). Clustering is performed using the Starcode message-passing algorithm to determine centroids,

defining "centroid" as the representative barcode (dotted circles represent clusters). We empirically determined which edit

distance to employ by examining two criteria: 1) the performance of different edit distances on various amounts of plasmid

controls, each containing a barcode of known sequence, to recall correct input barcode sequences and 2) “shoulder cutoff” using
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chose the non-protein-coding genomic region in between the opposing early and late polyade-

nylation sites for the insert, which was suggested as a viable location based on the tolerance of

Bandicoot Papillomatosis Carcinomatosis Virus 1 (BPCV1) to a large natural genomic insert

in an analogous region and a restriction site being successfully engineered in a similar location

in a previously described murine PyV mutant [12–14]. We cloned barcodes into bacterial plas-

mids containing the virus genome and then generated barcoded viruses as described in Meth-

ods. Barcoded virus stocks gave rise to high titers of virus (the virus library concentration gave

rise to 2.50 x 106 infectious units per mL compared to 7.14 x 106 for wild-type, as determined

by immunofluorescence assay), implying no overt fitness defects of these barcoded viruses.

Maximally ~5,700 unique barcodes

We estimated the size of the plasmid library that gave rise to the virus library to be 5,678 total

bacterial colonies. Since all viruses emanated from the plasmid library, this number is neces-

sarily the maximum possible number of unique barcodes present in both the plasmid and

virus libraries. However, this is an upper limit and also does not mean that all barcodes are

equally represented at the level of copies per barcode.

To get a sense of barcode similarity among viruses, the barcodes of 21 separate clones were

Sanger-sequenced individually, as described in Methods; 20 were unique. At first blush, this

approach seems to be a reasonable test of barcode depth in the virus library, and indeed, if a

major part of the virus library had been dominated by one barcode, this test should have

detected it. But the 20/21 is potentially misleading if interpreted as if 95% of the clones were

unique. The test here is similar to the well-known ‘birthday paradox’ in which the question is

posed as to the smallest group size in which the odds that at least 2 people share a birthday is at

least 0.5. The answer to the ‘birthday paradox’ is a group size of 23. From this perspective, the

observation of 20 unique barcodes in a sample of 21 might be compatible with a much smaller

library size than 5,678 or be compatible with strong skews in the relative abundance of the dif-

ferent types. A direct numerical analysis of the problem (the number of single matches in 21

random draws from a population of unique individuals with replacement) indicates that there

is only a 5% chance of observing a single match if the population size is approximately 4,000

equally represented types. Furthermore, the outcome of a single match in a sample of 21 is

more often observed with a population size of 200–300 than with larger population sizes, sug-

gesting that 5,700 is a vast overestimate of our library size. This also reveals that 20/21 unique

barcodes is not a sensitive metric for evaluating library size. Nonetheless, other evidence pre-

sented below is consistent with a number of unique barcodes close to 5,000. One reconciliation

of these seemingly disparate observations is that the different barcodes are not equally abun-

dant in the plasmid library, a possibility that will be supported by other subsequent

observations.

Regardless of the exact number of unique barcodes, it is clear that the barcoding was some-

what sparse in the space of 412 possibilities, with at least 2,940 barcode possibilities for every

barcode present (412 /5,678). As will be developed below, this sparseness was critical in allow-

ing us to discover–and resolve–errors in the assaying of barcodes. At the same time, even

greater sparseness would have been desirable (as will be shown below).

the plot line of the distribution abundance of called clusters from our barcoded plasmid library. In defining the "true" barcodes of

our virus library, we utilized L = 3 Levenshtein distance because it performed slightly better in our defined barcode plasmid

controls over the default Starcode Levenshtein distance of L = 2. Final "true" barcodes were then assigned by omitting the lowest

abundance barcodes (omitting the bottom barcodes that account for a cumulative 1% of all counts), based on the assumption that

the lowest abundance reads were most likely to be sequencing artifacts.

https://doi.org/10.1371/journal.pcbi.1010131.g001
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Illumina library sequences exhibit elevated variation in barcodes

lllumina NextSeq SR75 was used to sequence the virus library. In contrast to the expected maxi-

mum of ~5,700 barcodes, almost 100-fold more barcode sequences were observed (535,772 bar-

codes from 29,867,853 total reads). In addition, orders of magnitude variation existed in the

abundances of the different barcode reads (these data will be presented and analyzed below).

This variation must have arisen after the founding of the ~5,700 bacterial colonies. The

steps where this error could have been introduced include mutations during colony growth,

virus production from the plasmids, Illumina library preparation, and Illumina sequencing

itself. To narrow these possibilities, the plasmid library was sequenced; recall that the plasmid

library was the immediate progenitor of the virus library. Similar to the virus library, approxi-

matively 274,213 different barcodes were detected (out of 10, 765, 143 total reads) in the plas-

mid library, indicating that the virus production step was at best a minor contributor to the

error (e.g., two-fold).

To gain insight to whether the errors were arising during growth of the plasmid, we

resorted to a bioinformatic approach. The bacterial mutation predictor program (EFM calcula-

tor) applied to the 449 bases across the barcode indicated that the sequence was exceptionally

stable, with base mutation rates no larger than 10−10 [15]. Thus, the biological sources of error

appear unlikely. In contrast, errors from Illumina sequencing using 2-channel chemistry are

known to be susceptible to nucleotide balance, so the sequencing platform is intrinsically sus-

pect as the source of this error (https://support.illumina.com/bulletins/2016/07/what-is-

nucleotide-diversity-and-why-is-it-important.html). Our design of staggered amplification

primers attempted to avoid extreme nucleotide imbalances, so the source of error remains

somewhat of an enigma.

High error in barcode sequences has been reported previously and thus seems to be a com-

mon problem [16]. Its source–whether biological or technical–is of little consequence for the

analysis here, but understanding its origin may help reduce the problem in future studies.

Possible resolutions of barcode error

With such large error rates, use of the raw barcodes would grossly confound interpretation of

viral identities: the errors mean that multiple apparent barcodes are derived from the same

parent, yet we neither know the true barcodes nor which barcodes belong to the same parent.

However, appropriate correction of the barcode errors may mitigate the problem. Several

error-reduction methods may be entertained.

1. Abundance cutoff: merely discard low-copy barcodes

2. Sequence quality standards: discard barcodes with low quality bases

3. Cluster: group barcodes that appear to originate from the same parent

Each of these methods is often applied in barcode studies without knowledge of the specific

effects on the outcome. In subsequent sections, we evaluate each of these methods. All methods

will be found to have merits and drawbacks. One of the main points of our study will be that

the decision about which error correction method(s) to apply will vary with the application,

that there is no universal solution. Choices should be made in light of the magnitude of errors

present as well as properties of the library. The method best suited to our data may not the best

for other applications, but the protocol outlined here should be useful in any application. Our

goal is thus to illustrate how to evaluate the alternative error-reduction methods in context.

Abundance cutoff. This error correction method is straightforward. The underlying

assumption is that errors are individually rare in the sequence reads, the true barcode being by
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far the most abundant. Thus, when the approximate number of true barcodes is known (say,

N), the cutoff requires choosing the N most abundant barcodes in the sequence reads. For our

data set, that would mean choosing the ~5,000 most abundant barcodes. This method should

work best when all true barcodes are approximately equally abundant in the libraries, so that

erroneous barcodes are invariably rarer than true barcodes.

Sequence quality standards. If errors arise in the sequencing reaction itself, erroneous

reads may disproportionately contain low-quality base scores. If low quality scores apply to the

different types of errors that can arise, error correction is then largely a matter of discarding

individual barcode reads containing any base positions with low quality scores.

Clustering. This is the most complicated of the three error correction methods. For the

case we consider, the assumption is that the errors in a barcode–whatever their source–are

independent and moderately uncommon. In turn, this means that a parent barcode (the true

one) will give rise to erroneous ‘progeny’ barcodes that are more similar to it than to other par-

ent barcodes. As a simple example, a parent barcode ‘HONEY’ may have progeny of ‘MONEY’

and ‘HONED’ and ‘HOMEY.’ All of these progeny could be unambiguously assigned to the

parent HONEY instead of, say, the parent barcode ‘FUZZY.’ From this example, it is easily

seen that clustering can be successful only to the extent that the parent barcodes are sparse in

the space of possible barcodes. That is, if HONEY, MONEY, HONED, and HOMEY were

included among the parent barcodes, it would not be possible to distinguish parent barcodes

from their erroneous progeny based on sequence alone. However, counts for each barcode

provide additional information. Assuming a moderate error rate, progeny barcodes from a

high-count parent barcode are more prevalent than progeny barcodes from a lower-count par-

ent barcode. Thus, two barcodes that are similar in sequence and count are unlikely to stem

from one being progeny of the other. Continuing the above example, a progeny barcode such

as ‘HONED’ would more naturally be associated with a possible parent ‘MONEY’ than a possi-

ble parent ‘HONEY’, if the count for ‘MONEY’ is much higher than the count of ‘HONED’,

and if the counts of ‘HONEY’ and ‘HONED’ are roughly the same.

As a clustering algorithm, we utilized Starcode which is particularly suited to nearly identi-

cal length sequences, with a significant range of counts [17]. For our initial implementation,

we utilized Starcode’s message-passing algorithm (described below in the multiple-plasmid

section). A crucial parameter for Starcode is the Levenshtein distance (L), which counts the

number of simple ‘mutations’ (base changes, single base deletions, and single base insertions)

required to render two sequences identical. The Levenshtein distance is never longer than, and

is often shorter than the more commonly known Hamming distance (the latter merely counts

differences between two sequences in the same reference frame). To compare Levenshtein and

Hamming distances, consider the sequences ABCD and BCDA. The Hamming distance is 4

because each position is different. The Levenshtein distance is 2: an insertion of A at the start

and deletion of the last base renders them the same.

For 12 nt sequences (our barcode length), Starcode’s default value for Levenshtein distance

is L = 2, although there is little published evidence to justify which distance parameter is best

for barcodes–and the appropriate distance will depend on the types and magnitudes of errors.

We therefore test the effects of different L-values in our data.

Single-plasmid controls: all three error corrections improve outcomes

An important step in deciding which correction methods to apply is to analyze the errors in

controls–samples with known barcodes such that the magnitude and types of errors can be

known with certainty. Indeed, the most appropriate error correction method cannot be

decided without knowing something about the nature of the errors. We thus analyze controls.
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We developed controls using plasmid DNA containing the barcoded virus genomes. Plas-

mid DNA has the advantages that (i) DNA can be isolated from a single colony and thus is

known to be limited to one parental barcode, and (ii) that parental barcode can be determined

as a consensus sequence using Sanger sequencing. It should be noted that the barcode in plas-

mid DNA exempts steps in virus creation and thus eliminates a step at which mutations may

be introduced. Were the vast majority of errors introduced in virus creation (which is not the

case here), plasmid barcode controls would be largely error free and thus not be useful in deci-

sions about error correction methods.

Our controls used a single plasmid whose barcode region was sequenced with both Sanger

and Illumina methods; alternative versions of this control varied the concentration of plasmid

DNA and the number of enrichment PCR cycles used during the Illumina library preparation

(Table 1). Illumina sequences from these single-plasmid controls revealed significant counts of

non-canonical barcode sequences (Fig 2). The percent of errors in raw data were high and ran-

ged from 3.71% to 6.11% across replicates (Table 2, ‘Raw’ column). Altering the number of

PCR cycles or input DNA concentration had little effect on the variation we observed, thus

indicating that most of the barcodes identified were due to errors in and leading up to DNA

sequencing.

Table 1. Single-plasmid controls preparation.

Single-plasmid control Barcode Plasmid copies PCR cycles

1P-A TCACAGGGGTAA 1.00E+02 40

1P-B TCACAGGGGTAA 1.00E+03 35

1P-C TCACAGGGGTAA 1.00E+04 32

1P-D TCACAGGGGTAA 1.00E+05 29

https://doi.org/10.1371/journal.pcbi.1010131.t001

Fig 2. Illumina sequencing reads from single-plasmid controls. The control spiked-in barcode is shown as purple bars, erroneous barcodes are shown as gray

bars. Shown are the top highest count 15 barcode sequences tallied across the four 1-Plasmid controls. Raw counts are shown with no clustering applied, with

the x-axis square root-transformed to highlight low values.

https://doi.org/10.1371/journal.pcbi.1010131.g002
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The high error rate is striking. Inspection of Fig 2 reveals the nature of deviations from the

true barcode. For a 12-mer, there are 37 possible 1-step deviations that ignore the identity of

the change: 12 single-base changes, 13 single-base insertions and 12 single-base deletions. If

the identity of the new base is accounted for, the 37 increases to 100 possible 1-step deviations.

In these controls, we observed single-base changes and base deletions, but not all possible

types were equally represented. If virus propagation was involved, this error rate could be

explained as some type of virus intolerance of the insert. But this control was based on a plas-

mid containing a virus genome with a single barcode.

We considered the three methods of error correction for these controls. To apply the abun-

dance threshold method for this control, we imagine that it would be known that only a single

true barcode existed in the library. The abundance threshold would thus retain only the most

abundant observed barcode, and it would be the true one; only a few percent of reads would be

discarded and those would comprise all the errors. Thus, the abundance threshold method

would perform perfectly for this case. Applying a sequence quality threshold (PHRED score of

20 or 30) for any individual base eliminates some of the error, but not all (Table 2); by itself,

this method does not eliminate enough of the error to suffice. Separately of the other methods,

clustering (with L = 1, = 2, = 3) shows progressive improvement in eliminating error and is

superior to the quality threshold. Virtually no erroneous barcodes remain after applying L = 3.

Multiple-plasmid controls of unequal abundance: One type of clustering is

effective

A second set of controls comprised 10 plasmids containing known different barcodes at differ-

ent concentrations. This type of control is appropriate whenever barcoded genomes are not

equally abundant (although the abundance skew appropriate for the controls may not be clear

without looking at the abundances of reads in the actual libraries). Again, we varied the num-

ber of enrichment PCR cycles used during the Illumina library preparation (Tables 3 and S1).

These controls take a step toward generating a typical dataset while still allowing detailed a pri-
ori knowledge of the source barcodes.

As with the single plasmid controls, a substantial error rate was observed. In contrast to the

1-plasmid controls, the abundance threshold method now fails. The top 10 most-abundant

barcodes include several erroneous ones, omitting the true barcodes incorporated at lower

concentrations (“Raw” column in Figs 3 and S4). With base quality cutoffs discounted from

the 1P controls, we are left with clustering to control the error.

Starcode offers a set of related clustering procedures. The Levenshtein distance is one

parameter that may be varied, so is the basis of whether and how to cluster two different bar-

codes. The 10-plasmid controls allow us to resolve choices among some of these other Starcode

options. One critical decision in clustering depends on asymmetries in read counts: if two bar-

codes differ by L = 2 (for example), should they necessarily be combined? By Starcode’s greedy

“spherical” algorithm, they would be combined if they lie within the set threshold distance

Table 2. Percent of erroneous barcodes in Illumina sequencing reads of single-plasmid controls: original (raw), quality thresholds for any base with each of two

thresholds, and clustering with different Levenshtein distances applied.

Quality Cutoff Clustering

Control Raw 20 30 L1 L2 L3

1P-A 3.71% 2.40% 1.19% 0.51% 0.06% 0.03%

1P-B 6.11% 5.04% 4.06% 0.98% 0.03% 0.02%

1P-C 4.23% 2.76% 1.65% 0.73% 0.07% 0.04%

1P-D 5.07% 3.65% 2.55% 0.97% 0.06% 0.03%

https://doi.org/10.1371/journal.pcbi.1010131.t002
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[17]. In contrast, by Starcode’s message-passing algorithm they would be combined only if the

abundances of the two barcodes were sufficiently different; this algorithm should thus be

prone to cluster erroneous (hence less-common) barcodes with true ones. The message-pass-

ing algorithm begins with the lowest-count sequences and gradually builds up clusters taking

relative count numbers into account. The centroid is defined as the representative barcode

(which should often be the parent). Two clusters are combined into a larger cluster only if the

centroids are within the threshold distance, and the total counts of one cluster at least 5 times

times larger than the counts of the other. The condition on relative count sizes addresses the

likelihood that an erroneous barcode will have far fewer reads than a true barcode. If two true

barcodes happen to be within the distance threshold, more likely than not, their counts do not

differ by more than a factor of 5. When applied to the 10-plasmid controls, we observed that

the message-passing algorithm reduces noise at lower values of L as compared to the greedy

spherical algorithm (S5 Fig). Applying different Levenshtein distances using Starcode’s mes-

sage-passing algorithm to the 10-plasmid control series, we observe that distances of L = 2 or

L = 3 substantially reduced errors (Figs 3 and S4). However, the smallest distance among the

10P control barcodes was L = 4, and only one of the 45 possible pairs was that close. It is thus

not expected that different true barcodes could have been combined with L = 3.

Finally, we also used the 10-plasmid control to probe for linearity of recall of differentially

abundant barcodes and to determine the limit of detection. Raw counts of the 10-plasmid con-

trols show a linear recall of barcodes of at least three orders of magnitude with a sensitivity

reaching as low as 10 input copies per enrichment PCR in most controls (Figs 4 and S6).

Considerations when applying clustering

As barcode identifiers become increasingly prevalent across NGS techniques, new algorithms

for correcting barcode errors have been developed. In addition to Starcode, other popular soft-

ware includes Calib [18] and Bartender [19]. Calib is intended for paired-end biological

sequence data sandwiched between UMIs, and uses both UMI and sequence similarity for

clustering. Our data is single-ended, and is exclusively the barcode identifier itself, which is

not what Calib is designed for. Bartender would apply to our data. Bartender and Starcode

have fundamental similarities. Both use count data for every individual barcode, in addition to

the sequence itself, as crucial information in clustering. Both Bartender and Starcode perform

clustering of hundreds of thousands or millions of reads in a short amount of time. We prefer

Starcode in part because of the simplicity of its algorithm, and in part because it uses Levensh-

tein rather than Hamming distance as a measure of sequence similarity. While most of our

Table 3. 10-plasmid controls preparation.

Barcodes 10P-A 10P-D 10P-G

Plasmid copies PCR cycles Plasmid copies PCR cycles Plasmid copies PCR cycles

TCACAGGGGTAA 1.00E+05 29 1.00E+04 29 1.00E+05 22

ACAAGACCGGAA 1.00E+03 1.00E+04 1.00E+05

ATATAGAGCTGT 1.00E+03 1.00E+04 1.00E+04

ACATACCTGCTA 1.00E+02 1.00E+04 1.00E+04

GTGTCAGGCACA 1.00E+02 1.00E+04 1.00E+03

TGCCACTCTAGC 1.00E+01 1.00E+04 1.00E+03

CTCGATTCACTC 1.00E+01 1.00E+04 1.00E+02

GAACCCGTGGAA 1.00E+01 1.00E+04 1.00E+02

CTGTATATTTTA 1.00E+01 1.00E+04 1.00E+01

GAAACCATGACA 1.00E+01 1.00E+04 1.00E+01

https://doi.org/10.1371/journal.pcbi.1010131.t003
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barcodes have the intended length of 12 nucleotides, our data do contain barcodes of varying

length, which suggests a distance metric that takes indels into account. However, we make no

claim about the superiority of Starcode over Bartender, or the other way around. Indeed, the

superiority (if any) of one method over another may well vary with the application and the

nature of errors.

Fig 3. Illumina sequencing reads from 10-plasmid controls using different clustering distances. The y-axis depicts the barcode sequence; the x-axis shows

the square root-transformed percentage of total read counts. The colored bars represent the control barcodes. Gray bars represent the most common erroneous

barcodes within a library. The plots compare the raw percentages (no clustering) with clustering using Starcode’s message-passing algorithm, and L = 1, L = 2,

and L = 3 distance parameters. Here we show the 10-plasmid controls 10P-A, 10P-D and 10P-G. Additional 10-plasmid controls are shown in S4 Fig.

https://doi.org/10.1371/journal.pcbi.1010131.g003
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How does one decide which Starcode parameters to apply? Clustering has the benefit of

eliminating error (by associating erroneous barcodes with the true parent) but risks combining

different parents as well as combining erroneous barcodes with the wrong parent. Combining

different parents is the lesser problem because combining different parents merely reduces the

effective number of barcodes, it does not lead to mis-assignments of barcode parent.

The challenges of clustering depend on the design of the library plus the magnitude and

types of error. If nearly all parent barcodes differ by more than twice the distance created by

errors, then there can be few mistaken clusterings when the error is known; sparser libraries

are better, but the gain with sparseness will rapidly attenuate. Our library was approximately

5,000 randomized 12-mers. Although there are almost 17 million possible 12-mer barcodes,

such that 5,000 fills a small fraction of this space, the expected distances give a somewhat dif-

ferent picture: approximately 98% of 5,000 random barcodes are at least a distance of L = 1

from each other, 75% a distance of at least L = 2, but only 2–3% are at distance L = 3 or more.

With these distances, it would seem that clustering out to L = 3 should then make many mis-

takes. This, however, is where the asymmetry of Starcode message-passing has an important

role: two barcodes will be combined only if one is 5x greater than the other. Thus, two parent

barcodes will be clustered together only if they are within L = 3 AND one is many times more

common that the other.

What about combining progeny barcodes that have errors with the wrong parent? As noted

above, there are 100 different single-step mutations possible from a barcode. The vast majority

of these changes are therefore unlikely to render the progeny of one barcode closer to another

barcode within L = 3.

To test the error in our clustering method for 5,000 barcodes, we ran a simulation

(described in Methods). Unlike the one- or ten-plasmid controls, we have no a priori knowl-

edge of the true barcodes in the plasmid library. For our simulation we generated a set of 5,000

Fig 4. Linearity plots of 10-plasmid controls with L3 clustering parameter. The log10 transformed x-axis shows the copy number of plasmid inputs, the

log10 transformed y-axis represents L3 clustered read counts. Linear regression trendlines are plotted in gray, with corresponding R2 values. Linearity of the

10-plasmid control series 10P-A and 10P-G is shown (the linearity of additional 10-plasmid controls is shown in S6 Fig).

https://doi.org/10.1371/journal.pcbi.1010131.g004
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random 12mers, and mimicked the range of counts and errors we found in the control and

viral libraries. After our procedure of clustering using Starcode with L = 3, and a 99% read cut-

off, we found 82% of the original random 12mers were recovered. There were no centroids

(after clustering and cutoff) that weren’t among the original random 12mers.

In light of these considerations and the analyses of these controls, we conclude: (i) Applying

the message-passaging algorithm and a clustering distance of L = 2 or 3 should consolidate

most of the variation with the true barcodes. (ii) Differences in PCR cycle amplification did lit-

tle to affect the relative abundance of barcoded virus genomes. (iii) At least on a small number

of variant barcodes with well-defined inputs, our approach provides a linear recall spanning a

range of at least three orders of magnitude.

Analysis of the plasmid library

One of the steps for the preparation of a barcoded muPyV stock requires the generation of a

pool of plasmids containing the barcoded virus genome (similar to plasmids in our known

barcode controls above) that will be subsequently isolated from the vector, circularized and

transfected into cells. As described above, we estimated the pool of barcoded plasmids to con-

tain no more than 5,700 different true barcodes based on the estimated bacterial colonies num-

ber that make up the library. This is an unreasonable number to sequence by the Sanger

method. However, understanding the barcode diversity in the plasmid library is an important

prerequisite to understanding the diversity of our virus library. We therefore applied Illumina

sequencing to the plasmid library.

We compared the distribution of barcode ranks in the plasmid library (based on read abun-

dance) between the raw reads and clustered reads using L = 1, 2, and 3 (Fig 5). The curve of

raw (unclustered) barcodes ordered by rank exhibits a shallow shoulder centered near the

6,000th barcode but extending to the 200,000th (note, the cutoff for the graph in Fig 5 is at

10,000 barcodes). This shoulder indicates a marked drop in abundance of reads per barcode,

consistent with the less abundant barcodes resulting from error (note, the log scale used greatly

inflates the apparent abundance of less common barcodes). As clustering progresses from

L = 1 to 2 to 3, a pronounced shoulder materializes just under 5,000 barcodes, a number

broadly compatible with the estimated size of the plasmid library.

After clustering with L = 3, the fewest reads of any barcode numbered several hundred, and

~ 3,800 barcodes had at least 1,000 reads (Fig 5). However, there is considerable variation in

the number of reads across clustered barcodes, with approximately 100-fold more reads for

rank 1 than for rank ~ 4,000. The distribution of read numbers for clustered barcodes broadly

matches that for unclustered barcodes up to rank of 4,000 (Fig 5), demonstrating this large var-

iation is not an artifact of clustering.

These results show that true barcodes in the plasmid pool are not evenly distributed across

the pool. Importantly, there is a ~100-fold difference in abundance between the most common

and least common cluster for the top 4,000 most abundant barcodes, and this difference rises

to 10,000-fold when including the remaining lower abundance barcodes (~5,000 total). For

our 10P plasmid controls, where we deliberately created differences in DNA abundance, those

differences were faithfully reproduced in the Illumina sequencing reads (Fig 4). This suggests

that these apparent large differences in our plasmid library are not introduced by sequencing

artifacts. This apparent large variability in plasmid counts may well arise from differences in

amplification and/or propagation of the plasmids.

This abundance skew has several consequences. (i) It may explain the observation of only

20 unique barcode sequences in the sample of 21 bacterial colonies cloned from virus barcodes

(described above). (ii) It shows that the abundance of plasmids used in our 10P controls are
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approximately representative of the library. (iii) It exposes a problem with the ‘cutoff’ error

correction method that (in our case) would exclude all but the ~5,000 most-abundant bar-

codes: for example, erroneous reads from the most abundant barcode may be more abundant

than true reads from lower abundance barcodes. These data therefore reinforce the use of clus-

tering for error correction instead of merely eliminating barcodes based on abundance.

Fig 5. Comparison of barcode counts between raw and different clustering distances. This figure shows that the number of barcodes that are called

decreases with the increasing clustering distance; clustering with L = 3 substantially decreases the barcode counts called in the raw sequencing reads. Note

that the highest-count cluster is ranked 1. The figure is cut off to include only the 10,000 most abundant barcodes to focus on the “elbow” where the

number of barcodes that are called display a steep drop-off.

https://doi.org/10.1371/journal.pcbi.1010131.g005
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To further check the difference between the ‘top 5k’ cutoff approach and the message-pass-

ing L3 clustering, we assessed the intersection of the two approaches. There was 91% agree-

ment (4,553 barcodes in common), suggesting considerable agreement and that use of a cutoff

might be acceptable for some purposes (however, this agreement declines when using the virus

library–see below). Additionally, these data equally suggest that clustering is recovering true

barcodes.

Every cluster consists of several barcodes, one of which serves as the representative for the

cluster (also known in as the “centroid” in the literature). To get a sense of how much the clus-

tering contributes to the total abundance of the barcode compared to the centroid, Fig 6 shows

the proportional contribution of the centroid to the cluster. The clusters represented on the

right consist of a single barcode of count 1, thus the “centroid”(the barcode itself) trivially con-

tributes 100% of the reads to the cluster. For the remainder, we see that aside from some rare

exceptions, centroids contribute the overwhelming majority of counts to their clusters. This is

consistent with the expectation that clusters represent error-correction of what are likely the

"true" barcodes, which are assumed to be the centroids.

Using a cutoff to avoid severe barcode deviations in the plasmid library

As expected from the design of the library, the majority of barcode lengths recalled were 12 nt

long (Fig 7). However, a small subfraction of barcode reads had a median length of 36 nt, even

after clustering. These were clearly not intended in the experimental design for construction of

the library and were of very low abundance. Given their existence in the library, we reasoned

there must be some aberrant, low-count barcodes that remained in the library even after clus-

tering, whether through the barcode extraction step, or some upstream anomaly in the library

preparation. Using a length criterion to remove long barcodes would solve the long-barcode

problem, but given the possibility of other anomalies, we chose to remove low-count barcodes

instead. We therefore applied a series of cumulative read count cutoffs (top 90%, top 99%, or

top 99.9% most abundant, as described in Fig 1) to weed out these low abundance likely arti-

facts. (A cutoff of 90% means that the remaining barcodes account for 90% of the total counts.)

This analysis showed that all three cutoffs removed most of the aberrant size barcodes. The dif-

ference in the number of barcodes left after applying a 99% or 99.9% cutoff was small, and we

therefore applied a conservative cutoff of the top 99% most abundant reads to subsequent

work on the virus library. After applying the cutoff (following clustering), barcodes of length

12 nt account for 88% of the total count. Barcodes of length 11 or 12 nt account for 92% of the

total count.

We evaluated barcode properties of our plasmid library after clustering and applying the

99% cutoff (Fig 8A). The histogram of pairwise Levenshtein distances between barcodes shows

a narrow peak at 8. This indicates that the barcodes are well-separated, which will help to prop-

erly assign barcodes in downstream experiments that may have a small number of errors associ-

ated with a true, parent barcode. As a comparison, we generated a random set of 5,000 12mers

and calculated the pairwise distances between those (Fig 8B, see Methods for more details on

simulation). The distribution of pairwise distances and size distribution were consistent with a

randomly-generated barcode library that arose as expected from the experimental design.

In summary, our analysis of the plasmid library shows (i) there is more variation in barcode

abundance than intended in the original library design, (ii) that clustering works in eliminat-

ing the tail of low abundance (and most likely error) reads, (iii) applying a 99%-most-abun-

dant-reads cutoff eliminates most unintended aberrant sized inserts, and (iv) centroids are

usually the dominant member of a cluster consistent with the clustering approach working as

intended in identifying true barcode sequences.
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Clustering of barcodes in the virus library

We created the barcoded virus stock by transfecting cells with virus genomes that had been

isolated from the plasmid library and circularized. To estimate the barcode composition of this

library, we sequenced this library four times in two separate sequencing runs (one technical

replicate of the virus library in the first sequencing run and three technical replicates in a sec-

ond run) and for each we applied the message-passing algorithm with clustering Levenshtein

Fig 6. Centroid counts as percentage of cluster counts. Each gray dot represents the percentage of counts in a cluster (using L3 clustering) from the

plasmid library that comes from its centroid. The centroids are ordered by the size of their cluster. The highest-count cluster is ranked 1. A smoothed curve

(in blue) is fitted to the dot plot. This plot shows that the majority of cluster counts come from the defined centroid.

https://doi.org/10.1371/journal.pcbi.1010131.g006
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distance of 3 with a 99% cutoff. We compared the overlap between the technical replicates and

determined that most barcodes were recalled in all four replicates (Fig 9). The sizes of the 4

technical replicate libraries after clustering and cutoff were remarkably similar, varying from

3,985 to 4,001 barcodes. Comparison of the four clustered virus libraries shows 3,555 barcodes

shared across all 4 libraries, with another 331 shared across 3 libraries. This overlap is stark,

with nearly all counts occurring in intersection of all 4 replicates. Using this method provides

an estimate of approximately 3,600 high confidence barcodes.

To determine potential bottlenecks in the process of generating the barcoded virus library,

we compared the overlap between the virus, plasmid, and control ligation libraries that were

used to give rise to the virus library. After clustering and cutoff, the majority (90%) of the virus

barcodes from the pool of our 4 replicates of the virus library were recalled in both our

sequencing of the plasmid libraries and the control ligated virus genomes, with 5% of the virus

barcodes being unique to the virus library. Examining the counts, 95% of the counts for the

pool of the virus library are for barcodes that are also found in both the plasmid library and

ligated virus genomes, and only 3% of the counts were unique to the virus library barcodes

(Fig 10A). We note that these numbers compare centroids of clusters; the similarity of the

libraries may in fact be even higher, as the barcode chosen as the centroid of a cluster may

Fig 7. Barcode length distributions for 90%, 99%, and 99.9% sequencing reads cutoffs. Applying a cutoff for barcode abundance eliminates most recall of

longer barcodes that were not intended in the original design for a 12-nucleotide barcode library. These barcodes are derived from the L3 clustering. The y-axis

is square root-transformed so low values are more visible.

https://doi.org/10.1371/journal.pcbi.1010131.g007

PLOS COMPUTATIONAL BIOLOGY Interpreting and de-noising genetically engineered barcodes in a DNA virus

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010131 November 22, 2022 16 / 28

https://doi.org/10.1371/journal.pcbi.1010131.g007
https://doi.org/10.1371/journal.pcbi.1010131


differ between libraries, even if the clusters themselves are very similar. We conclude that the

vast majority of barcodes present in the plasmid library are incorporated into the virus library.

Thus, as would be predicted, a greater repertoire of barcodes could be obtained in the virus

library if plasmid libraries are derived from an increased number of unique bacterial colonies.

Overlap between the top 5k approach and message-passing L3 clustering was 80% (down

from 91% for the plasmid library). This is a substantial drop and reinforces the utility of clus-

tering. In addition, there was only 35% overlap between the top 5k uncorrected barcodes and

sphere-based L3 clustering for the viral library. This latter comparison reinforces the benefit of

using message-passing clustering over the sphere-based clustering. To the extent that the top

5k barcodes contain a significant number that are within L = 3 of each other, the sphere-based

algorithm will assimilate those barcodes into single clusters.

After clustering using Starcode with L = 3, and applying a 99% cutoff, most barcodes were

the expected size. We noted that approximately 9% of barcodes were less than 12 nts (ranging

from 0–11 nucleotides in length). We determined that 88% of these shorter barcodes were also

present in the plasmid library and ligated virus genomes that gave rise to the virus stock (Fig

10B). Combined, these findings do not support overt pressure for viruses to lose the barcode

under our experimental conditions, although we note that one of the PCR amplification prim-

ers overlaps a portion of the 3’ end of the synthetic insert so we cannot rule out some viruses

having lost the entire insert. Overall, these results suggest that while some shorter barcodes

may arise during virus propagation, shorter-than-expected barcodes mainly arise due to syn-

thesis errors in the primers used to generate the barcoded plasmid libraries and/or deletions

that occurred during production/propagation of the plasmids.

Given that the plasmid library had large differences in the relative abundance of its mem-

bers, we asked if the virus library barcode abundance was reflective of this. We observe

Fig 8. Distributions of the barcode pairwise distances within the plasmid library (panel A, shown in blue) and 5,000 randomly generated 12mers (panel

B, shown in yellow). The figure represents the pairwise Levenshtein distances between centroids in the plasmid library after applying a L3 clustering distance

and a 99% reads cutoff. The 5,000 randomly generated 12mers are not clustered, and with no cutoff. Data show that the proportion of possible barcode

sequence space covered is similarly sparse in both cases.

https://doi.org/10.1371/journal.pcbi.1010131.g008
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differences in individual barcode abundance in the virus library (L3 clustered, 99% cumulative

count cutoff) ranging between 1,544 counts for the least abundant up to 243,503 counts for the

most abundant barcode. There is good correlation between the abundance of plasmid and

virus library barcodes, both after clustering and cutoff, with a Pearson correlation of 0.87 (Fig

11). Combining the above findings, these results suggest that, after the original transformation

of bacteria, there were no major bottlenecks in generating virus, with the virus library largely

reflective of the composition of the plasmid library used to give rise to it.

In summary, (i) clustering under our conditions of the virus stock results in highly simi-

lar clusters between technical replicates, supporting the good reproducibility of our

approach, (ii) there is a large agreement of clusters between the virus and plasmid libraries

both in identity and abundance, and (iii) under the conditions we applied, after generation

of the plasmids that give rise to the virus library, the virus library was not subject to major

bottlenecks during its generation. We conclude that the wet bench and computational

approaches developed here are suitable for tracking longitudinal parallel infections with

barcoded microbes.

Fig 9. Technical replicates of the sequencing of the virus library. Using Illumina sequencing, one replicate of the virus library was sequenced in one run and

three additional technical replicates were sequenced in a separate run. Thus, the four technical replicates were sequenced in two independent runs. The UpSet

plot shows the number of barcodes that intersect amongst the four virus library technical replicates (lower panel), as well as the total counts of those barcodes in

blue (upper panel). The libraries were clustered using L3 distance and a 99% reads cutoff was applied. The four replicates show a large degree of overlap in

clustered barcodes.

https://doi.org/10.1371/journal.pcbi.1010131.g009
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Fig 10. Overlap of clustered barcodes from the plasmid library, ligated virus genomes, and the virus library. A. L3 clustering

distance of barcodes along with a 99% cumulative count cutoff was applied to the three libraries. In the lower panel, the UpSet

plot shows the number of barcodes from the virus library that intersect with barcodes from the plasmid library and/or the ligated

virus genomes. Data show that the vast majority of barcodes from the virus library are present in the plasmid library and the

ligated virus genomes. In the top panel, the UpSet plot represents the total read counts associated with barcodes in the virus
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Discussion

Conducting parallel infections with multiple variants of a pathogen is a longstanding way to

assay competitive fitness advantages as well as to track the dynamics of infection [8,9,20–26].

Studies that employ genetically tagged viruses can track the comparative progression of infec-

tion based on differences in abundance of each variant. In its simplest form, this approach can

be applied to as few as two differentially marked pathogens [25–29]. The availability of large

scale massively parallel sequencing greatly expands the number of differentially marked patho-

gens that can be assayed in a single experiment. Indeed, recent studies using RNA viruses or

retroviruses have employed this technique to study a variety of aspects of infection [3,5,6,30–

33]. However, basic questions about how best to employ this approach, such as library genera-

tion strategy and the optimal computational methods to interpret sequencing data remain

poorly characterized.

Here we described the construction of a barcoded muPyV (murine polyomavirus) library.

We knew that the library could be comprised of no more than 5,700 different source barcodes,

yet sequencing of the final library retrieved close to half a million apparent barcodes, indicat-

ing a huge level of error. This error was possibly due to Illumina sequencing of low complexity

of amplicons [16] (despite our use of offset staggered multiplexing primers and spiked PhiX

DNA). The error rate of raw reads was so severe that attempts at uncorrected barcode identi-

ties would have led to unacceptable errors in barcode interpretation.

Thus, a major goal of this study was to solve this barcode interpretation problem. We devel-

oped and tested several error-correction approaches based on empirical controls and compu-

tational analyses. We expect our analyses to be helpful in future studies of barcoded microbes,

as it seems likely that a high barcode error rate will plague other studies as well.

The main resolution of our study is to propose a top-down protocol for future studies using

barcodes:

1. Design the barcode library to be appropriately sparse in the sequence space of possibilities.

The appropriate sparseness will depend on error rates. As a rule, when designing random

libraries, allow for at least millions of possible barcodes for every barcode implemented.

Generally, when a microorganism can tolerate a larger barcode without fitness penalty,

larger barcodes are desirable.

2. Analyze control barcode sequences to measure the magnitudes and types of error. This

information may then be used to back-calculate library sparseness.

3. When analyzing the completed library, computationally resolve barcode errors with a

method tailored to the observed problems. If the library is appropriately sparse, a variety of

methods may be suitable. When errors comprise a major problem, methodology will pres-

ent a challenge. Multiple methods may need to be combined.

The methods of error correction tested here included (i) eliminating barcodes represented

by ‘few’ reads, (ii) eliminating barcodes with low-quality bases, (iii) clustering barcodes based

library that intersect with the plasmid library and the ligated virus genomes. Data show that the barcodes in all three libraries

account for the overwhelming number of counts in the virus library. B. Overlap of clustered barcodes that are shorter than 12

nucleotides from the plasmid library, ligated virus genomes, and the virus library. L3 clustering distance along with a 99%

cumulative count cutoff was applied to the three libraries. In the lower panel, the UpSet plot shows the number of barcodes from

the virus library that intersect with barcodes from the plasmid library and/or the ligated virus genomes. Data show that the

majority of short (<12nt) barcodes in the virus library are also present in the plasmid library and ligated virus genomes. In the

top panel, the UpSet plot represents the total read counts associated with shorter barcodes in the virus library that intersect with

the plasmid library and the ligated virus genomes. Data show that the shorter barcodes that overlap in all three libraries account

for the majority of shorter barcodes in the virus library, suggesting that they did not arise during the course of infection.

https://doi.org/10.1371/journal.pcbi.1010131.g010
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on sequence similarity and dissimilarity in abundance. From our controls, we found the first

two approaches to be inadequate. Clustering offered the most satisfactory approach.

However, not all clustering methods proved equal. The method we adopted here was a

‘message-passing’ algorithm in which clustering began with low copy barcodes and progressed

toward the more abundant barcodes. Furthermore, two barcodes were combined only if their

Fig 11. Abundance of clustered barcodes in the plasmid and virus libraries. For each barcode, its log10 percentage of counts in the plasmid library is

plotted on the x-axis, and its log10 percentage of counts in the virus library is plotted on the y-axis. A trendline with slope 1 through the origin is plotted.

Data show a correlation with the more abundant barcodes in the plasmid library generally giving rise to the more abundant barcodes in the virus stock.

https://doi.org/10.1371/journal.pcbi.1010131.g011
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abundances were appropriately asymmetric: one was at least 5x as abundant as the other. We

suspect that this asymmetry is especially suited to error correction whereby the erroneous bar-

codes are much fewer in number than their non-mutant parents.

In contrast, many common clustering algorithms for sequences use top-down “greedy”

algorithms, where the highest count or longest sequence is considered first, and all sequences

within some threshold distance are made a cluster with the initial sequence as the representa-

tive, or “centroid”. The popular CD-HIT clustering software [34] works in such a way: the lon-

gest sequence is considered first, with all sequences within a threshold distance clustered with

that sequence. Then the next-longest unclustered sequence is considered, and the process

repeats. In applications where sequence lengths differ considerably, and longer sequences are

generally considered higher-quality, this is a reasonable approach. In the case of barcodes, the

situation is different. Our barcoding approach aimed to achieve consistent sequence lengths,

in this case 12-mers. Rather than large variation in length of sequence, we observed large varia-

tion in counts, spanning orders of magnitude. For this situation, which we expect would be

encountered by others wishing to utilize nucleic acid barcoding, we demonstrated that using

the Starcode message-passing clustering algorithm with Levenshtein distance of L = 3 (or 2) is

appropriate.

Controls were essential in resolving several problems. Foremost, controls with a single par-

ent barcode unambiguously revealed the magnitudes of errors. By examining different ratios

of absolute amounts of plasmids containing known barcoded genomes, we were able to opti-

mize clustering parameters to ensure accurate recall without loss of barcode resolution. By

applying different PCR amplification cycles we also determined a range of PCR cycle condi-

tions that did not result in substantial recall of incorrect barcodes. These conditions support

accurate recall spanning at least three orders of magnitude of different amounts of barcode

and sensitive to approximately 10 copies of barcode per reaction. Combined, using a proto-

typic model virus, we have developed a molecular and computational methodological

approach we expect applicable to more broadly studying the dynamics of pathogen infection.

The ratio of the most abundant to least abundant barcode in the clustered virus library with

cutoff was about 150-fold. This likely occurred because the barcode representation in our plas-

mid library that gave rise to the virus library spanned a similar range. This fortuitously allowed

us to conclude that the ratio of virus barcodes tracks almost linearly to the barcodes in the

input plasmids, which might be useful for those wishing to purposely generate libraries with

different barcodes spanning a range of input copy numbers.

Our study went only so far as to resolve barcode errors in libraries (for which we relied

heavily on clustering). Further considerations will apply to the analysis of downstream uses of

those libraries. For example, the dynamics of a virus infection may dramatically impact the

barcode counts, and the centroids of some clusters, especially low abundance true barcodes,

may not be consistent between samples. Therefore, our results suggest an approach where first

the “true” barcodes are identified in the initial virus library (as described in this work). Then,

counts from infected experimental samples should be associated with these “true” barcodes.

This could be accomplished by grouping with the nearest true barcode identified in the virus

stock, where nearest is determined by Levenshtein distance, or more simply by counting only

experimental sample barcodes that share sequence identity with true barcodes identified in the

original virus stock.

In conclusion, we generated a library of a barcoded DNA virus. We describe unexpected

outcomes of different steps of the construction of this library, devised control studies to

explore optimal conditions for interpreting Illumina sequencing of barcoded pathogen librar-

ies, and provide a validated wet bench and computational approach that may be useful to oth-

ers wishing to employ barcoded microorganisms.
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Material and methods

Cells and viruses

Cells. The NMuMG cells (ATCC, # CRL-1636) were kindly provided by Prof. Aron Lukacher

and maintained in DMEM (Corning, # 10-013-CV) supplemented with 10% (v/v) fetal bovine

serum (Corning, # 35-015-CV) and 1% (v/v) penicillin-streptomycin (Corning, # 30-002-CI) [12].

Viruses

muPyV PTA wild-type stock generation. pBluescript-sk+ vector containing the full

genome of the muPyV PTA strain (GenBank, accession No U27812) was digested by BamHI-HF

(New England Biolabs, # R3136L) to separate the muPyV genome from the vector and gel puri-

fied. Then, the muPyV genome was self-ligated overnight at 16˚C using the T4 DNA ligase (New

England Biolabs, # M0202L) and purified prior transfection into NMuMG cells using the Lipo-

fectamine 2000 reagent (Invitrogen, # 11668019). NMuMG cells were cultured until 90% cyto-

pathic effect (CPE) was reached (5 days post-transfection). The cells and the supernatant were

collected, subjected to freeze/thaw cycles and cleared by centrifugation at 4˚C. Fresh NMuMG

cells were infected with the crude lysate at 37˚C and cultured until 90% CPE (day 6 post-infec-

tion). The infected cells and the supernatant were harvested, subjected to freeze/thaw cycles, buff-

ered at pH 8.5, incubated at 42˚C for 30 min, vortexed to release muPyV and cleared by

centrifugation. The muPyV PTA stock was aliquoted and stored at -80˚C until use.

Construction of the barcoded muPyVs library. pBluescript-sk+ vector containing the

full genome of muPyV PTA (GenBank, accession No U27812) was amplified by reverse PCR

using the Phusion High-Fidelity DNA Polymerase (New England Biolabs, # M0530L) and the

5’ phosphorylated primers BCFSB7 5’- NNNNNNCAATTGAATAAACTGTGTATTCAGC

TATATTC-3’ and BCRSB7 5’- NNNNNNGAATAAACATTAATTTCCAGGAAATAC-3’

(Integrated DNA Technologies). The PCR product was digested by DpnI (New England Bio-

labs, # R0176L), gel purified and self-ligated using the T4 DNA ligase (New England Biolabs, #

M0202L) before transforming MAX Efficiency DH5α competent cells (ThermoFisher, #

18258012). Transformed bacteria were cultured overnight in LB broth containing 100μg/mL

of ampicillin and the plasmid library was purified. The number of transformed bacteria was

estimated in parallel on an aliquot of the transformed bacteria by counting the colonies on LB

agar plates containing ampicillin. The presence of the barcode was confirmed in plasmids

from colonies by enzymatic digestion using BamHI-HF and MfeI-HF (New England Biolabs,

# R3136L and # R3589L, respectively) and by Sanger sequencing using the primer FullSeq3 5’-

GTTAGAGTGTATGATGGGACTG-3’. The virus library was then prepared by transfecting

the plasmid library as described above for the generation of the muPyV wild-type stock. To

confirm the presence of the barcode in the virus library, virus DNA was purified using the

QIAamp DNA Mini Kit (Qiagen, # 51304) and the region surrounding the poly A signals was

PCR amplified using Taq DNA polymerase (New England Biolabs, # M0267L) and the primers

NGS_Fwd 50-CATGGCCTCCCTCATAAGTT-30 and NGS_Rev 50-GAATATAGCTGAATA-

CACAGTTTATTC-30 following the manufacturer’s recommendation. The PCR product was

purified, cloned using the TOPO TA Cloning kit for Sequencing (ThermoFisher, # 450071)

and Sanger sequenced (S1 and S2 Figs).

muPyV titration by immunofluorescence assay. NMuMG cells were infected in dupli-

cate with serial dilutions of the virus sample for 1 hour at 37˚C. 30–40 hours p.i., cells were

gently washed once and fixed/permeabilized with PBS containing 4% paraformaldehyde. Cells

were washed three times, blocked with PBS containing 1% goat serum overnight at 4˚C and

incubated for 1 hour at room temperature with a rabbit anti-PyV VP1 antibody (a gift from
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Richard Consigi) diluted 1:50 in PBS. After three washes, the cells were stained with Alexa

Fluor 488 goat anti-rabbit IgG (ThermoFisher, # A-11008). The number of stained cells per

field was counted under an inverted fluorescence microscope (Leica), and infectious titers (IU/

ml) were calculated.

Illumina NextSeq library preparation

Enrichment PCR. This first step PCR amplifies a 360 bp fragment encompassing the bar-

coded region of muPyV genome using primers NGS_Fwd 50-CATGGCCTCCCTCATAAGTT-30

and ReVOUT1 5’-CAGGGTCTTGTGAAGGAGGT-3’ (primers binding site shown in S3 Fig).

Briefly, the enrichment PCR reaction contained 4.77 x 105 copies of muPyV genome (estimated

by qPCR), 0.5μM of the above primers, 200μM of each dNTP, 1U of Phusion High-Fidelity DNA

Polymerase (New England Biolabs, # M0530L) in 1X of Phusion HF reaction buffer. After an ini-

tial denaturation step for 1 min at 98˚C, the amplification was performed by 22 cycles of 10 sec at

98˚C (ramp 2˚C/sec), 15 sec at 55˚C (ramp 2˚C/sec), 30 sec at 72˚C (ramp 2˚C/sec) followed by a

final extension step for 5 min at 72˚C. The DNA polymerase was inactivated at -20˚C. The pres-

ence of a specific amplification product was checked on a 2% agarose gel.

Indexing PCR. This second step PCR amplifies a 75 bp fragment encompassing the bar-

code region from the enrichment PCR product, adding Illumina adapters and indexes to per-

mit multiplexing, as well as spacers to increase the library complexity. The amplicons size

generated ranges from 211 to 216bp. The sequence of the staggered indexing primers (Inte-

grated DNA Technologies) is presented in S2 Table (primers binding site shown in S3 Fig).

Briefly, enrichment PCR products were digested with 20U of ExoI (New England Biolabs,

M0293L) at 37˚C for 30 minutes to remove residual primers and heat inactivated at 80˚C for

20 min before proceeding to the indexing PCR. Then, two indexing PCR reactions were made

for each sample containing 1μl of the enrichment PCR products, 0.3μM of indexing primers,

200μM of each dNTP, 1U of Phusion High-Fidelity DNA Polymerase (New England Biolabs, #

M0530L) in 1X of Phusion HF reaction buffer. After an initial denaturation step for 1 min at

98˚C, the amplification was performed by 22 cycles of 10 sec at 98˚C (ramp 2˚C/sec), 15 sec at

54˚C (ramp 2˚C/sec), 30 sec at 72˚C (ramp 2˚C/sec) followed by a final extension step for 5

min at 72˚C. The DNA polymerase was inactivated at -20˚C. The presence of a specific ampli-

fication product was checked on a 2% agarose gel.

Amplicons pooling and quality control. The two indexing PCR reactions were merged

together and concentrated using the Monarch PCR & DNA cleanup kit (New England Biolabs, #

T1030L) before gel purification using the Monarch DNA gel extraction kit (New England Biolabs,

# T1020L). The DNA concentration of each sample was determined using the QUBIT dsDNA BR

assay kit (ThermoFisher, # Q32850). The samples were normalized and pooled together to consti-

tute the final Illumina library. The final library was checked on a 2% agarose gel and sent to the

Genomic Sequencing and Analysis Facility of the University of Texas at Austin for a Bioanalyzer

(Agilent) quality control prior to the Illumina NextSeq SR75 sequencing run. To increase diver-

sity, PhiX DNA was also included (~5% to the first run and ~34% to the second run).

Extracting barcodes. Barcodes were extracted from FASTQ files off the sequencer using

Cutadapt [35], with the default error allowance of 10% for the linked adapters (requiring both

adapters to flank the barcode) (Fig 1).

Clustering barcodes. Unless otherwise noted, barcodes were clustered using Starcode

[17] for message-passing clustering, using a Levenshtein distance of 3. The highest-count bar-

code in a cluster (the centroid) was used as the representative for the cluster (Fig 1).

Checking for theoretical overclustering via simulation. To check the possibility that

choosing a Levenshtein distance of 3 could lead to overclustering, we simulated 5,000 random
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12mers. To check the distribution of the 12mers, we calculated pairwise Levenshtein distances

between them using the base R adist function. To simulate the clustering itself, we assigned

counts to the 5,000 random 12mers by simply copying the counts of the top 5,000 barcodes in

the actual viral library, and assigning them to the random 5,000 12mers we created. We then

created error barcodes based on our randomly-generated 12mers by progressively creating

barcodes with random mutations to produce errors of Levenshtein distance 1, 2, . . . up to 10,

for every original randomly-generated 12mer. The number of error barcodes of a particular

Levenshtein distance for each of the random 5,000 12mers was determined by the assigned

count for the 12mer, multiplied by the error rate for that distance, where the error rate was

taken from the 1P-B single-plasmid control. The 1P-B control was chosen as a conservative

reference, as it has the highest error rate among the single-plasmid controls. This process

resulted in a library that contained the 5,000 randomly-generated (but known) 12mers with

the same counts as the top 5,000 barcodes in the viral library, together with error barcodes gen-

erated using the same proportion of errors as in the 1P-B control. We then clustered this gen-

erated library using Starcode with L = 3, and applied a cumulative count cutoff at 99%.

Selection of barcodes by cumulative count cutoff. The representatives of the clusters were

cut off using a cumulative count criterion. Unless otherwise noted, the barcodes whose collective

counts accounted for 99% of all counts were kept, and the rest discarded. Applying this threshold

removed likely artifacts, including barcodes whose length was significantly more than 12 nt (Fig 1).

Supporting information

S1 Table. 10-plasmid controls preparation.

(DOCX)

S2 Table. Staggered indexing primers.

(DOCX)

S1 Fig. Schema representing the steps involved in the construction of the plasmid library

and the barcoded muPyV genomes used for the subsequent generation of the virus library.

Figure partly created with BioRender.com and SnapGene software (from Insightful Science;

available at snapgene.com).

(TIF)

S2 Fig. Schema representing the steps involved in the generation of the virus library.

Figure partly created with BioRender.com.

(TIF)

S3 Fig. Schema representing the enrichment and indexing PCR primers binding site in the

region surrounding the barcode in a muPyV barcoded genome. Figure partly created with

SnapGene software (from Insightful Science; available at snapgene.com).

(TIF)

S4 Fig. Illumina sequencing reads from 10-plasmid controls using different clustering dis-

tances. The y-axis depicts the barcode sequence; the x-axis shows the square root-transformed

percentage of total read counts. The colored bars represent correctly recalled input barcodes.

Gray bars represent the most common erroneous barcodes for each clustering parameter.

Here we show the 10-plasmid controls 10P-B, 10P-C, 10P-E and 10P-F.

(TIFF)

S5 Fig. Illumina sequencing reads from 10-plasmid controls comparing Starcode’s mes-

sage-passing vs spherical algorithms for increasing L distances. The y-axis panels vary the
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Levenshtein distance parameter; the x-axis panels show the message-passing vs spherical

results side-by-side. The bar lengths are the square root-transformed total read count percent-

ages. The colored bars represent correctly recalled input barcodes. Gray bars represent the

most common erroneous barcodes for each L distance across either algorithm. Here we show

the 10-plasmid controls 10P-A, 10P-D, and 10P-G.

(TIFF)

S6 Fig. Linearity plots of 10-plasmid controls with L3 clustering parameter. The log10

transformed x-axis show the copy number of plasmid inputs, the log10 transformed y-axis rep-

resents L3 clustered read counts. Linear regression trendlines are plotted in gray, with corre-

sponding R2 values. Linearity in 10-plasmid controls 10P-B and 10P-F is shown.

(TIFF)

Acknowledgments

The authors would like to thank Rodney P. Kincaid for helpful discussions regarding prepa-

ration of the Illumina library and strategies for processing the raw reads, Bob Garcea (Uni-

versity of Colorado at Boulder) for providing antibody against muPyV capsid protein and

Aron Lukacher (The Pennsylvania State University Hershey) for providing NMuMG cells

and helpful discussions, and Nicole Elmer, UT Austin Biodiversity Center, for artist render-

ing of Fig 1.

Author Contributions

Conceptualization: Sylvain Blois, Benjamin M. Goetz, James J. Bull, Christopher S. Sullivan.

Data curation: Sylvain Blois, Benjamin M. Goetz.

Formal analysis: Sylvain Blois, Benjamin M. Goetz, James J. Bull, Christopher S. Sullivan.

Funding acquisition: Christopher S. Sullivan.

Investigation: Sylvain Blois, Benjamin M. Goetz, James J. Bull, Christopher S. Sullivan.

Methodology: Sylvain Blois, Benjamin M. Goetz, James J. Bull, Christopher S. Sullivan.

Project administration: Christopher S. Sullivan.

Resources: Christopher S. Sullivan.

Software: Benjamin M. Goetz, James J. Bull.

Supervision: Christopher S. Sullivan.

Validation: James J. Bull, Christopher S. Sullivan.

Visualization: Sylvain Blois, Benjamin M. Goetz, James J. Bull, Christopher S. Sullivan.

Writing – original draft: Sylvain Blois, Benjamin M. Goetz, James J. Bull,

Christopher S. Sullivan.

Writing – review & editing: Sylvain Blois, Benjamin M. Goetz, James J. Bull,

Christopher S. Sullivan.

References
1. Williams ESCP Morales NM, Wasik BR, Brusic V, Whelan SPJ, Turner PE. Repeatable Population

Dynamics among Vesicular Stomatitis Virus Lineages Evolved under High Co-infection. Front Microbiol.

2016; 7: 370. https://doi.org/10.3389/fmicb.2016.00370 PMID: 27065953

PLOS COMPUTATIONAL BIOLOGY Interpreting and de-noising genetically engineered barcodes in a DNA virus

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010131 November 22, 2022 26 / 28

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010131.s008
https://doi.org/10.3389/fmicb.2016.00370
http://www.ncbi.nlm.nih.gov/pubmed/27065953
https://doi.org/10.1371/journal.pcbi.1010131


2. Hausmann A, Hardt W-D. Elucidating host-microbe interactions in vivo by studying population dynamics

using neutral genetic tags. Immunology. 2021; 162: 341–356. https://doi.org/10.1111/imm.13266

PMID: 32931019

3. Fennessey CM, Pinkevych M, Immonen TT, Reynaldi A, Venturi V, Nadella P, et al. Genetically-bar-

coded SIV facilitates enumeration of rebound variants and estimation of reactivation rates in nonhuman

primates following interruption of suppressive antiretroviral therapy. PLoS Pathog. 2017; 13: e1006359.

https://doi.org/10.1371/journal.ppat.1006359 PMID: 28472156

4. Martin CJ, Cadena AM, Leung VW, Lin PL, Maiello P, Hicks N, et al. Digitally Barcoding Mycobacterium

tuberculosis Reveals In Vivo Infection Dynamics in the Macaque Model of Tuberculosis. mBio. 2017;8.

https://doi.org/10.1128/mBio.00312-17 PMID: 28487426

5. McCune BT, Lanahan MR, tenOever BR, Pfeiffer JK. Rapid Dissemination and Monopolization of Viral

Populations in Mice Revealed Using a Panel of Barcoded Viruses. J Virol. 2020;94. https://doi.org/10.

1128/JVI.01590-19 PMID: 31666382

6. Varble A, Albrecht RA, Backes S, Crumiller M, Bouvier NM, Sachs D, et al. Influenza A virus transmis-

sion bottlenecks are defined by infection route and recipient host. Cell Host Microbe. 2014; 16: 691–

700. https://doi.org/10.1016/j.chom.2014.09.020 PMID: 25456074

7. Weger-Lucarelli J, Garcia SM, Rückert C, Byas A, O’Connor SL, Aliota MT, et al. Using barcoded Zika

virus to assess virus population structure in vitro and in Aedes aegypti mosquitoes. Virology. 2018; 521:

138–148. https://doi.org/10.1016/j.virol.2018.06.004 PMID: 29935423

8. Vlazaki M, Huber J, Restif O. Integrating mathematical models with experimental data to investigate the

within-host dynamics of bacterial infections. Pathog Dis. 2019;77. https://doi.org/10.1093/femspd/

ftaa001 PMID: 31942996

9. Bons E, Regoes RR. Virus dynamics and phyloanatomy: Merging population dynamic and phylogenetic

approaches. Immunol Rev. 2018; 285: 134–146. https://doi.org/10.1111/imr.12688 PMID: 30129202

10. Abel S, Abel zur Wiesch P, Chang H-H, Davis BM, Lipsitch M, Waldor MK. Sequence tag-based analy-

sis of microbial population dynamics. Nat Methods. 2015; 12: 223–226, 3 p following 226. https://doi.

org/10.1038/nmeth.3253 PMID: 25599549

11. Xu D, Tian Y. A Comprehensive Survey of Clustering Algorithms. Annals of Data Science. 2015; 2:

165–193. https://doi.org/10.1007/s40745-015-0040-1

12. Qin Q, Lauver M, Maru S, Lin E, Lukacher AE. Reducing persistent polyomavirus infection increases

functionality of virus-specific memory CD8 T cells. Virology. 2017; 502: 198–205. https://doi.org/10.

1016/j.virol.2016.12.028 PMID: 28063344

13. Woolford L, Rector A, Van Ranst M, Ducki A, Bennett MD, Nicholls PK, et al. A novel virus detected in

papillomas and carcinomas of the endangered western barred bandicoot (Perameles bougainville)

exhibits genomic features of both the Papillomaviridae and Polyomaviridae. J Virol. 2007; 81: 13280–

90. https://doi.org/10.1128/JVI.01662-07 PMID: 17898069

14. Chen CJ, Kincaid RP, Seo GJ, Bennett MD, Sullivan CS. Insights into Polyomaviridae microRNA func-

tion derived from study of the bandicoot papillomatosis carcinomatosis viruses. J Virol. 2011; 85: 4487–

500. https://doi.org/10.1128/JVI.02557-10 PMID: 21345962

15. Jack BR, Leonard SP, Mishler DM, Renda BA, Leon D, Suárez GA, et al. Predicting the Genetic Stability
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22. Bleuven C, Dubé AK, Nguyen GQ, Gagnon-Arsenault I, Martin H, Landry CR. A collection of barcoded

natural isolates of Saccharomyces paradoxus to study microbial evolutionary ecology. Microbiologyo-

pen. 2018; 8: e773. https://doi.org/10.1002/mbo3.773 PMID: 30569485

23. Jahn LJ, Porse A, Munck C, Simon D, Volkova S, Sommer MOA. Chromosomal barcoding as a tool for

multiplexed phenotypic characterization of laboratory evolved lineages. Sci Rep. 2018; 8: 6961. https://

doi.org/10.1038/s41598-018-25201-5 PMID: 29725068

24. Kaiser P, Slack E, Grant AJ, Hardt W-D, Regoes RR. Lymph node colonization dynamics after oral Sal-

monella Typhimurium infection in mice. PLoS Pathog. 2013; 9: e1003532. https://doi.org/10.1371/

journal.ppat.1003532 PMID: 24068916

25. Moxon ER, Murphy PA. Haemophilus influenzae bacteremia and meningitis resulting from survival of a

single organism. Proc Natl Acad Sci U S A. 1978; 75: 1534–1536. https://doi.org/10.1073/pnas.75.3.

1534 PMID: 306628

26. Margolis E, Levin BR. Within-host evolution for the invasiveness of commensal bacteria: an experimen-

tal study of bacteremias resulting from Haemophilus influenzae nasal carriage. J Infect Dis. 2007; 196:

1068–1075. https://doi.org/10.1086/520934 PMID: 17763330

27. Trzcinski K, Thompson CM, Gilbey AM, Dowson CG, Lipsitch M. Incremental increase in fitness cost

with increased beta -lactam resistance in pneumococci evaluated by competition in an infant rat nasal

colonization model. J Infect Dis. 2006; 193: 1296–1303. https://doi.org/10.1086/501367 PMID:

16586368

28. Lenski RE, Mongold JA, Sniegowski PD, Travisano M, Vasi F, Gerrish PJ, et al. Evolution of competitive

fitness in experimental populations of E. coli: what makes one genotype a better competitor than

another? Antonie Van Leeuwenhoek. 1998; 73: 35–47. https://doi.org/10.1023/a:1000675521611

PMID: 9602277

29. Burke JM, Bass CR, Kincaid RP, Ulug ET, Sullivan CS. The Murine Polyomavirus MicroRNA Locus Is

Required To Promote Viruria during the Acute Phase of Infection. J Virol. 2018;92. https://doi.org/10.

1128/JVI.02131-17 PMID: 29875236

30. Amato KA, Haddock LA 3rd, Braun KM, Meliopoulos V, Livingston B, Honce R, et al. Influenza A virus

undergoes compartmentalized replication in vivo dominated by stochastic bottlenecks. Nat Commun.

2022; 13: 3416. https://doi.org/10.1038/s41467-022-31147-0 PMID: 35701424

31. Aliota MT, Dudley DM, Newman CM, Weger-Lucarelli J, Stewart LM, Koenig MR, et al. Molecularly bar-

coded Zika virus libraries to probe in vivo evolutionary dynamics. PLoS Pathog. 2018; 14: e1006964.

https://doi.org/10.1371/journal.ppat.1006964 PMID: 29590202

32. Lauring AS, Andino R. Exploring the fitness landscape of an RNA virus by using a universal barcode

microarray. J Virol. 2011; 85: 3780–3791. https://doi.org/10.1128/JVI.02217-10 PMID: 21289109

33. Khanal S, Fennessey CM, O’Brien SP, Thorpe A, Reid C, Immonen TT, et al. In Vivo Validation of the

Viral Barcoding of Simian Immunodeficiency Virus SIVmac239 and the Development of New Barcoded

SIV and Subtype B and C Simian-Human Immunodeficiency Viruses. J Virol. 2019;94. https://doi.org/

10.1128/JVI.01420-19 PMID: 31597757

34. Li W, Jaroszewski L, Godzik A. Clustering of highly homologous sequences to reduce the size of large

protein databases. Bioinformatics. 2001; 17: 282–283. https://doi.org/10.1093/bioinformatics/17.3.282

PMID: 11294794

35. Martin M. Cutadapt removes adapter sequences from high-throughput sequencing reads. EMBnet.jour-

nal. 2011; 17: 10–12.

PLOS COMPUTATIONAL BIOLOGY Interpreting and de-noising genetically engineered barcodes in a DNA virus

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010131 November 22, 2022 28 / 28

https://doi.org/10.1002/mbo3.773
http://www.ncbi.nlm.nih.gov/pubmed/30569485
https://doi.org/10.1038/s41598-018-25201-5
https://doi.org/10.1038/s41598-018-25201-5
http://www.ncbi.nlm.nih.gov/pubmed/29725068
https://doi.org/10.1371/journal.ppat.1003532
https://doi.org/10.1371/journal.ppat.1003532
http://www.ncbi.nlm.nih.gov/pubmed/24068916
https://doi.org/10.1073/pnas.75.3.1534
https://doi.org/10.1073/pnas.75.3.1534
http://www.ncbi.nlm.nih.gov/pubmed/306628
https://doi.org/10.1086/520934
http://www.ncbi.nlm.nih.gov/pubmed/17763330
https://doi.org/10.1086/501367
http://www.ncbi.nlm.nih.gov/pubmed/16586368
https://doi.org/10.1023/a%3A1000675521611
http://www.ncbi.nlm.nih.gov/pubmed/9602277
https://doi.org/10.1128/JVI.02131-17
https://doi.org/10.1128/JVI.02131-17
http://www.ncbi.nlm.nih.gov/pubmed/29875236
https://doi.org/10.1038/s41467-022-31147-0
http://www.ncbi.nlm.nih.gov/pubmed/35701424
https://doi.org/10.1371/journal.ppat.1006964
http://www.ncbi.nlm.nih.gov/pubmed/29590202
https://doi.org/10.1128/JVI.02217-10
http://www.ncbi.nlm.nih.gov/pubmed/21289109
https://doi.org/10.1128/JVI.01420-19
https://doi.org/10.1128/JVI.01420-19
http://www.ncbi.nlm.nih.gov/pubmed/31597757
https://doi.org/10.1093/bioinformatics/17.3.282
http://www.ncbi.nlm.nih.gov/pubmed/11294794
https://doi.org/10.1371/journal.pcbi.1010131

