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Abstract

The advent of next generation sequencing (NGS) technologies has revolutionized the field of
genomics, enabling fast and cost-effective generation of genome-scale sequence data with
exquisite resolution and accuracy. Over the past years, rapid technological advances led by
academic institutions and companies have continued to broaden NGS applications from research
to the clinic. A recent crop of discoveries have highlighted the medical impact of NGS
technologies on Mendelian and complex diseases, particularly cancer. However, the ever-
increasing pace of NGS adoption presents enormous challenges in terms of data processing,
storage, management and interpretation as well as sequencing quality control, which hinder the
translation from sequence data into clinical practice. In this review, we first summarize the
technical characteristics and performance of current NGS platforms. We further highlight
advances in the applications of NGS technologies towards the development of clinical diagnostics
and therapeutics. Common issues in NGS workflows are also discussed to guide the selection of
NGS platforms and pipelines for specific research purposes.
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1. Introduction

Increased awareness that decoding the human genome provides critical clues to the genetics
of diseases as well as the development of more specific preventive, diagnostic and
therapeutic strategies has driven extensive sequencing and mapping efforts in the past
decades. After the completion of the first human genome sequence in 2004 [1], the growing
need to sequence a large number of individual genomes in a fast, low-cost and accurate way
has directed a shift from traditional Sanger sequencing methods towards new high-
throughput genomic technologies. In 2005, the first massively parallel DNA sequencing
platforms emerged, ushering in a new era of next-generation sequencing (NGS) [2,3]. To
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date, the development of NGS technologies has vastly accelerated the pace of data
generation—on the order of hundreds of gigabases of nucleotide sequence per instrument
run, while reducing sequencing cost by over five orders of magnitude. Owing to these
advantages, NGS technologies have been widely used for many applications, such as rare
variant discovery by whole genome resequencing or targeted sequencing, transcriptome
profiling of cells, tissues and organisms, and identification of epigenetic markers for disease
diagnosis.

Here, we first provide a brief overview of the characteristics, strengths and limitations of
current NGS platforms (Table 1). We then discuss the major applications of NGS
technologies, with a focus on cancer diagnosis and prognosis. Finally, we discuss the
bioinformatics tools and challenges in NGS data analysis.

2. Overview of NGS technologies

The technical details of the three major NGS platforms have been well described elsewhere
[4]. The following section primarily focuses on the performance of each sequencing system.

2.1. Roche/454

The 454 sequencing system is based on the combination of emulsion PCR and
pyrosequencing technology [2]. In emulsion PCR, single-stranded template carrying beads
are confined to individual emulsion droplets in which millions of copies of each template are
produced by PCR amplification. Amplicon-bearing beads are subsequently enriched and
deposited into individual wells of a picotiter plate where solid-phase pyrosequencing is
carried out. In this sequencing-by-synthesis method, luminescence emission from the release
of pyrophosphate upon template-directed nucleotide incorporation is monitored in real time.
The strength of the 454 system lies in its ability to sequence long reads. The latest 454 GS
FLX platform with Titanium chemistry can produce approximately one million reads with
lengths of up to 1000 bp per instrument run. Owing to this advantage, despite the higher
costs compared with other NGS platforms, the 454 platform is best suitable for several
applications, including de novo assembly [5] and metagenomics [6]. However, the 454
technology has an inherent problem in the detection of homopolymers, stretches of the same
nucleotide. Due to the lack of a terminating moiety, multiple incorporations of identical
nucleotides can occur in homopolymeric regions during a single sequencing cycle. This can
lead to nonlinearity between the signal intensity and the length of homopolymer stretches
when more than three or four nucleotides are consecutively incorporated. Consequently, the
454 system has a relatively high error rate for calling insertions and deletions (indels) in
homopolymers [7].

2.2. lllumina/Solexa

The Illumina sequencing system employs an array-based DNA sequencing-by-synthesis
technology with reversible terminator chemistry [8]. In this approach, template DNA
fragments are hybridized to a reaction chamber on an optically transparent solid surface (i.e.,
flow cell). Reversible terminators [9], a series of four modified nucleotides each labeled with
a different removable fluorescent dye at the 3”-hydroxyl terminus, are used for step-by-step
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DNA synthesis. Millions of clonal clusters can be generated in each lane of the flow cell,
which contains eight independent lanes for multiple libraries to be sequenced in parallel.
The Genome Analyzer (GA), the first Illumina sequencing platform, originally produced 35-
bp reads and generate more than 1 gigabase (Gb) of high-quality sequence per run in 2-3
days. The upgraded platforms, such as GA IIx and HiSeq 2000, yield much higher sequence
output with increased read lengths. Despite its ultra-high-throughput and cost-effective
advantages, the utility of the lllumina systems is limited to short-read sequencing. The
limitation in read lengths is primarily due to dephasing effects [4]. Decreased or increased
efficacy of nucleotide incorporation and failures in removing or adding terminating moieties
in any given cycle can cause incomplete extension or overextension of the growing strand
along the template, resulting lagging-strand or leading-strand dephasing. Moreover, signal
dephasing can be caused by decay in fluorescent signal, incorporation of nucleotides without
a fluorescent label (dark nucleotides) or incomplete removal of fluorescent labels, leading to
base-calling errors. Consequently, base substitution error rates increase with read length. In
addition, uneven read coverage has been revealed across AT-rich and GC-rich regions, with a
bias towards the latter.

2.3. Life Technologies/SOLiD

The SOL.ID system uses a ligation-based sequencing technology originated from previous
work [3]. The sequencing library is prepared by emulsion PCR as in the 454 protocol.
Sequencing is performed through successive cycles of ligation, in which each sequencing
primer is ligated to a specific fluorescence-labeled octamer probe according to the
complementarity between the di-bases of the probe and the template. Since each four di-
bases (e.g., AG, GA, TC, CT) are tagged with one of four fluorescent dyes, the di-
nucleotides at the same positions of each template are associated with a unique fluorescent
color. Across ligation cycles, di-nucleotides are read at intervals of five bases, that is, di-
nucleotides at position 4- 5, 9-10, 14-15, 19-20 and so forth. After five ligation rounds,
each nucleotide in the template is read twice by two fluorescent signals, greatly improving
base-calling accuracy. Among the current NGS platforms, the SOLID system presents the
lowest error rate. Its most common error type is substitution. In addition, an
underrepresentation of AT-rich regions has also been shown in the SOLID data [10].

2.4. Emerging technologies

The emergence of single-molecule sequencing has provided a technological leap forward in
the evolution of next generation sequencing. The promise of this technology lies in its ability
to directly sequence single DNA or RNA molecules in biological samples without
amplification. The single-molecule sequencing strategy promises significant advantages over
current NGS technologies in that it minimizes sample handling, reduces sample input
requirements, avoids amplification-induced bias and errors, increases read length flexibility
and enables accurate quantitation of nucleic acid molecules. The simplicity, sensitivity and
quantitative capabilities of single-molecule sequencing make it highly promising for
molecular diagnostics [11].

The Helicos Genetic Analysis System is the first commercially available single-molecule
sequencing platform [12]. In this system, poly(A)-tailed single-stranded DNA templates are
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captured by poly(T) oligonucleotide primers tethered to the surface of a flow cell.
Sequencing is performed through iterative cycles of DNA polymerase- mediated single-base
primer extension using a series of four fluorescent Virtual Terminator nucleotides, each of
which represents a 3”-unblocked reversible terminator with a fluorophore-labeled inhibitory
moiety [13]. In a standard run, the sequencer with two 25-channel flow cells is capable of
capturing billions of single DNA molecules and generating over 21-35 Gb of sequence data
with an average read length of 35 bp. Although the sequencing process is asynchronous in
the Helicos system, dephasing effects that commonly exist in amplification-based
sequencing platforms are not present. Moreover, there is no GC-content bias in read
coverage. However, the current error rate in Helicos reads is relatively high (~3-5%), and
the dominant error type is deletion, which presumably results from incorporation of
unlabeled nucleotides and/or detection errors. The use of Virtual Terminator chemistry
solves the homopolymer sequencing problem, and the base-by-base incorporation manner
results in very low substitution error rates (typically 0.2%). When a two-pass strategy is
applied, in which individual template molecules are sequenced twice, the error rates can be
further reduced.

Other single-molecule sequencing technologies with longer read lengths, higher sequencing
speed or lower overall cost are also emerging. One example is the PacBio RS, a single-
molecule real-time sequencing system developed by Pacific Biosciences [14]. In this system,
a single template-bound DNA polymerase molecule is immobilized to the bottom of a zero-
mode waveguide, which functions as a nanophotonic visualization chamber for monitoring
the polymerization reaction in a detection volume on the order of zeptoliters (10721 I).
During sequencing, template-directed incorporation of four fluorescent phospholinked
nucleotides into the growing complementary strand is optically recorded in real time. The
fluorescent dye attached to the terminal phosphate moiety of each phospholinked nucleotide
is naturally removed by enzymatic cleavage upon incorporation. This allows rapid and
processive DNA synthesis by the polymerase, yielding sequence reads of thousands of bases.
Nonetheless, the PacBio system presently offers a throughput of approximately 50-100 Mb
per run, which is much lower than current NGS platforms. Moreover, the single-read error
rate is typically 15%, exceeding the error tolerance of many applications. A second example
is nanopore sequencing technologies, in which single-stranded nucleic acid molecules are
electrophoretically driven through a nanometer-sized pore and detected by their effect on an
ionic current or optical signal [15]. Nanopore sequencing potentially offers long read lengths
of up to tens of kilobases, minimal requirements of reagent and sample preparation, and high
sequencing pace at low cost. However, several problems remain to be solved before the
application of nanopore sequencing. The high speed of DNA translocation through
nanopores makes it challenging to distinguish base signals from background noises by an
electronic sensor. The random motion of molecules during translocation also adds to the
difficulty in reaching single-base resolution. As a solution, IBM is developing a DNA
transistor technology that incorporates alternating layers of metal and dielectric material
within a nanopore to control the rate of DNA translocation [16]. Oxford Nanopore
Technologies is also commercializing electronic nanopore sensing systems based on
exonuclease and strand sequencing techniques. Exonuclease sequencing [17] employs a
modified a-hemolysin nanopore with a bound exonuclease that cleaves off single
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nucleotides, allowing successive passage and detection of each nucleotide in a polymer,
while strand sequencing uses a polymerase to pass single-stranded DNA polymers through
the nanopore.

Other new sequencing technologies are also under development, such as fluorescence
resonance energy transfer (FRET)-based single-molecule sequencing technology from
VisiGen Biotechnologies, lon semiconductor sequencing technology from lon Torrent, now
part of Life Technologies, and DNA nanoball sequencing technology from Complete
Genomics. Despite remarkable advantages of these new technologies, there remains much
room for improvement before introducing them into clinical practice.

The LifeTech lon Torrent and Proton platforms are strikingly different from other NGS
platforms, because they measure pH changes rather than e.g. fluorescence during
sequencing. While the data output is still relatively low per chip, the fast turnaround time per
chip makes the lon Torrent and Proton very suitable to smaller, focused sequencing projects,
16S sequencing projects, SNP detection and validation, as well as sequencing of small
genomes. Hence, they may gain more relevance for the clinics with increase in read length in
the coming years and decrease in costs. Similarly, smaller and more affordable sequencing
instruments, like the Illumina MiSeq, may become an instrument of choice for diagnostic
and prognostic clinical centers and smaller laboratories.

Cost per platform, especially running cost, is important to the end user but difficult to
estimate. Based on our own recent experience in a large sequencing project, the Sequencing
Quality Control (SEQC) project, the cost per Gb data for the three major platforms is $46.8
for HiSeq 2000, $77.2 for SOLiD4, and $12,210 for Roche 454. That is, the ratio of per Gb
cost is 1:1.65:261 for Illumina:LifeTech:454.

Although the Illumina HiSeq 2000 or 2500 platform is the most cost-effective tool for
whole-genome sequencing, but it still takes days to have one genome sequenced. The
expected rate of dropping in sequencing cost and increase in sequencing throughput has not
been maintained over the past one and half years because of the lack of competition —
Illumina has been dominating the sequencing market. Newer sequencing platforms, like
nanopore-based technologies, have yet to demonstrate their viability in terms sequencing
throughput and accuracy. In the next two to three years, Illumina will likely continue to
dominate the sequencing market and the cost per genome at 30x coverage is almost
impossible to drop to below $1000. Note that the cost for storing, analysis, and interpreting
whole-genome sequencing data is even higher than the cost of generating the data.
Therefore, sequencing cost will remain a concern for most people including patients and
insurers.

3. Applications of NGS

3.1. Genome-wide discovery of causal variants

Most common diseases and quantitative traits in human populations have a complex genetic
basis. The identification of genetic variants that underlie susceptibility to common diseases
and traits has been challenging. Genome-wide association studies, which have thus far

Cancer Lett. Author manuscript; available in PMC 2017 December 21.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xuan et al.

Page 6

focused on common variants (minor allele frequency, MAF > 5%), have achieved only
modest success in explaining the heritability of most complex traits. Although over 7000
strong SNP-trait associations (o< 1.0 x 107°) have been identified to date, as listed in the
National Human Genome Research Institute (NHGRI)’s Catalog of Published Genome-
Wide Association Studies, the majority of these SNPs only have small effect sizes and very
few are causal variants. The ‘common disease — common variant’” hypothesis [18], which
posits that common traits are most likely attributed to genetic variants with high frequencies
has been refuted. The missing heritability observed in GWA studies has been attributed to
several causes, including rare variants of large effects undetected by available genotyping
arrays, structural variants poorly captured by current technologies, a large number of small-
effect common variants uncovered by existing arrays, insufficient power to identify gene—
gene interactions, and underestimate of environmental and epigenetic effects. An important
role of rare variants in conferring susceptibility to common diseases and traits has been
recognized.

With the advent of NGS technologies, it has become feasible to sequence whole genomes in
relatively large cohorts of individuals to identify rare variants. The 1000 Genomes Project,
as an example, is developing a more detailed catalog of genetic variants with frequencies
down to 1% in multiple human populations [19,20]. The UK10K project is a more ambitious
sequencing effort underway, which will sequence 10,000 human genomes from two well-
phenotyped UK population-based cohorts to identify rare variants in several types of
diseases. Large-scale genome sequencing of other species has also been launched [21].
These advances will largely facilitate the discovery of disease-causing variants. Of note,
recent whole genome sequencing studies have discovered a number of novel abnormalities
in cancer genomes [22-28] (Table 2). Furthermore, the characterization of unique mutational
patterns of individual cancer genomes has shown great promise in personalized cancer
therapy [29,30].

3.2. Targeted sequencing

Although whole-genome sequencing (WGS) is the most straightforward and comprehensive
strategy for genome analysis, large-scale WGS studies are still unaffordable for many
research laboratories and clinical settings. In comparison, targeted sequencing can yield
much higher coverage of genomic regions of interest while reducing the sequencing cost and
time. The most commonly used target-enrichment techniques include PCR and array-based
or solution-based hybridization [31].

PCR-based enrichment methods have the advantage of even coverage and high specificity.
Generally, primer sets specifically targeting genomic sequences of interest are used to
generate multiple overlapping amplicons, which can be pooled and converted into a library
for sequencing. The utilization of PCR-based enrichment methods for massively parallel
targeted sequencing faces several challenges. First, PCR specificity largely depends on
primer design and reaction optimization, which can require extensive computational analysis
to avoid non-specific priming, primer cross-reactivity and dimer formation. PCR primers are
usually derived from reference gene sequences. The existence of variants in primer
annealing sites may decrease priming efficiency and cause allelic bias or dropout [32].
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Moreover, large rearrangements (e.g., insertions, deletions, translocations) in cancer
genomes may be undetectable unless primer pairs in flanking regions are defined. Second,
multiplex amplification of target sequences using multiple primer sets in a single tube can
result in an excessive amount of non-specific products. Several technologies have been
developed to get around this problem, including microfluidic PCR [33,34], emulsion PCR
[35,36], and microdroplet PCR [37]. These strategies enable many singleplex PCRs to be
performed independently and simultaneously in a single reaction, where primer-pair cross-
interactions and product-product hybridization are prevented. Third, the size of PCR
amplicons is limited (<10 kb) due to the potential loss of fidelity and efficiency in longer
PCRs. Thus, PCR amplification of large regions can involve thousands of parallel reactions
that need tedious optimization, resulting in dramatic increases in cost, labor intensity and
input DNA amount. Consequently, the scale of PCR-based target enrichment is limited to
several megabases. Despite these drawbacks, PCR-based strategies may find wide
applications in clinical practice, considering their high specificity that can ensure clinical
accuracy. Two major commercial products for PCR-based target enrichment are
RainDance’s RainStorm (microdroplet-based) and Fluidigm’s Access Array (microfluidic-
based). Their applications in the context of NGS have successfully identified disease-
causing mutations for diagnostic testing [38— 40].

Hybridization-based enrichment methods can directly capture targets of interest from a NGS
library using complementary oligonucleotides either in solution or on array. The major
advantage of the methods is their capability to cover large genomic regions, which have been
scaled to the entire human exome (~30 Mb) [41-43]. In array-based hybridization methods,
target-specific capture probes are synthesized on high-density DNA microarrays. A number
of studies have shown the flexibility of on-array hybridization in capturing both short-non-
continuous regions and long-continuous regions [41,42,44-47]. Nevertheless, these methods
are difficult to scale to large numbers of samples due to the high cost of microarrays.
Moreover, a vast excess of input DNA is required to ensure sufficient hybridization of each
probe with its target. Solution- based hybridization methods have been developed to
overcome these disadvantages. In the methods, an excess of biotinylated single-stranded
RNA [48,49] or DNA oligos [43] is presented as capture probes in solution. A relatively
small amount of input DNA-fragment library is required for hybridization reactions in
aqueous phase. Consequently, both sample DNA quantity and cost per assay for target
enrichment are substantially reduced. Currently, three major commercial products including
Agilent’s Sure- Select (array-based and solution-based), Nimblegen’s SeqCap (array-based
and solution-based) and Illumina’s TruSeq (solution-based) in conjunction with NGS
platforms have been proven highly effective in exome sequencing [50,51]. Thus far, a
number of studies have reported the identification of causal mutations by exome sequencing
for many genetic diseases [52,53] and cancers [54—-63] (Table 2).

3.3. RNA-Seq

RNA-Seq applies NGS technologies to qualitatively and quantitatively profile the full set of
transcripts (i.e., transcriptome), including mRNAs, small RNAs and other non-coding
RNAs. Transcriptome profiling provides a snapshot of gene expression patterns and
regulatory elements in a cell, tissue or organism under different physiological states, which
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is important to the understanding of biological processes in development and disease.
Though a transcriptome only represents a small fraction of the human genome (<5%) [64], it
is very complex in that transcripts derived from alternative splicing [65], gene fusion [66],
antisense transcription [67] and RNA editing [68] largely increase the diversity of
transcriptome. Initial high-throughput analysis of transcriptomes mainly relied on
microarray technologies, but their abilities are limited due to the dependence on prior
knowledge about the genome, the limited dynamic range of detection and cross-
hybridization issues [69]. As an alternative approach, RNASeq offers a direct sequencing
strategy that is able to define at single base resolution the complete repertoire of RNA
transcripts across a broad range of expression levels. Recently, RNA-Seq has been
increasingly applied to study complex diseases, particularly cancer, taking advantage of its
superior sensitivity and efficiency in detecting allele-specific expression, fusion transcripts
and non-coding RNAs.

Gene fusions represent a common feature of cancer [70]. They have mostly been found in
hematological malignancies and bone and soft tissue sarcomas but less frequently in
epithelial carcinomas [71]. The identification of gene fusions in common solid tumors has
been largely hindered by the limitations of cytogenetic techniques (FISH, metaphase
karyotyping and array-CGH) and clonal heterogeneity. RNA-Seq has greatly facilitated the
discovery of novel gene fusions in various cancer types, including prostate cancer [72-77],
breast cancer [78,79], lymphoma [80,81], sarcoma [82] and melanoma [83]. Its superiority
has been shown for unveiling not only recurrent gene fusions arising from chromosomal
rearrangements that are not detectable at the genomic level, but also recurrent chimeric read-
through transcripts (e.g., SLC45A3-ELK4, CDK2-RAB5B) in the absence of DNA
aberrations. The occurrence of some fusion events has been linked to the mechanisms of
carcinogenesis in specific tissues or organs, which could be used to develop diagnostic
markers. For example, the MHC class Il transactivator CIITA has been found to present as a
partner of various gene fusions in B-cell lymphomas, suggesting that CIITA rearrangements
may represent a novel oncogenic mechanism in lymphoid cancers [80]. Additionally, a new
subtype of bone sarcoma caused by a BCOR-CCNB3 gene fusion mechanism has been
defined [82]. On the contrary, some gene fusions are present across different cancer types.
For example, recurrent fusions involving RAF pathway genes have been identified in
prostate cancer, gastric cancer and melanoma, providing therapeutic targets for all three
cancers [74].

Non-coding RNAs (ncRNAS) are emerging as functional elements in a wide range of
biological processes, including proliferation, differentiation, development and apoptosis.
Aberrant functions of ncRNAs have been implicated in the pathogenesis of many human
diseases, particularly cancer [84]. Long non-coding RNAs (IncRNAS) are a group of
ncRNAs more than 200 nucleotides in length that take part in a broad spectrum of cellular
functions, including epigenetic modifications, transcriptional regulation and post-
transcriptional processing of mMRNAs [85]. The involvement of INcRNAs in cancer biology
has been proven by the characterization of dozens of IncRNAs (e.g., DD3/PCA3[86,87],
MALAT-1[88,89], HULC[90,91], ANRIL [92,93], HOTAIR [94-97]) that are differentially
expressed in cancers [98]. However, though it has been recognized that the human genome
produces a vast repertoire of IncRNAs, including intergenic, antisense, and intronic
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transcripts, their functional catalog is still far from fully defined [99,100]. A recent study
reported the discovery of a novel INcRNA PCAT-1 as an important actor in prostate cancer
progression through transcriptome analysis of 102 prostate cancer tissues and cell lines by
RNA-Seq, highlighting the potential of NGS technologies to comprehensively identify
unannotated ncRNAs that can be clinically valuable markers of disease states [101].

MicroRNAs (miRNAs) are small ncRNAs of ~22 nucleotides that function as key regulators
of gene expression by binding to complementary sequences in target sites and inducing
MRNA degradation and/or translational repression [102]. Dysregulated expression of
miRNAs is a hallmark of many cancers, in which miRNAs can act as oncogenes or tumor
suppressors. Previous studies have shown distinct miRNA expression patterns in paired
normal and tumor tissues and also in different tumors, suggesting that miRNA profiles can
be accurate indicators of tumor type and malignant progression [103—-106]. miRNA profiling
by next-generation sequencing has been proven a powerful tool in the identification of novel
cancer signatures for diagnosis and prognosis in recent studies [107— 114]. Notably, the
discovery of tumor-specific circulating miRNAs in body fluids opens up promising avenues
for developing non-invasive diagnostic and prognostic markers in cancer [115]. Other
ncRNAs, such as PIWI-interacting RNAs (piRNAs), small nucleolar RNAs (snoRNAS),
transfer RNAs (tRNAs) and ribosomal RNAs (rRNAs), have also been linked to cancer
development [84,116]. A recent NGS analysis of small ncRNA species in organ-confined
and metastatic prostate cancer successfully revealed differentially expressed snoRNAs and
tRNAs as well as miRNA signatures that are associated with disease promotion [114].

The reliable quantification of gene expression abundance with RNA-Seq depends on the
depth of sequence data collected on each sample and the inherent expression level of the
gene of interest. For genes expressed at lower abundance in a sample, many more sequence
reads are required to achieve accurate quantification, whereas for highly expressed genes,
much fewer reads are required for their accurate quantification. Roughly, 50-100 million
reads per sample are required for an RNA-Seq profile to reach similar performance of an
Affymetrix gene expression microarray. One emerging approach for large-scale clinical
genomic studies is to first use deep RNA-Seq as a discovery tool to identify transcriptomic
features relevant to the disease process or treatment outcome and then use custom-designed
arrays to reliably screen a large number of patient samples as a validation phase or in routine
clinical applications [117].

3.4. Epigentic profiling

Epigenetic modification of DNA is involved in many aspects of cancer progression. Heyn
and Esteller [118] have presented a general overview of the importance, applications, and
challenges of DNA methylation monitoring in the clinic, and it is expected that DNA
methylation status will be valuable for future diagnosis, prognosis and prediction of
response to therapies. Carvalho et al. [119] conducted genome-wide DNA methylation
profiling on non-small cell lung carcinomas and found that while hypomethylated
differentially methylated regions (DMRs) did not correlate to any particular functional
category of genes, the hypermethylated DMRs were strongly associated with genes encoding
transcriptional regulators.

Cancer Lett. Author manuscript; available in PMC 2017 December 21.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xuan et al. Page 10

4. Bioinformatics challenges and solutions

The dramatic reduction in sequencing cost and time allows current NGS platforms to
generate an unprecedented volume of sequence data, as many as millions or billions of short
reads (~50- 150 bp) per run, posing great bioinformatics challenges in terms of NGS data
storage, quality control, alignment, assembly and annotation. Thus far, a number of
computational tools have been developed for analyzing NGS data in the following scopes: (i)
base calling; (ii) alignment of sequence reads to a reference; (iii) de novoassembly; and (iv)
variant detection and genome annotation (Table 3).

Base calling is a process of identifying nucleotide sequences of DNA templates from
fluorescence intensity signals produced by sequencers. This procedure is critical to the
interpretation of NGS data, since any introduced sequence errors would have an influence on
downstream analyses, including alignment, SNP and genotype calling. The technological
differences among NGS platforms combined with the use of different base-calling
algorithms lead to platform-dependent error characteristics. The 454 platform tends to have
insertion and deletion (indel) errors caused by broaden signal distributions in homopolymers
[167]. In the Illumina platform, the average raw error rate is typically 1% [168]. Error rates
increase towards the end of reads due to the accumulation of asynchrony in the synthesis
process. Substitution errors are more frequent than indel errors, and certain substitution (A >
C transversion) errors are more prevalent [169]. In the SOLID platform, the raw error rate
increases from ~2% to ~8% towards the 3"-end [170]. The bias in the distributions of
fluorescence intensities appears in later sequencing cycles, which can be alleviated by an
intensity normalization [171]. A number of improved base callers have been developed to
reduce the error rate for each platform, including Rsolid [171] for the SOLID platform,
Pyrobayes [172] for the 454 platform, and BayesCall [173], Ibis [174], Seraphim [175], and
AYB [176] for the Illumina platform. Base-calling algorithms use quality scores to estimate
error probabilities for each base call, most of which can be transformed to Phred quality
score (Q) [177]. An estimated base-calling error rate is 10~/10, That is, if a Phred quality
score of 20 is assigned, the probability to erroneously call a base is 1% (1072). Improvement
of base-calling performance remains a computational challenge. Theoretically, faster and
more accurate base callers should be developed for various NGS platforms. Unfortunately, in
sequencing practice, the fluorescent intensity signal data files are usually no longer provided
to the end user because of their huge storage requirements. Thus, the end user has to live
with whatever the platform provider has implemented in their base calling algorithms.

Incorrect mapping of reads can readily lead to erroneous identification of sequence variants,
highlighting the importance of alignment accuracy. The most common alignment problem
arises from reads that map to multiple locations on the reference sequence, so-called multi-
reads. Thus far, it remains challenging to correctly assign multi-reads to their original sites.
Three strategies have been used to cope with multi-reads. The first strategy is to discard all
multi-reads and only utilize reads that map uniquely to the reference genome. However, this
can cause the omission of up to 30% of mappable reads, rendering those variants in
repetitive elements and gene families that may be of functional significance undetectable. In
contrast, the other two strategies will not limit alignments to repetitive sequences. One is the
best-match approach, in which each read is assigned to the location(s) with the fewest
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mismatches. When more than one best-match location is found, the alignment program will
report all locations or one of them by random selection. The third strategy is to report all
alignments until the predefined maximum number is reached. However, these two strategies
can introduce incorrect alignments, especially in regions of high diversity between the
sequenced genome and the reference genome. In this case, use of longer reads and paired-
end reads can efficiently reduce the ambiguity and improve alignment accuracy.

Calling SNPs from DNA sequence data remains a major challenge. For a given sample, the
number and identities (locations) of SNPs called by different software packages can be quite
divergent. Consequently, SNPs identified to be associated with the phenotype (disease status
or treatment response) can be largely different, making validation of the findings very
difficult. Without a “gold standard” SNP calling algorithm, one may focus on those SNPs
that are called by two or more SNP calling algorithms to ensure a better chance of
validation.

Reconstruction of a genome in the absence of a reference sequence requires de novo
assembly of reads into longer contiguous sequences (i.e., contigs) followed by correctly
ordering contigs into scaffolds. The short length of NGS reads greatly adds to the difficulty
of genome assembly. A compromise solution is to increase the depth of coverage, but it’s
still unable to counteract the problems with assembly of repetitive regions. It is a substantial
challenge for an assembler to distinguish genomic regions that share repeats, especially
when the repeats are longer than the reads used for assembly. Such repeats not only create
gaps, their flanking regions can also be incorrectly connected, thus generating misassembled
chimeras by linking distant regions together. Two approaches have been developed to solve
the problem: overlap graph and de Bruijn graph [178]. The latter is superior in short-read
assembly but requires information from paired-end reads to resolve repeats. Hence, efficient
generation and algorithmic analysis of read pairs would be the key to assembling large
genomes with short reads. Although there is rarely a need for de novo assembly of the
human genome in clinical applications, the relevance of metagenomes [179,180] to human
health makes de novo assembly a necessity.

Transcriptome analysis with RNA-Seq data brings additional computational challenges. One
challenge is to map reads that span splice or fusion junctions. Conventional mapping
programs such as ELAND, Bowtie [121] and MAQ [123] that need to allocate reads to
contiguous sequences are inappropriate for spliced alignment. New algorithms have been
developed to map splice-crossing reads, some of which utilize previously known splice
events (e.g., ERANGE [129]), while others (e.g., GSNAP [130], MapSplice [131], RUM
[132], SpliceMap [133], TopHat [134]) do not rely upon prior knowledge. In particular,
some algorithms have been specifically designed for the identification of gene fusions,
including deFuse [157], FusionSeq [158], ShortFuse [159] and TopHat-Fusion [160].
Despite high sensitivity of these aligners in detecting junctions, misalignment of multi-reads
can readily occur and lead to a high false positive rate of identification. Most algorithms
handle this problem by discarding multi-reads. However, this may result in inaccurate
estimation of the expression levels of genes located in repetitive regions.
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Gene expression measurement is another challenge in RNA-Seq data analysis. The standard
approach to estimate the expression level of a gene is to calculate the count of reads mapped
to that gene. However, the read count is a function of the length and molar concentration of
the transcript. One common solution is to normalize the read count by the transcript length
and the number of million mappable reads or fragments (read pairs) to obtain the
measurement, which is expressed as reads per kilobase per million (RPKM) or fragments per
kilobase per million (FPKM). Moreover, multireads that originate from multiple isoforms of
the same gene and homologs of gene families can lead to incorrect estimation of gene
expression. Given the disadvantages of discarding multi-reads, an alternative strategy has
been developed to rescue multi-reads by allocating them in proportion to the number of
reads uniquely mapped at the same loci [181]. Several methods have also been reported to
estimate expression levels of isoforms and homologous genes in the presence of multi-reads
with a probabilistic generative model optimized by an Expectation—Maximization (EM)
algorithm [182,183].

NGS technology is coupled with immense data storage requirements, which needs to be
considered prior to the decision of employing such platforms in clinical practices, at least for
now. This is because the huge amount of raw sequence data for each patient, usually
hundreds of Gbs, needs to be stored for potential future analysis and interpretation when
analytical algorithms improve. The transfer of NGS data from the sequencing facility to the
data analysis center presents another challenge. In our experience, shipping the data on hard
drives with 2 Ths or 3 Ths storage space is a routine mechanism. Making the Ths of
sequence data readily accessible to the computing power could be the bottleneck. However,
with the improvement and standardization of sequencing platforms and data analysis
algorithms, within a few years down the road it may become unnecessary to store the raw
sequence data anymore. What need to be stored and transferred may be the variant calling
results that are much smaller in size compared to the raw sequence data.

5. Cancer-specific concerns

5.1. Issues with tumor samples

Fresh or fresh-frozen tumor tissues can provide good-quality samples for massively parallel
sequencing of cancer genomes, but they are limited in supply in most hospitals. Clinical
tissue samples are routinely formalin-fixed and paraffin-embedded (FFPE) for
histopathological examination and long-term storage. Undoubtedly, the use of FFPE material
could provide a rich sample source for molecular studies of cancer. However, the preparation
procedure of FFPE samples can lead to significant degradation and chemical modification of
nucleic acids. It is known that formalin fixation adds hydroxymethyl groups to nucleic acid
bases and induces cross-linking with proteins. As a consequence, artificial sequence
alterations can occur in DNA extracted from FFPE samples during PCR. It has been
assumed that such artifacts are caused by formalin cross-linking of cytosine nucleotides,
which misleads DNA polymerase to incorporate an adenine instead of a guanosine, resulting
ina C > T or G > A transition [184]. On the other hand, the poly(A) tail of mMRNA isolated
from FFPE samples is likely to be heavily modified, blocking the annealing of oligo (dT)
primers to the poly(A) tail in the reverse transcription reaction [185].
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Given these concerns, it is necessary to assess fixation-induced nucleic acid damage and
minimize error rates when performing massively parallel sequencing of FFPE samples. One
strategy for removing damage-derived artifacts is to use more stringent alignment criteria.
However, this can lead to a reduction in coverage depth and may also remove genuine
mutations. As a solution, a recent study reported a novel post-alignment filtering method that
integrates global nucleotide mismatch rates and local mismatch rates to remove false
positive calls caused by formalin fixation [186]. Another strategy is to increase sequencing
depth. In a whole-exome sequencing study, a high rate of discordant loci as false positives in
FFPE tissues compared to paired snap-frozen tissues was detected at 20x coverage [187].
While false positives were reduced but still present at 40x coverage, no discordance was
observed at 80x coverage. Hence, it is seen that accurate detection of somatic mutations in
FFPE tumor samples can be achieved at high coverages, especially using targeted
sequencing approaches [187,188].

5.2. Tumor heterogeneity

Phenotypic and functional heterogeneity across different tumors in the same individual
(inter-tumor heterogeneity) as well as cell subpopulations within a single tumor (intra-tumor
heterogeneity) has been recognized as a hallmark of cancer. The heterogeneous nature of
tumors can lead to inaccurate diagnosis and therapeutic resistance. Several mechanisms have
been postulated to account for tumor cell heterogeneity but their relative contribution
remains controversial [189]. The most widely accepted mechanism involves clonal evolution
of tumor cell populations driven by genomic instability, which has been supported by
morphological and cytogenetic findings. However, thus far, tumor heterogeneity has not
been well defined at the molecular level due to limitations in experimental and analytical
tools. Recently, taking advantage of NGS technologies, high-resolution genome-wide studies
of genetic diversity among tumor cells are emerging, leading to a deeper understanding of
tumor clonal architecture and evolution. In a pilot study, Gerlinger et al. [190] revealed
branched mutation profiles in multiple spatially separated specimens taken from a single
tumor by whole-exome sequencing. A more sophisticated view of intra-tumor heterogeneity
could be obtained with the development of single-cell sequencing technology. Several
studies have made breakthroughs in reconstructing mutational pathways and tumor evolution
history based on single-cell genetic architecture [191]. In addition to genomic heterogeneity,
transcriptome diversity in individual tumors has also been revealed at the single-cell level
[192]. Single-cell RNA-Seq technology has been established for identifying gene expression
signatures as well as tumor-associated mutations with small amounts of sample RNA [193].
Despite these advances, single-cell sequencing is still not applicable in clinical settings until
sequencing cost and time are reduced to a reasonable level to make the analysis of hundreds
of single cells affordable. However, it holds great promise to translate the knowledge of
tumor heterogeneity into clinical practice, enabling precise diagnosis, targeted therapy and
personalized medicine to improve the clinical management of cancer patients.

6. Concluding remarks

In the past few years, NGS technologies have made great strides in both basic and clinical
research, providing deeper insights into the complex genomic landscapes of many diseases.
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However, implementing NGS into clinical settings still faces some hurdles. First, the rapid
generation of enormous amounts of sequence data presents a huge challenge for data
integration. For instance, whole genome sequencing can easily discover numerous genetic
variations between patients and healthy volunteers, but it will be difficult to extract clinically
useful and actionable information and validate significant genotype-phenotype associations.
Notably, a person’s genetic make-up is not the only determinant of disease risk and drug
response. A variety of demographic and clinical factors (such as age, gender, ethnicity,
pathological stage, and medical history) could potentially complicate clinical decision-
making. Therefore, it is important to control for confounding factors in the development of
reliable and reproducible molecular markers. Second, there lacks a standard for quality
control of sequence data. The problem of sequencing errors remains significant, since such
errors are not distinguishable from genetic variants and could be misidentified as phenotype-
associated mutations. It is known that all commercially available NGS platforms have
different error types and error rates. Each error type needs to be carefully assessed and
corrected in order to minimize the potential impact on downstream data analysis.
Additionally, applying different bioinformatics strategies could significantly affect the
output of NGS data analysis. Thus, it is necessary to understand the principles, advantages
and limitations of bioinformatics tools so as to establish appropriate pipelines capable of
generating reliable analytical results. These issues are being addressed by the Sequencing
Quality Control (SEQC) project, a community-wide collaborative effort led by the US Food
and Drug Administration (www.fda.gov/Micro-ArrayQC/) as a follow-up of its MicroArray
Quality Control (MAQC) project [194,195]. How to implement regulatory quality control
standards in translational research and clinical testing requires more attention in the future.
There is a need to establish reference DNA/RNA samples and reference data sets. Third, the
massive accumulation of genomic data also raises ethical issues. Whether and how to return
sequence results to patients remains questionable. The reality with NGS data is that
clinically and biologically important information is frequently buried in huge amounts of
noise or false positives and the cost of false-positive diagnosis can be tremendous. Protection
of the privacy and confidentiality of individual genomic information is also of concern. Only
when patients are willing to share their medical information and their sequence data can new
biomedically important findings be discovered and utilized for the benefits of large
populations. Finally, it is important to note that demonstrated technical performance of NGS
or any other genomics technologies does not automatically translate to diagnostic assays of
clinical utilities, because markers reported by most studies are not sufficiently predictive for
taking clinical actions. Despite these challenges, NGS has provided unprecedented
opportunities for clinical diagnostics and personalized medicine.
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Primary category Program Author (s) URL

Unspliced alignment BFAST Homer et al. [120] http://sourceforge.net/apps/mediawiki/bfast/
Bowtie Langmead et al. [121] http://bowtie-bio.sourceforge.net/
BWA Lietal. [122] http://bio-bwa.sourceforge.net/

Spliced alignment

De novo genome assembly

Transcriptome assembly

SNP detection

Structural variation detection

Cross_match
ELAND
MAQ
Mosaik
mrFAST
RMAP
SHRiIMP
SOAP2
SSAHA2
ERANGE
GSNAP
MapSplice
RUM
SpliceMap
TopHat
ABySS

ALLPATHS-LG

CABOG
Newbler
QSRA
SOAPdenovo
Velvet
Cufflinks
Oases
Scripture
Trans-ABySS
Trinity
GATK
SAMtools
Sniper
SNVMix
SOAPsnp
BreakDancer
GASVPro
MoDIL
PEMer

Phil Green and co-workers

Anthony J. Cox
Lietal. [123]
Michael Stromberg
Alkan et al. [124]
Smith et al. [125]
Rumble et al. [126]
Lietal. [127]

Ning et al. [128]
Mortazavi et al. [129]
Wau et al. [130]
Wang et al. [131]
Grant et al. [132]
Au et al. [133]
Trapnell et al. [134]
Simpson et al. [135]
Butler et al. [136]
Miller et al. [137]
Margulies et al. [2]
Bryant et al. [138]
Lietal. [139]
Zerbino et al. [140]
Trapnell et al. [141]
Schulz et al. [142]
Guttman et al. [143]
Robertson et al. [144]
Grabherr et al. [145]
McKenna et al. [146]
Lietal. [147]
Simola et al. [148]
Goya et al. [149]

Li et al. [150]

Chen et al. [151]
Sindi et al. [152]
Lee et al. [153]
Korbel et al. [154]

http://www.phrap.org/phredphrapconsed.html
http://www.illumina.com

http://mag.sourceforge.net/
http://bioinformatics.bc.edu/marthlab/Mosaik
http://mrfast.sourceforge.net/
http://rulai.cshl.edu/rmap/
http://compbio.cs.toronto.edu/shrimp/
http://soap.genomics.org.cn/soapaligner.html
http://www.sanger.ac.uk/resources/software/ssaha2/
http://woldlab.caltech.edu/rnaseq
http://research-pub.gene.com/gmap/
http://www.netlab.uky.edu/p/bioinfo/MapSplice
http://cbil.upenn.edu/RUM/
http://www.stanford.edu/group/wonglab/SpliceMap/
http://tophat.chcb.umd.edu/
http://www.bcgsc.ca/platform/bioinfo/software/abyss/
http://www.broadinstitute.org/software/allpaths-lg/blog/
http://sourceforge.net/apps/mediawiki/wgs-assembler/
http://454.com/

http://gsra.cgrb.oregonstate.edu/
http://soap.genomics.org.cn/soapdenovo.html
http://www.ebi.ac.uk/zerbino/velvet/
http://cufflinks.cbch.umd.edu/
http://www.ebi.ac.uk/zerbino/oases/
http://www.broadinstitute.org/software/scripture/
http://www.bcgsc.ca/platform/bioinfo/software/trans-abyss
http://trinityrnaseq.sourceforge.net/
http://www.broadinstitute.org/gatk/
http://samtools.sourceforge.net/
http://kim.bio.upenn.edu/software/sniper.shtml
http://www.bcgsc.ca/platform/bioinfo/software/SNVMix
http://soap.genomics.org.cn/soapsnp.html
http://gmt.genome.wustl.edu/breakdancer/current/
http://compbio.cs.brown.edu/software.html
http://compbio.cs.toronto.edu/modil/

http://sv.gersteinlab.org/pemer/
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http://www.illumina.com
http://maq.sourceforge.net/
http://bioinformatics.bc.edu/marthlab/Mosaik
http://mrfast.sourceforge.net/
http://rulai.cshl.edu/rmap/
http://compbio.cs.toronto.edu/shrimp/
http://soap.genomics.org.cn/soapaligner.html
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http://www.ebi.ac.uk/zerbino/velvet/
http://cufflinks.cbcb.umd.edu/
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http://www.broadinstitute.org/software/scripture/
http://www.bcgsc.ca/platform/bioinfo/software/trans-abyss
http://trinityrnaseq.sourceforge.net/
http://www.broadinstitute.org/gatk/
http://samtools.sourceforge.net/
http://kim.bio.upenn.edu/software/sniper.shtml
http://www.bcgsc.ca/platform/bioinfo/software/SNVMix
http://soap.genomics.org.cn/soapsnp.html
http://gmt.genome.wustl.edu/breakdancer/current/
http://compbio.cs.brown.edu/software.html
http://compbio.cs.toronto.edu/modi1/
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Primary category

Program

Author(s)

URL

Fusion detection

CNV detection

Somatic variant detection

Somatic and germline variant

detection

Genotype Calling

Pindel
VariationHunter
deFuse
FusionSeq
ShortFuse
TopHat-Fusion
CMDS
CNVnator
SomaticSniper

VarScan

BEAGLE
IMPUTE2

Ye et al. [155]
Hormozdiari et al. [156]
McPherson et al. [157]
Shoner et al. [158]
Kinsella et al. [159]
Kim et al. [160]

Zhang et al. [161]
Abyzov et al. [162]
Larson et al. [163]
Koboldt et al. [164]

Browning et al. [165]
Howie et al. [166]

https://trac.nbic.nl/pindel/
http://compbio.cs.sfu.ca/strvar.htm
http://defuse.sourceforge.net/
http://archive.gersteinlab.org/proj/rnaseq/fusionseq/
http://exon.ucsd.edu/ShortFuse
http://tophat.cbcb.umd.edu/fusion_index.html
https://dsgweb.wustl.edu/qunyuan/software/cmds/
http://sv.gersteinlab.org/cnvnator/
http://gmt.genome.wustl.edu/somatic-sniper/current/

http://genome.wustl.edu/software/varscan

http://faculty.washington.edu/browning/beagle/beagle.html

http://mathgen.stats.ox.ac.uk/impute/impute_v2.html
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