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Ultra-deep sequencing for the analysis of viral populations
Niko Beerenwinkel1,2 and Osvaldo Zagordi1,2
Next-generation sequencing allows for cost-effective

probing of virus populations at an unprecedented level of

detail. The massively parallel sequencing approach can

detect low-frequency mutations and it provides a snapshot

of the entire virus population. However, analyzing ultra-deep

sequencing data obtained from diverse virus populations is

challenging because of PCR and sequencing errors and

short read lengths, such that the experiment provides only

indirect evidence of the underlying viral population structure.

Recent computational and statistical advances allow for

accommodating some of the confounding factors, including

methods for read error correction, haplotype reconstruction,

and haplotype frequency estimation. With these methods

ultra-deep sequencing can be more reliably used to analyze,

in a quantitative manner, the genetic diversity of virus

populations.
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Introduction
Viruses exist in their hosts as dynamic ensembles of

individual viral particles and integrated proviruses. The

evolutionary dynamics of many viruses, including most

RNA viruses such as HIV and HCV, is characterized by

high turnover rates, large population sizes, and high

mutation rates. Under these conditions, a large number

of viral mutants are constantly produced, creating a large

genetic diversity on which natural selection operates.

Heterogeneous virus populations are often referred to

as viral quasispecies [1–3] (Figure 1a). Genetic diversity

plays a key role in the biology and medical treatment of

viruses. In HIV, for example, it has been identified as an

important factor of disease progression [4], pathogenesis

[5], immune escape [6], vaccine design [7], and drug

resistance development [8,9].
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Until recently, the genetic diversity of a virus population,

including the co-occurrence of mutations, could only be

assessed by cloning individual viruses and applying San-

ger capillary sequencing to each of them. Because this

approach is time-consuming and involves a lot of labor,

only few studies have surveyed virus populations in

appreciable detail, never analyzing more than a few

hundred viruses per sample. The situation has changed

dramatically with the introduction of ultra-deep sequen-

cing (UDS) based on next-generation sequencing (NGS)

technologies [10]. This massively parallel sequencing

approach can overcome the limitation of clonal Sanger

sequencing by directly sequencing the mixed sample at

high coverage of 10,000 or more reads per base pair.

UDS can detect low-frequency mutations and it provides

substantial information on the structure of the population,

that is, the set of different variants and their relative

frequencies. The power of this approach for estimating

the diversity of within-host virus populations has been

recognized soon after the introduction of pyrosequencing

[11], which was initially used for detecting low-frequency

drug resistance mutations in HIV [12�,13,14,15,16] and

for analyzing HIV tropism and coreceptor usage [9,17–
20]. The number and variety of viral UDS applications is

increasing rapidly, including HCV transmission bottle-

necks [21,22], HBV diversity and low-frequency drug

resistance mutations [23,24], mixed influenza infections

[25,26], and foot-and-mouth disease virus diversity [27].

To date, pyrosequencing as commercialized by 454/

RocheTM is the most frequently applied sequencing

technology for these tasks, but other NGS platforms,

including IlluminaTM [27,28] and ABI SOLiDTM, might

also be used. All NGS approaches have in common that

they produce short DNA segments, called reads, which

provide only imperfect and incomplete information on

the viral population structure. Sequencing errors and

short read lengths complicate the analysis of UDS data

obtained from viral quasispecies. In this review, we high-

light some of the challenges associated with estimating a

viral population from UDS data and we discuss compu-

tational and statistical methods for error correction, re-

construction of viral haplotypes (strains), and haplotype

frequency estimation.

Challenges in the analysis of viral UDS data
While NGS platforms can be used to detect unknown

viruses de novo [29], we focus here on the resequencing of

known viruses. In the case of RNA viruses, reverse

transcription is applied first. Then, PCR is used to

amplify defined genomic regions, and the diverse PCR
ysis of viral populations, Current Opinion in Virology (2011), doi:10.1016/j.coviro.2011.07.008
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Analysis of viral quasispecies. A schematic representation of an intra-host virus population is displayed in (a), where each line corresponds to a

haplotype and symbols indicate differences relative to a reference strain. In local haplotype reconstruction, all reads cover the sequence window.

Once reads are clustered, it is easier to distinguish technical errors (crosses) from true biological variations (all other symbols). Haplotypes are

identified as the consensus sequences of each group (denoted A, . . ., E) and their frequencies as the cluster sizes (b). The reconstructed viral

quasispecies can then be further analyzed, for example, by phylogenetic methods (c). In (d), the virus population is displayed such that the size of each

disc corresponds to the proportion of the respective haplotype in the population and the distances between them reflect evolutionary distance. The

color coding suggests that haplotypes may be annotated with phenotypic properties, for example the level of drug resistance [32��].
products, or amplicons, are sequenced. The 454/

RocheTM pyrosequencing platform is the most popular

choice due to the longest reads of about 400 bp. Depend-

ing on the length of the amplicon, sequencing can be

preceded by DNA fragmentation.

Although NGS technologies differ in several respects, all

platforms currently in use involve steps of DNA library

preparation, amplification, and sequencing by synthesis

or ligation [10]. Fragment amplification is performed for

each individual molecule either on beads captured in

water-in-oil microreactors (emulsion PCR) or attached

to a surface by bridge amplification. The amplified mol-

ecules are then sequenced in a massively parallel fashion,

with 454/RocheTM pyrosequencing producing up to one

million reads per run. An important consequence of

single-molecule amplification is that each read obtained

from the sequencing experiment originates from exactly

one DNA molecule in the DNA library. Therefore, the

read data can be regarded as a statistical sample of the

original virus population.

However, reverse transcription, PCR amplification, and

NGS are all error-prone processes. PCR can introduce

point mutations and indels and it can also generate

recombinant sequences, or chimeras, that are composed

of two or more true template sequences. In addition, the

relative frequencies of genetic variants can be perturbed

due to selective amplification bias during PCR.

Additional single-base errors can occur during emulsion
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PCR. Finally, sequencing itself will introduce base sub-

stitution errors and indels. The impact of these errors on

viral diversity studies can be enormous. To illustrate the

effect, let us consider an error rate of 0.2% per base pair

and a read length of 400 bp. Then the proportion of reads

with at least one error is 1 � (1 � 0.002)400 = 0.551. In

other words, over 55% of the reads are incorrect. Thus,

any diversity estimate based on the raw sequence data

will be vastly inflated [30,31,32��]. In general, the fraction

of erroneous reads increases with error rate and read

length (Figure 2).

UDS data are not only noisy but also censored if the

genomic region of interest is larger than the read length.

Making inference about the genetic structure of a virus

population based on such confounded and incomplete

data is challenging. It involves several steps including

filtering, alignment, and error correction of reads, and

haplotype inference and frequency estimation. These

tasks are not independent and some methods address

only one step while others cover several.

Filtering and alignment
Filtering refers to removing reads of low quality from the

data set. The read quality can be assessed from base

quality scores provided by the NGS platform. Read

quality tends to drop toward the end of the read, such

that low-quality reads can be either truncated or dis-

carded entirely. The original measurement from which

the bases were called can also be used to filter reads, for
ysis of viral populations, Current Opinion in Virology (2011), doi:10.1016/j.coviro.2011.07.008
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The number of incorrect reads in an UDS experiment. Displayed is

1 � (1 � e)L, the expected fraction of reads with at least one sequencing

error, as a function of the per-base error rate e, for three different read

lengths L typical of Sanger sequencing (L = 800), 454/RocheTM (L = 400),

and IlluminaTM (L = 150). The 454/Roche error rate is around 0.1–0.5%.

The graph illustrates that the number of reads with one or more errors

increases with both the error rate and the read length. It is not meant as

a comprehensive error analysis as it ignores other sources of variation

(e.g., PCR chimeras) and does not distinguish different types of errors

(e.g., base substitutions from indels).
example, the light signal intensity of pyrosequencing

flowgrams [33�,34]. In resequencing studies, the remain-

ing reads are aligned, or mapped, to a reference or con-

sensus genome. This task can be accomplished by short

read mappers or semiglobal alignment algorithms based

on dynamic programming. The accuracy can further be

improved by accounting for specific error patterns of the

sequencer. For example, most errors in pyrosequencing

reads are indels in hompolymeric regions [35] and their

alignment can be optimized by using reduced gap costs in

such regions [12�,33�]. A multiple sequence alignment of

all reads can further enhance alignment quality, but is

computationally expensive. It can be constructed from

the pairwise read alignments, or by using customized

algorithms [36].

Error correction
Separating true genetic variation from measurement

noise is important for estimating the diversity of mixed

samples. Viral quasispecies consist of many, evolutiona-

rily related variants resulting from mutation and selection.

Furthermore, many important viruses recombine within

their hosts, including, for example, HIV, HBV, and HCV.

The different haplotypes of quasispecies are typically

very similar to each other and often form a connected

mutant cloud. Because PCR errors arise by essentially the
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same mechanisms in vitro as viral quasispecies in vivo, it is

impossible to separate them from true mutations without

additional assumptions or experiments. For example,

PCR chimeras can only be detected in populations that

are known not to recombine [33�]. In general, single-base

substitution and recombination occur frequently during

PCR and they represent the most severe limitation of

UDS-based analyses of viral populations. The critical

PCR step requires careful experimental design, including

choice of polymerase, PCR conditions, and parallel runs.

The basic idea of error correction is that technical errors

are randomly distributed and rare, whereas true mutations

are sampled in proportion to their frequency in the

population. Thus, a group of reads that are more similar

to each other than to any other read is likely to represent a

true haplotype (Figure 1b). Finding such groups is a

clustering problem. For each cluster, the haplotype

sequence is the consensus sequence (centroid), the hap-

lotype frequency is the cluster size, and the technical

noise is the within-cluster variation. Clustering is based

on pairwise distances that can be computed from aligned

reads or aligned flowgrams. Thus, it is applied locally to

reads covering a common window of the genome. The

result of this step is the local population structure and the

corrected reads [32��,33�,37��,38,39�].

Different clustering algorithms have been proposed,

some operating on flowgrams and some on the DNA

sequences of the reads. A common difficulty is to infer

the correct number of clusters (haplotypes) from the data.

This problem has been addressed in a Bayesian fashion,

which also yields the posterior probability of each hap-

lotype, that is, the confidence in its prediction [32��,38].

The performance of error correction methods is difficult

to assess, but initial control experiments suggest that

clustering can reduce the overall error rate by a factor

of at least 2–20. The performance increases with read

length and, in particular, clustering is superior to calling

mutations individually for each site, because it considers

covariation. Finally, clustering has also been shown to

outperform read calling based simply on read abundance

[32��].

Global haplotype assembly
For global haplotype reconstruction, the short reads need

to be assembled into longer contiguous strains. This

problem is much harder than local haplotype reconstruc-

tion and it does not have a unique solution if intermediate

genomic regions display lower genetic diversity

(Figure 3). The clustering approach can be extended

to this situation to obtain a hidden Markov model with

unobserved global haplotypes [40], which can also be

treated in a Bayesian fashion [41]. The latter approach

makes explicit use of local clustering solutions and tries to

extend them to larger regions subject to the local diversity

constraints.
ysis of viral populations, Current Opinion in Virology (2011), doi:10.1016/j.coviro.2011.07.008
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Global haplotype assembly. Reads covering different regions of the genome can be assembled into longer haplotypes. In this example, five reads,

each of lengths four, cover a genomic region of length 8 bp (a). After alignment, the reads GAGG and CAGG both overlap with GGTA and they all agree

on the overlap (GG, shaded). Similarly, GGTA agrees on its overlap with both TAGC and TAAG (TA, shaded). In the read graph (b), reads agreeing on

their non-empty overlaps are connected by directed edges. A possible haplotype is constructed by traversing the read graph from the ‘begin’ node to

the ‘end’ node. In this example, four different haplotypes are compatible with the observed reads (c) and at least two are necessary to explain all of

them. There are two different minimal haplotype sets explaining all reads, namely GAGGTAGC and GAGGTAAG (orange and purple), and GAGGTAAG

and CAGGTAGC (blue and red).
Alternatively, global haplotype assembly methods have

been proposed based on the read graph. The nodes of this

graph correspond to unique, error-corrected reads, and

reads are connected by a directed edge if they agree on

their nonempty overlap as illustrated in Figure 3. Each

maximal path in the read graph corresponds to a possible

haplotype for which local evidence exists. Employing a
Please cite this article in press as: Beerenwinkel N, Zagordi O. Ultra-deep sequencing for the anal

Table 1

Computational methods for viral quasispecies reconstruction.

Method Error correction Global assembly Confidence

ShoRAH Yes Yes Yes 

ViSpA Yes Yes No 

Jojic et al. Yes Yes No 

AmpliconNoise Yes No No 

PredictHaplo Yes Yes Yes 

Prosperi et al. No Yes No 

Listed are all published methods to date that have been applied to at least 

correct read errors, to assemble global haplotypes, and to provide confid

methods. Most applications concern HIV, HBV, and HCV.
a http://www.cbg.ethz.ch/software/shorah.
b http://alla.cs.gsu.edu/�software/VISPA/vispa.html.
c http://code.google.com/p/ampliconnoise/.
d http://www.cs.unibas.ch/personen/roth_volker/HivHaploTyper.
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parsimony principle, several combinatorial algorithms

have been proposed to extract a minimal subset of hap-

lotypes that explain all observed reads [37,42,43�,44].

This assembly into candidate haplotypes is then followed

by estimation of their frequencies [37��]. Because error

correction and haplotype inference are separated, this

approach is computationally more efficient than global
ysis of viral populations, Current Opinion in Virology (2011), doi:10.1016/j.coviro.2011.07.008

 values Software available Applications References

Yesa HIV, HCV [37��,38,39�]

Yesb HIV, HCV [43�,44]

No HIV [40]

Yesc 16S rRNA, HCV [31,33�]

Yesd HIV [41]

No HBV [42]

one real virus population. Each method is characterized by its ability to

ence values with its predictions. Software is available for four of the
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clustering, but more sensitive to miscorrections. For the

analysis of highly diverse populations, for example, those

resulting from multiple infections with different sub-

types, de novo sequence assembly programs can also be

useful [26]. The result of haplotype assembly is the

predicted set of DNA sequences in the sample and their

relative frequencies (Figure 1c,d).

Conclusions
UDS can be used to assess the diversity of virus popu-

lations, but several pitfalls can confound the analysis,

including PCR chimeras. PCR and sequencing errors

can be corrected to some extent by local haplotype

inference, while global haplotype assembly is more chal-

lenging and limited by the structure of the underlying

population. Some of the described methods have been

implemented in software packages (Table 1) and tested

on simulated and on experimental control data. However,

all programs are relatively new and more extensive vali-

dation and comparison is necessary to better understand

their behavior and performance. It is also likely that new

software will be developed in the near future.

UDS-based viral quasispecies reconstruction offers a

simple and economic way to obtain a snapshot of the

entire virus population. This snapshot is imperfect, but it

can be improved substantially by careful data analysis.

Further advancements can be expected from improved

and new NGS technologies, such as single-molecule

sequencing, and from novel computational and statistical

methods. Therefore, UDS will play an increasingly

important role in the analysis of virus populations with

a wide range of applications including viral evolution,

epidemiology, antiviral therapy, and forensics.
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