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ABSTRACT
Next-generation sequencing (NGS) technologies are highthroughput methods for DNA sequencing and have
become a widely adopted tool in cancer research. The sheer
amount and variety of data generated by NGS assays
require sophisticated computational methods and bioinformatics expertise. In this review, we provide background
details of NGS technology and basic bioinformatics concepts
for the clinician investigator interested in cancer research
applications, with a focus on DNA-based approaches. We
introduce the general principles of presequencing library
preparation, postsequencing alignment, and variant calling.
We also highlight the common variant annotations and NGS
applications for other molecular data types. Finally, we
brieﬂy discuss the revealed utility of NGS methods in NSCLC
research and study design considerations for research
studies that aim to leverage NGS technologies for clinical
care.
 2022 International Association for the Study of Lung
Cancer. Published by Elsevier Inc. This is an open access
article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).

guanine (G), thymine (T), and cytosine (C). Reliably
capturing the inherited germline or acquired somatic
variants in a patient’s genome can provide critical diagnostic, prognostic, or predictive information for a given
disease.
DNA sequencing technologies have been available
since the 1970s, with Sanger sequencing emerging as the
deﬁnitive standard approach.1 Although this “ﬁrst generation” technology remains in practice as an accurate
sequencing solution, the scope of Sanger sequencing in
terms of target genomic content is highly limited. In
2004, the Roche 454 FLX Pyrosequencer introduced a
new age of commercially available sequencing technologies that have now been collectively referred to as nextgeneration sequencing (NGS).2,3 The “next” in NGS refers
to the revolutionary technological leaps that permit
massive parallelization of the DNA fragment sequencing
process, analogous to millions of individual Sanger
sequencing experiments running simultaneously. This
high-throughput “shotgun” solution is capable of
sequencing entire genomes in a rapid fashion. The
magnitude of this throughput also comes at substantially
reduced ﬁnancial costs, making personalized genomics
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Introduction
Genetic and genomic assays have become increasingly important in biomedical research, especially in the
context of cancer diagnosis and treatment. Many of these
assays rely on some form of DNA sequencing, which is
the process of characterizing the base nucleotideresolution information of given DNA target sequence(s), consisting of canonical bases adenine (A),
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and precision medicine a modern reality. The large
amount of data generated by NGS, however, requires
extensive computational resources and sophisticated
bioinformatics software to yield informative and
actionable results.
In this review, we aim to broadly familiarize the
reader with fundamental bioinformatics concepts related
to NGS, targeting a clinical audience possessing modest
familiarity with genomics and an interest in leveraging
these technologies in research studies. First, we will
outline the distinguishing characteristics of NGS as a
technology with respect to DNA sequencing, deﬁne
relevant terminology, and highlight key elements that
require consideration for the downstream bioinformatics procedures. Next, we will discuss the raw NGS output
data formats and primary bioinformatics procedures of
alignment, variant calling, and annotation. Finally, we
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brieﬂy summarize how NGS technologies can be applied
to various other molecular types and how study design
considerations apply to experiments involving NGS. A
glossary of common NGS bioinformatics terms can be
found in Table 1. We also make note that although the
covered concepts similarly lend to clinical sequencing,
the highly regulated nature of Clinical Laboratory
Improvement
Amendments–certiﬁed
laboratories
necessary for clinical decision-making bears its own
unique considerations for NGS bioinformatics, which we
consider out of scope for this review.

Sample Processing for NGS
Sample Collection and Storage
Massively parallel NGS technologies require several
initial sample preparation steps before sequencing.

Table 1. Glossary of Common NGS Bioinformatics Terms
Term

Deﬁnition

Alignment or mapping
Barcode

The bioinformatics process of mapping sequencing reads to a reference genome.
Short unique oligonucleotide sequence that is used in multiplexing to uniquely label DNA fragments from a
speciﬁc sample. These barcode sequences can then be used to demultiplex sequencing output from the
instrument.
The Phred-scaled conﬁdence that the output base in a given read reﬂects the true nucleotide status of the
sequenced fragment.
cDNA is produced from input RNA as the ﬁnal library for RNA sequencing.
cfDNA, typically in reference to DNA fragments circulating in the bloodstream.
CNV, sometimes referred to as CNA in the instance of somatically acquired mutations.
The average sequencing depth of targeted genetic bases. Sometimes also used as a synonym for depth. It is
common to use "fold" to measure coverage. Fold ¼ (mapped read count * read length) / total genome
size. 10-fold is also called 10X.
The process of sorting sequencing reads and assigning them back to individual multiplexed samples
The number of sequencing reads overlapping a particular nucleotide position
The exome consists of all exons in the genome that can be transcribed into RNAs and comprises
approximately 1% of the total human genome.
An INDEL mutation that alters the ORF of a protein-coding gene.
The process of detecting genetic differences between individuals.
The latest version of the human reference genome.
A relatively short (<10 kb) INDEL of nucleotide(s) in the genome
A fragment of DNA that is inserted between adapters as part of a DNA library
A collection of DNA fragments that is prepared for sequencing.
The population frequency of a heritable (i.e., germline) allele for the least frequent allele for a biallelic
variant.
The process of pooling multiple sample libraries together for sequencing in a single run using unique
barcode labels.
A short (approximately 10–25nt) sequence of DNA or RNA
The string of trinucleotide codons that can be translated into a protein.
The oligonucleotide string and corresponding base qualities that are output by a sequencing instrument. A
read may be single or have a corresponding paired read in paired-end sequencing.
Refers to whether DNA inserts are sequenced from one or both ends in a sequencing experiment.
A heritable single-base change in the genome.
Structural variations, which are large genomic rearrangements such as translocations and inversions.
A rapid and cost-effective way to identify known and novel variants in selected sets of genes (i.e., gene
panel) or genomic regions
The prevalence of the variant allele at a given position in a given sample.
The process of identifying a change in the genome compared with some reference.

Base quality
cDNA
cfDNA
CNV
Coverage

Demultiplexing
Depth
Exome
Frameshift mutation
Genotyping
GRCh38 (hg38)
INDEL
Insert
Library
Minor allele frequency
Multiplexing
Oligonucleotide
ORF
Read
Single- or paired-end
SNP
SV
Targeted sequencing or panel
sequencing
VAF
Variant calling

cDNA, complementary DNA; cfDNA, cell-free DNA; CNA, copy number alteration; CNV, copy number variant; INDEL, insertion or deletion; NGS, next-generation
sequencing; ORF, open-reading frame; SNP, single-nucleotide polymorphism; SV, structural variant; VAF, variant allele frequency.
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Although these steps do not directly involve bioinformatics per se, they may have downstream consequences
on the bioinformatics algorithms used. First, nucleic acid
extraction and puriﬁcation must be performed on the
input tissue sample to isolate the DNA to be sequenced.
The amount of sample necessary for DNA extraction
varies by sequencing application and tissue type. For
solid tissue samples, methods of tissue acquisition and
preservation (i.e., fresh frozen versus formalin-ﬁxed,
parafﬁn-embedded [FFPE]) are also relevant. Generally,
a tissue volume of 8 mm3 from either preservation
method is sufﬁcient for most sequencing applications,4,5
where typical DNA input requirements range from 10 to
1000 ng. This extracted DNA is then evaluated for
various characteristics, including quality, yield, and
concentration, to ensure that it is adequate for
sequencing. DNA from FFPE tissue is more susceptible to
damage from the ﬁxation and preservation processes
compared with fresh-frozen tissue. Nevertheless,
comparative studies have found good overall concordance in NGS output between these tissue preservation
processes.6 We refer the interested reader to guidelines7
published by the College of American Pathologists for
further discussion of specimen acquisition and processing considerations for molecular proﬁling.
In the instance of tumor sequencing, pathologic
characteristics of the source sample are important,
particularly some approximate estimates of tumor cell
purity. This has implications on other sequencing
experiment parameters for detecting somatic alterations,
as lower tumor purity consequently leads to lower somatic mutation prevalence in the sample. Sufﬁcient
thresholds may vary by application and sequencing
conditions, so pathology-based estimation of purity is a
critical presequencing quality assurance step. Tumor
purity itself may also be estimated from sequencing
output using in silico approaches,8 which may be
compared with pathologist estimates and leveraged to
improve more complex bioinformatics analyses. Nevertheless, these estimates may be susceptible to error
under varying conditions (e.g., high genomic instability)
and should be interpreted with caution.

Library Preparation
Once DNA is extracted and isolated, it must be further
processed to make it amenable to NGS, which is broadly
referred to as “library preparation.”9 First, the input DNA
is fractionated into smaller fragments suitable for
sequencing, which may be performed either mechanically or by enzymatic reaction. Special short adapter
sequences, or oligomers, are then ligated to each end of
the DNA fragments, which in this context are now
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referred to as inserts (i.e., the genetic sequence “inserted” between the adapters). Additional size selection
typically follows this step to ensure uniform and
appropriate insert size for the NGS application of interest
and to reduce the presence of any adapter dimers.
Finally, polymerase chain reaction (PCR)–based ampliﬁcation is typically applied to increase the overall DNA
concentration before sequencing. The result of these
processing steps is referred to as the input library, which
is then ready to be sequenced.

Targeted Sequencing and Multiplexing
In contrast to untargeted whole genome sequencing
(WGS), often there is interest in only sequencing selected
regions of the genome, such as targeted gene panels. The
exome consists of the coding regions of all proteincoding genes (i.e., exons) and comprises approximately
1.5% of the total genome. Consequently, whole exome
sequencing (WES) can be a highly efﬁcient strategy for
capturing potentially high-impact genetic variation for
discovery-based research applications. Alternatively,
when there is a large amount of prior biological knowledge about relevant genes of interest, gene panels can be
highly efﬁcient and often provide much deeper
sequencing coverage. A natural limitation of targeted
sequencing in general is that the regions outside the
design are not characterized and their genetic content
remains unknown. In addition, identiﬁcation of other
types of DNA alterations, such as structural variation, is
often much more difﬁcult.
Two main strategies for this targeted sequencing
include hybridization capture and amplicon-based
sequencing. Capture-based enrichment involves the use
of designed oligonucleotide probes, also known as baits,
that bind to complementary DNA sequences present in
inserts from the sequencing library to enrich the DNA
fragments of interest. In contrast, amplicon-based
enrichment is based on the design of ﬂanking PCR
primer sequences that lead to speciﬁc genomic regions
being ampliﬁed for sequencing.
For many applications, it is efﬁcient and cost-effective
to also pool multiple sample libraries together and
sequence them all simultaneously. This process is known
as multiplexing, which also requires some mode of preserving source sample identities during the sequencing
experiment. This is achieved using additional small
oligomers known as sample barcodes or indexes (typically 8–12 bases in length) that are also ligated to the
inserts and are unique to the individual sample. The
presence of the index sequences provides a mechanism
for assigning raw sequencing output back to individual
samples by demultiplexing.
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NGS Technologies
There are a wide variety of speciﬁc NGS technologies
currently available from multiple companies, and
appropriate platforms are often dependent on the sample characteristics and ultimate analytical goals
(Supplementary Table 1). For purposes of illustration,
we go into greater detail for the Illumina sequencing-bysynthesis (SBS) technology (Illumina, San Diego, CA), as
this is one of the most widely adopted NGS platforms
and has broad applicability. The Illumina SBS process
involves loading the prepared library onto a solid substrate, or ﬂow cell, which is coated with small oligomers
complementary to the adapter sequence used in library
preparation. The physical design of the ﬂow cell typically
includes multiple lanes that can accommodate different
sequencing experiments. Once libraries are loaded on to
the ﬂow cell, bridge PCR ampliﬁes the bound DNA
fragments, leading to clonal sequence clusters consisting
of thousands of DNA fragment copies.
Illumina SBS chemistry adopts similar concepts of
Sanger sequencing, which is based on random chain
termination PCR (Fig. 1 [left]). In Sanger sequencing, the
target DNA sequence is denatured and cooled to allow a
designed primer attachment to a single DNA strand. DNA
polymerase then extends the complementary strand of
the template DNA by adding one deoxynucleotide
(dNTP) at a time until completion. Characterizing the
sequence itself is achieved by including a small amount
of ﬂuorescently labeled di-dNTPs (ddNTPs), which prevent DNA polymerase from further extending the complement strand. Multiple PCR cycles and random chain
termination from the ddNTPs produce varying fragment
lengths terminating at each nucleotide position, which
can be separated out and read by gel electrophoresis and
subsequent analysis.
NGS performed using Illumina SBS similarly uses
ﬂuorescently labeled ddNTPs to block further synthesis
by DNA polymerase (Fig. 1 [right]). The cluster ﬂuorescence intensities are then detected by the autofocus laser
system, representing the initial base of the clonal DNA
fragment. Nevertheless, in contrast to Sanger
sequencing, the chain termination in SBS is reversible,
permitting the controlled continuation of the single-base
synthesis of the DNA template. The ﬂuorescent tag and
blocker are removed, and sequencing proceeds in a
stepwise fashion in what are referred to as cycles, with
the number of cycles corresponding to the number of
bases sequenced in the fragment (typically 75–150
bases).
Sequencing may be performed as single-end or
paired-end, which refers to whether one or both ends of
the insert are sequenced. Paired-end sequencing
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provides multiple substantial beneﬁts compared with
single-end sequencing, including improved read mapping accuracy, increased genomic coverage, and the potential ability to detect genomic rearrangements such as
gene fusions. Thus, paired-end sequencing is the standard in most NGS applications. If there is interest in
identifying complex genomic structural variation, the
paired ends of larger insert sizes (e.g., 2–5 kilobases
[kb]) may be sequenced (referred to as mate pair
sequencing), although the library preparation and bioinformatics analyses vary considerably from the standard paired-end sequencing.
Because the ﬂow cell has a ﬁxed number of lanes, the
overall throughput of NGS sequencing is controlled by
the yield characteristics of the libraries, the degree of
multiplexing, and the number of cycles. Often, this
throughput is referenced with respect to expected sample coverage, which is the average number of unique
reads that overlap a given target base nucleotide. This
coverage number is often accompanied by “X” in technical documentation (e.g., 30X coverage). Coverage has
important bioinformatics consequences, as a larger
number of sequencing reads overlapping a given
genomic position will result in higher sensitivity and
speciﬁcity for genetic variation. In contrast, lower
coverage can accommodate a greater number of unique
samples or larger amount genomic content to be
sequenced at a comparable cost. For example, Illumina
recommends 30X to 50X coverage for WGS and 100X
coverage for WES. Targeted gene panels may target
much higher depths to improve conﬁdence in variant
calling, especially for somatic mutations (e.g., >500X).

Sequencing Output Data
The primary output of the Illumina sequencing instrument is the binary base call (BCL) image ﬁles, which
are massive ﬁles that contain base calls and corresponding qualities on the basis of the cluster ﬂuorescence intensities. The base calls (i.e., the nucleotides A, C, T, and G)
and base qualities (Q-scores) contained in BCL ﬁles are
demultiplexed and converted into DNA nucleotide sequences, or “reads,” and corresponding base quality
strings, which are then saved to the structured plain-text
FASTQ ﬁle format. BCL ﬁles are typically only stored
temporarily, and most downstream analyses require
FASTQ ﬁles as input; thus, FASTQ ﬁles are often considered to be the “raw” sequencing output data format.
Each read in a FASTQ ﬁle is represented by four lines,
including “read identiﬁer,” “nucleotide sequence,”
”separator,” and “string of Q-scores” (Fig. 2). These base
quality Q-scores are presented in terms of the Phred
scale, which is a logarithmic mapping of base error

---
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Figure 1. Comparison of traditional Sanger sequencing (left) versus next-generation sequencing (right). Both methods
leverage ﬂuorescently labeled ddNTPs for chain termination. Nevertheless, although Sanger sequencing uses subsequent size
selection to characterize the sequence of a single template, NGS leverages reversible chain termination to characterize
sequences one base at time in sequential order for millions of templates. This image was reproduced from Figure 1 in Muzzey
et al.16 licensed under Creative Commons Attribution 4.0 International License. ddNTP, dideoxynucleotide; NGS,
next-generation sequencing.
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Figure 2. Example entry for sequencing read stored in a
FASTQ ﬁle from platinum genome NA12878, illustrating the
various components of the format. The FASTQ ﬁle was
retrieved from NCBI sequence read archive (SRX000194).
NCBI, National Center for Biotechnology Information.

probabilities. For a deﬁned base error probability P, the
Phred quality score Q is deﬁned as
Q ¼  10$log 10ðPÞ
Phred quality scores can range from 0 to inﬁnity,
such that larger values indicate higher base call accuracy; for example, a Phred quality score of Q ¼ 30
is equivalent to a base call accuracy of 99.9%. Phred
scaling has since been widely adopted for other NGS
bioinformatics quality metrics, such as read mapping
and genotype quality. To make the FASTQ ﬁles more
compact, each Q-score is encoded as a single character (instead of 2- or 3-digit numbers) with an ASCII
code.
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One FASTQ ﬁle is generated from single-end
sequencing, and two FASTQ ﬁles are generated from
paired-end sequencing. FASTQ ﬁles have become the
standard format for storing NGS data, and most short
reads aligners accept the FASTQ ﬁles as input.
FASTQs can be readily analyzed and visualized using
tools such as FastQC10 to evaluate the overall
sequencing quality. See Table 2 for a summary of
these and other most often encountered bioinformatics ﬁle types.

Sequencing Alignment
Routine sequencing-based analyses include the
identiﬁcation of genomic variants and the quantiﬁcation
of genomic features. Before performing these analyses,
the sequencing reads in the FASTQ ﬁles need to be
aligned to a reference genome, a process referred to as
“read mapping.” This amounts to searching the reference
genome for the most likely source sequence of a given
read, while ﬂexibly accommodating natural genetic
variation and sequencing errors. The most recent
version of the human reference genome is the Genome
Reference Consortium Human Build 38 (GRCh38 or
hg38), although many clinical laboratories still use the
previous hg19 build.
Owing to the short length of sequencing reads in
relation to the complete human genome, the probability

Table 2. Common Bioinformatics File Formats Along With Their File Extensions and Brief Descriptions
File
Type

File
Extension

FASTA

.fa,.fasta

FASTQ

.fastq,.fq

SAM
BAM

.sam
.bam

CRAM

.cram

VCF

.vcf

gVCF

.gvcf

GTF and GFF

.gff,.gff2,.
gff3,.gtf

MAF

.maf

BCL

.bcl

Description
FASTA ﬁles contain text-based representation of sequence information. Typically used for reference
sequence data storage (e.g., human reference genome).
FASTQ ﬁles contain text-based representation of sequencing read information and corresponding base
qualities. This is the typical raw output delivered from most NGS experiments.
SAM ﬁles contain tab-delimited information output from the read alignment process.
BAM ﬁles are a binary compressed version of corresponding SAM ﬁles and contain the exact same
information in a smaller ﬁle size.
CRAM is a reference-based compressed alignment ﬁle that leverages a given reference genome for
additional ﬁle-size reduction.
VCF ﬁles contain text-based genetic variant call data. They consist of a header with various metadata,
along with 8 mandatory data columns. Each row corresponds to a unique variant, and VCF ﬁles can be
either single- or multi-sample.
Genomic VCF ﬁles are single-sample variant call ﬁles that also include information on same-as-reference
regions of an individual sample. These are common intermediate ﬁles that are used to create
multisample VCF ﬁles.
GFF ﬁles are tab-delimited text ﬁles that typically are used for representing gene structure. GFF3 is the
most current version of this format. GTF is highly similar to GFF ﬁles while also containing grouping
information to accommodate gene-transcript identiﬁer pairs.
MAF ﬁles are tab-delimited text ﬁles that list mutation information from a VCF ﬁle. These are often a
ﬁltered subset of variants identiﬁed through paired tumor-normal sequencing or putative functional
impact.
BCL ﬁles are the raw intensity ﬁles that are generated by Illumina sequencing instruments. These are
demultiplexed and converted to FASTQ ﬁles for further bioinformatics processing.

BAM, binary alignment map; BCL, binary base call; GFF, general feature format; GTF, gene transfer format; MAF, mutation annotation format; NGS, nextgeneration sequencing; SAM, sequence alignment map; VCF, variant call format.
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of inaccurate read alignment is nontrivial. To reduce the
false-positive alignments, low-quality bases and exogenous sequences (such as sequencing adapters) need to
be trimmed. Decoy sequences (e.g., mitochondrial and
viral sequences that are integrated into the human
genome) can also be added to the reference genome to
“absorb” reads that do not truly originate from human
chromosomes. Short-read alignment algorithms11,12 then
efﬁciently map potentially hundreds of millions of reads
to the reference genome.
The sequence alignment output is usually saved in
plain-text SAM (Sequence Alignment Map) format13 or
its binary version (BAM). Since ﬁrst published in 2009,
BAM has quickly become the most popular ﬁle format to
store short-read alignments and is generally considered
as the starting point for most NGS analysis tasks, such as
variant calling and gene expression quantiﬁcation. The
BAM format has several advantages compared with SAM
and other plain-text formats. First, it is compressed,
making it convenient for transfer and storage. Second, it
is line-oriented with all the alignment information of a
read arranged into one row, making it easy to process.
Third, the BAM ﬁle is indexed (creating a.bai ﬁle) and
supports random access so that regional information can
be “sliced” without loading the whole BAM ﬁle into
memory. Finally, BAM ﬁles can be visualized using tools
such as the Integrative Genomics Viewer14 or the University of California Santa Cruz Genome Browser
(https://genome.ucsc.edu/), which can be helpful for
manual qualitative assessment of a given variant call.
Another compressed form of SAM is CRAM, which is a
reference-based compression ﬁle format where only
differences between the sequencing reads and the
reference genome are stored. CRAM is becoming
increasingly popular for data storage, as it has all the
advantages of BAM but is more compact in size (i.e.,
50%–80% ﬁle size reduction). Nevertheless, some CRAM
ﬁles use lossy compression and thus cannot be
completely faithfully restored back to the original BAM
source data.

Variant Calling
Variant calling is the process of detecting genetic
differences between the aligned reads of a given sample
and a corresponding reference genome sequence, and
the respective algorithms are generally referred to as
variant callers. The most common types of variants of
interest are single-nucleotide polymorphism and singlenucleotide variants (SNPs and SNVs), short (<20 base
pair) insertions and deletions (INDELs), and copy number variants and copy number alterations (CNVs and
CNAs). SNPs speciﬁcally refer to single-base
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substitutions (e.g., C changed to a T) in germline DNA
that are most often observed in a given population. Most
SNPs are biallelic, such that there are two of the four
possible bases present in the population; although less
common, multiallelic SNPs also exist where three or all
four bases are represented, and a given subject may
carry any combination of alleles. SNV is a more general
term that can refer to any point mutation. SNVs and
INDELs are often called together by the same bioinformatics algorithms and are sometimes collectively
referred to as “short variants.”
A CNV is a type of variant where larger sections of the
genome are ampliﬁed or deleted. Deﬁnitions have varied
with respect to distinguishing CNVs from INDELs in
terms of segment length, mechanism of alteration, and
sequence content.15 Although the term CNV generically
refers to changes in DNA copy number, CNA is more
often applied in the context of acquired somatic copy
number changes, particularly in cancer-based applications. CNVs and CNAs belong to a larger class of structural variants, which also includes inversions and
translocations. Larger copy number events may include
partial or whole chromosomal duplication or deletions.
The relationship between sequencing depth and
variant call conﬁdence is highly related to the variant
allele frequency (VAF), deﬁned as the proportion of DNA
that harbors the variant allele in a given sample.16
Germline heterozygous variants correspond to an expected VAF of 50% under typical conditions and can
often be conﬁdently called at 20X to 30X coverage.
Nevertheless, higher sequencing coverage is necessary to
detect somatic variants, as VAFs tend to be lower than
50% owing to tumor tissue impurity. Similarly, subclonal
variation that is only present in a subset of all tumor
cells may be even more difﬁcult to detect. To illustrate
this concept in the context of a binomial sampling
problem, consider a simple criterion of more than or
equal to ﬁve variant-containing reads to be a sufﬁcient
evidence that a variant is present. Ignoring the additional
complexity of sequencing error, the respective probabilities for the variant read support and different levels
of coverage are presented for a range of VAFs in
Figure 3. We observe that even with 500X coverage,
identifying evidence of a variant with VAF equals to 1%
is not much higher than 50% under these conditions.

Preprocessing
BAM ﬁles generated by the short-read aligners are
not directly usable for variant discovery, and some
preprocessing is needed to prepare the BAM ﬁle for
variant calling. First, duplicate reads (i.e., reads originated from the same original DNA fragments through
some artifactual processes such as PCR and sequencing)
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Figure 3. Illustration of relationship between sequencing depth and variant call conﬁdence as a function of VAF. This
simpliﬁed representation considers a variant to be detected under the criterion that at least ﬁve unique reads support the
variant allele to be detected using a binomial probability model with success probability equals to the VAF. VAF, variant allele
frequency.

need to be marked out. Marking out duplicates is
necessary because they are nonindependent measurements of the original sequence, and variants (or
sequencing errors) may be propagated to all the copies
and inﬂuence VAF estimates. Deduplication is recommended in WGS or WES data analyses, but it is not
recommended in PCR-based amplicon sequencing applications. Second, systematic bias or errors in the base
quality scores need to be recalibrated. After these preprocessing steps, the BAM ﬁle will be ready for SNV,
INDEL, and CNV discovery. The BAM ﬁle can also be used
to assess sample contamination using tools such as
VerifyBamID, which can use external variant calling data
or population allele frequency information for quality
assessment.

Germline Variant Calling
For germline variant calling of SNVs, basic bioinformatics utilities such as Samtools13 can be applied. More
sophisticated variant callers, such as GATK HaplotypeCaller,17 also apply local realignment algorithms to
improve variant calling in the genome regions of low
complexity. For biallelic SNPs, there are two possible
alleles: the reference allele (REF) deﬁned in the corresponding reference genome and the alternate or variant
allele (ALT). Note that these may differ from deﬁnitions
of major and minor alleles, which relate to the prevalence of an allele in a given population (i.e., the major
being more common than the minor). Because humans
are diploid, nucleated cells carry two homologous copies
of each chromosome, leading to three possible SNP genotypes: homozygous reference (REF, REF), heterozygous (REF, ALT), and homozygous alternate allele
genotypes (ALT, ALT), respectively, corresponding to
VAFs of 0%, 50%, and 100%. Variant genotypes are then

assigned a genotype quality (GQ), which is the genotype
error probability and, similar to base quality Q-scores, is
also Phred scaled.
Variant calling algorithms for CNVs using NGS data
are usually based on sequencing coverage proﬁles, but
they may also incorporate VAFs of overlapping variants.
Identifying CNVs in targeted sequencing data, such as
WES or gene panels, is complicated by breaks in
coverage information and coverage irregularities
induced by capture-based biases. This makes withinsample CNV detection difﬁcult, and many algorithms
for targeted NGS CNV detection rely on a reference set of
normal samples for purposes of comparison.18,19

Somatic Variant Calling
To identify acquired somatic variants in the tumor
tissue, NGS data from the matched benign tissue (or
blood) are highly useful, and many algorithms have been
developed for paired tumor-normal sequencing. Somatic
variant calling itself involves identifying all potential
variants from the tumor tissue and then ﬁltering out
inherited germline variants using the matched normal
sample as a reference. Nevertheless, corresponding
normal samples are not always available and sequencing
both tumor and normal samples for a given subject can
be costly; in this situation, a “panel of normals” may be
used to serve as a reference for germline variants and
technical artifacts. In addition, some form of classiﬁer is
trained from respective somatic and germline variant
databases to predict somatic status of variants detected
from tumor tissues. Nevertheless, these algorithmic solutions for identifying somatic mutations are not without
limitations, especially given the Euro-centric bias of
many population-based allele frequency databases.
Consequently, accuracy may be diminished for
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Figure 4. (A) Example of a valid VCF ﬁle with header and a few variant site records. The header includes multiple pieces of
information relevant to the data set, including the ﬁle format, reference data, and details on format and annotation. The
body includes variant records where rows indicate individual variants. (B–E) These illustrate representations of sequence
alignments and corresponding VCF entries for various variant types. This ﬁgure is adapted from Figure 1 from Danecek et al.21
under the Creative Commons Attribution Non-Commercial License. VCF, variant call format.

underrepresented minorities where allele frequency
data are more limited.
Because many variant callers have been developed
with different algorithms, the choice of appropriate
variant caller largely depends on the data type and the
speciﬁc goals of the project. For further details on somatic variant calling algorithms, we refer the interested
reader to a review by Xu.20

Output Files
Called short-variant genotypes are typically stored in
variant call format (VCF) ﬁles.21 Variants detected from
one or more samples can be saved in a single VCF ﬁle.
We illustrate the basic structure of a VCF ﬁle in Figure 4,
including the overall header and body format (panel A)
and representations of different variant types (panels BE). Similar to the VCF, the single-sample genomic VCF
(gVCF) ﬁle was developed to store both variant and
nonvariant genomic regions. Because VCF ﬁles only
contain variant positions relative to a reference, gVCF
ﬁles permit the rapid merging of single-sample data with
accurate same-as-reference genotype calls. To facilitate
downstream analyses, VCF and gVCF ﬁles can also be
indexed such as BAM ﬁles. The mutation annotation
format (MAF) ﬁle is a tab-delimited text ﬁle developed
by The Cancer Genome Atlas project to store somatic
mutation data. MAF ﬁles are produced by aggregating
mutation information from one or more VCF ﬁles
generated from a project.

Quality Control
Although NGS methods have been found to be highly
accurate compared with traditional Sanger sequencing,
there are sources of technical artifacts that can lead to
both false-positive and false-negative errors in variant
calling. These include low coverage, base sequencing
errors, and read misalignment. Postprocessing of variant
call sets using tools such as GATK Variant Quality Score
Recalibration can aid in germline variant ﬁltering using
various variant call characteristics along with highly
validated variant resources. These quality control steps
lead to a balancing of sensitivity and speciﬁcity, although
modern bioinformatics germline variant calling pipelines
tend to be highly accurate (F1 score > 0.99).22
The process of somatic variant calling is more notably
error prone than germline variant calling, and many
factors inﬂuence the quality of variant calling
(Supplementary Table 2). Thus, variant ﬁltering is
generally necessary before any downstream analysis,
and individual variants that are clinically meaningful
may be visualized using tools such as Integrative Genomics Viewer.

Downstream Analysis and Tumor Mutation
Burden
Somatic mutation proﬁles may be used for various
downstream analyses, including identiﬁcation of signiﬁcantly mutated genes, which are putative drivers of
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cancer initiation, or calculating tumor mutation burden
(TMB). TMB is broadly deﬁned as the number of mutations per megabase (Mb) of DNA in a tumor, particularly
in the context of WES. Theoretically, a higher TMB can
result in a greater number of neoantigens, and therefore,
it is used to predict the efﬁcacy of immune checkpoint
inhibitors. It has also been reported that higher nonsynonymous TMB is associated with a better prognosis
in patients with resected NSCLC.23 Nevertheless, targeted gene panels can bias estimates of TMB relative to
global WES-derived estimates on the basis of the limited
content they capture (e.g., enrichment for likely driver
genes), and industry sequencing vendors can differ
dramatically in how they calculate this measure. This
makes comparisons across studies challenging, and
recent harmonization efforts have aimed to reduce this
heterogeneity.24

Variant Annotation and Interpretation
NGS can often lead to an overwhelming number of
called variants, some of which may be of variants of
unknown signiﬁcance (VUSs), and it may not be immediately clear which variants are relevant to clinical conditions or to prioritize for follow-up study. Consequently,
variant annotation has become an important bioinformatics process to aid in variant interpretation. For genetic variants in the protein-coding regions of genes, in
silico prediction tools such as REVEL25 have been
developed to assign predicted functional impact of
missense variants on the resultant protein structure.
Similarly, variants in noncoding regions that are more
likely to be regulatory in function may be annotated with
scores from CADD,26 FunSeq2,27 and RegulomeDB28 or
overlapping epigenomic annotation from the ENCODE29
and Roadmap Epigenomics30 projects. Information can
also be pulled from various external resources, including
population allele frequencies from large sequencing databases (e.g., 1000 Genomes Project,31 gnomAD32) and
information from disease knowledge bases (e.g., ClinVar,33 HGMD,34 COSMIC,35 OncoKB36). Comprehensive
functional annotation software packages such as
ANNOVAR37 can leverage a diverse array of external
resources to append variant-level details to input VCF
ﬁles in a rapid and high-throughput fashion.
In the context of cancer, it is common for tumor-only
sequencing to be performed, which is cost-effective but
has
disadvantages
than
paired
tumor-normal
sequencing. Although variant calling itself is generally
conducted in the same manner, the output is an unknown mixture of tumor and germline variation. Isolation of somatic mutations therefore requires that
germline variation be inferred and ﬁltered out, typically
by a combination of variant characteristics (e.g., VAF)
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and population allele frequency thresholds. These
ﬁltering approaches have tradeoffs with respect to
sensitivity and speciﬁcity of true somatic alterations, and
allele-frequency thresholds may be inaccurately applied
for underrepresented populations in reference databases.38 Similarly, TMB estimates can be biased in
tumor-only sequencing experiments that leverage even
highly sophisticated ﬁltering strategies, as limited information can lead to an increase in false-positive somatic variants and inﬂate TMB estimates for
underrepresented minorities.39,40

Different Molecular Data Types
NGS technologies have rapidly extended from DNA
sequencing to various other molecular types. Although
the general steps described above still apply, the speciﬁcs of how each step is implemented can vary
considerably depending on the biospecimen and molecular datatype of interest. We brieﬂy describe some other
common applications of NGS, highlighting a few of the
relevant bioinformatics considerations.

RNA Sequencing
In addition to genomic variation captured by DNA
NGS, gene expression proﬁling (either targeted or transcriptome wide) can also provide valuable information.
In contrast to the genome, the transcriptome is highly
dynamic and levels of expression are cell-type dependent and heavily inﬂuenced by in vivo conditions. The
NGS platform can be similarly used to study the transcriptome by RNA sequencing (RNA-Seq). RNA-Seq is a
powerful approach for identifying novel transcripts such
as small regulatory RNAs or long noncoding RNAs,
antisense transcripts, gene fusions, and aberrant splicing
variants that may be implicated in tumor development
and progression. When DNA is unavailable, RNA-seq
data can also be used to identify genomic variants
from the expressed coding regions using specialized
variant callers, although this has limitations.41 RNAbased measurements have the potential for cancer
diagnosis, prognosis, and therapeutic selection. For
example, the EML4-ALK gene fusion was originally reported in a subset of NSCLC in 2007,42 and the ALK inhibitors crizotinib and ceritinib were approved by the
Food and Drug Administration to treat ALK
rearrangement–positive NSCLC in 201143 and 2015,44
respectively.
RNA from the sample is ﬁrst isolated. Because ribosomal RNA (rRNA) is the predominant form of cellular
RNA found in most cells, additional steps such as poly-A
selection or ribosomal RNA depletion are needed to
remove rRNA and enrich mRNA. Recall that polyadenylation is a post-transcriptional RNA processing
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step that adds a long chain of A nucleotides (100–250) to
improve mRNA stability. This makes mRNA easily identiﬁable, and protocols that can select molecules on the
basis of this long poly-A tail remove rRNAs, all smaller
RNAs, and most of the long intergenic noncoding RNAs
that have no polyadenylation signal. In contrast, ribosomal RNA depletion approaches selectively remove the
rRNA molecules. Therefore, poly-A selection-based RNA
sequencing is called mRNA-seq and rRNA depletionbased RNA sequencing is called total RNA-seq.
The RNA library is prepared by conversion of the
single-stranded RNA to its complementary DNA followed
by sequencing. The goals of the experiment will dictate
the alignment strategy and bioinformatics algorithms to
use for aligning the reads with the genome,45 and
specialized alignment algorithms are typically
required.46–48 Alignment itself can be performed with
respect to a genome reference or transcriptome reference. Alternatively, reads may be processed by
reference-free de novo assembly, such that reads with
overlapping content are aligned to each other without
any prior information. Use of a genome reference enables discovery of novel transcripts but has the added
task of correct identiﬁcation of splice junctions, whereas
use of a transcriptome reference leverages known splice
junctions but does not allow the discovery of novel
transcripts.
Expression quantiﬁcation from the aligned RNA reads
produces an output expression matrix containing counts
for the number of reads (or fragments) observed for
each gene or transcript. Although the abundance measure is relative rather than absolute, lower counts indicate lower levels of expression and higher counts
indicate higher expression. Owing to the relative nature
of the counts, normalization is required to remove
experimental shifts.49,50 Differential expression between
the study groups can then be assessed by statistical tools
appropriate for count data.49,50

Circulating DNA and Tumor Cells
An increasingly popular assay in cancer applications
is the so-called liquid biopsy, which leverages the existence of either (1) circulating tumor cells (CTCs) to
directly characterize the tumor genome or (2) cell-free
DNA (cfDNA) in the bloodstream to detect and
describe sequence characteristics of circulating tumor
DNA (ctDNA). The motivation for liquid biopsies is
predicated on tumor cells or DNA being released into the
bloodstream during tumor growth or tumor cell damage,
which has practical appeal owing to the asymptomatic
cancer screening potential and noninvasive nature. The
results from ctDNA analysis are promising for disease
progression monitoring and guidance of targeted
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therapies; for example, in detection of EGFR gene alterations or ALK rearrangements.51,52 Finally, there has
been an increased interest in exosomes, which are small
microvesicles released by cells that carry various proteins and RNA species. Recent studies have identiﬁed
potential micro-RNA signatures related to diagnosis,
prognosis, and treatment response, although efﬁcient
exosome isolation technologies are in an early stage of
development.53
A major challenge for NGS cfDNA analysis is the
typically low proportion of ctDNA present in cfDNA,
often yielding VAFs of 1% or lower. This substantially
exacerbates issues with variant-calling conﬁdence
already discussed for low-purity tumor sequencing. The
necessary sequencing depth for accurate mutation
detection is generally orders of magnitude higher than
other sequencing applications to avoid false negatives
and false positives, with target coverages as high as
10,000X. Thus, smaller targeted gene panels (total
genomic content < 300 kb) are typical for liquid biopsy
assays designed to accurately identify somatic mutations.54 Direct isolation of CTCs can enrich a given
sample for tumor DNA; however, this requires accurate
detection of CTCs and sufﬁcient number of intact tumor
cells in circulation. There are also notable limitations
with respect to potential false positives from other somatic events, including clonal hematopoiesis,55 which
may inaccurately be treated as tumor-derived mutations.
We refer the interested reader to Chen and Zhao56 for a
more detailed discussion of targeted cfDNA NGS
techniques.

DNA Methylation Sequencing
DNA methylation is an epigenetic process where
methyl groups are added to the ﬁfth carbon of the cytosines forming 5-methylcytosine, and almost exclusively occurs in the sequence contexts of CG
dinucleotides (CpGs). DNA methylation is one of key
epigenetic mechanisms to silence gene expression and
plays pivotal roles in tumorigenesis; for example, promoter hypermethylation of MLH1 is frequently observed
in NSCLC and associated with poor prognosis.57,58 During the library preparation, DNA is ﬁrst subjected to a
bisulﬁte treatment, during which unmethylated cytosines are converted to uracil whereas methylated cytosines are unchanged. Uracil is read as thymine during
sequencing (called a C-T conversion), which has implications for the alignment process. As described in Sun
et al.,59 aligners generally differ in their strategy for
handling the C-T conversion. After sequencing, DNA
methylation for a given CpG is usually quantiﬁed as the
percent of methylated cytosines out of all cytosines
(cytosines þ thymine), a value ranging from 0 to 1
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referred to as a beta value. Differentially methylated
CpGs or differentially methylated regions can be identiﬁed using the beta-binomial regression; incorporating
CpG island information is advantageous as means of
variable reduction.

Third-Generation DNA Sequencing
In contrast to the short-read sequencing of NGS, a
new generation of sequencing methods is already
beginning to mature. Sometimes referred to as “thirdgeneration” sequencing, these methods aim to address
one of the major limitations of NGS methodology—shortread length. Shorter reads are more difﬁcult to align,
particularly in repetitive regions of the genome, and
phase information of genetic variants detected across
reads is generally lost. Moreover, the reliance of NGS on
PCR makes it difﬁcult to characterize regions of high GC
content bias. Technologies such as PacBio singlemolecule, real-time sequencing (Paciﬁc Biosystems,
Menlo Park, CA) and ONT nanopore sequencing (Oxford
Nanopore Technologies, Oxford, United Kingdom) can
produce read lengths from 1 kb to more than 1 Mb.
Current limitations of these long-read sequencing technologies relative to NGS include higher error rates, lower
throughput, and overall cost, although these continue to
improve over time.
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production cost to sequence an entire genome has fallen
dramatically and is currently typically less than $1000
US dollar,60 this generally does not reﬂect all expenses
related to NGS-based research (e.g., data management,
analytics, storage), and it remains costly to perform a
large sequencing study.
Another study design consideration is the overall
study sample size. Nevertheless, the study goals for
which NGS can be used are so vast that it is not possible
to provide an overview of power and sample size planning thoroughly. We highlight some considerations here.
In general, the required sample size can be determined
as a function of the hypothesis, expected differences,
desired power and type I error rate, and variation in the
data. Additional considerations in NGS experiments
include sequencing depth, expected population minor
allele frequency (for germline variation), and minimum
VAF for somatic mutations.61 Owing to the sheer quantity of hypothesis tests performed with most NGS technologies, it is expected that a more strict signiﬁcance
criterion be used to penalize for performing multiple
comparisons. Accepted multiple comparison strategies
include use of Bonferroni correction and control of the
false discovery rate (i.e., the expected proportion of
false-positive ﬁndings in the set of genes declared signiﬁcant), with the preferred strategy depending on the
NGS assay and research objectives.

NGS and Study Design Considerations
Factors to consider when planning a research study
using NGS technology are myriad, including the type of
specimen, data storage, cost, and speciﬁc aims. Hypotheses involving disease risk generally focus on germline
DNA characteristics and use nontumor specimens, such
as blood or buccal swabs. Hypotheses involving tumor
molecular characteristics generally focus on somatic
DNA and use tumor block specimens. As noted previously, NGS methods are available for fresh frozen or
FFPE specimens for most molecular datatypes, though
different performance characteristics are associated with
each. A prospective study affords some control over
sample purity, quality, and handling; in contrast, these
are out of the investigators’ control in a retrospective
study using banked specimens. NGS assays should also
be conducted with biological effects of interest distributed throughout the assay run process to ensure that
biological and experimental effects can be distinguished.
Output data ﬁles can often range from 100 to 560
gigabytes in size per specimen, depending on sequencing
depth, length, and targeted versus the whole genome,
and quickly generate terabytes of data for all specimens
being studied. Transferring such large data sets requires
specialized information technology expertise and makes
cloud data storage a practical solution. Although the

Publicly Available Resources
Research may also be augmented by (or completely
conducted with) data previously generated by other
sequencing studies. Investigators may apply for
permission to use controlled access data from multiomic
proﬁling initiatives, such as The Cancer Genome
Atlas,62,63 or smaller individual studies deposited in the
database of Genotypes and Phenotypes64,65 (dbGaP,
https://www.ncbi.nlm.nih.gov/gap). Data in these repositories have enabled comprehensive molecular
proﬁling studies and identiﬁcation of potential therapeutic targets in various cancer types, including lung
cancer.66,67 Processed data (such as mutation, CNA, RNA
or protein abundance, DNA methylation) are available to
the general public through the Genomic Data Commons68,69 (https://gdc.cancer.gov/), Gene Expression
Omnibus
(https://www.ncbi.nlm.nih.gov/geo/),
or
cBioPortal70 (https://www.cbioportal.org/). Similarly,
large-scale genomic proﬁling projects with medical records linkage, such as the UK 100,000 Genomes,71 UK
Biobank,24 and the National Institutes of Health All of Us
Research Program,72 also aim to empower genomic
research through massive data sets. Direct access to
individual-level data typically involves an application
and review process along with institutional
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commitments to data security or restriction to access by
cloud-based data platforms.

Conclusions
Technological advancements in NGS have had a profound impact on basic and translational research, pharmaceutical and biotechnology development, and
individualized patient care. In this review, we have discussed the basics of NGS data generation, storage, processing, annotation, and interpretation with the intent to
equip the reader with general familiarity of these
concepts.
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Useful Web Links
Variant and Mutation Databases
COSMIC: https://cancer.sanger.ac.uk/cosmic
HGMD: http://www.hgmd.cf.ac.uk/ac/index.php
ClinVar: https://www.ncbi.nlm.nih.gov/clinvar/
gnomAD: https://gnomad.broadinstitute.org/
OncoKB: https://www.oncokb.org/
1000 Genomes: https://www.internationalgenome.org/
GWAS Catalog: https://www.ebi.ac.uk/gwas/

Variant Annotation Tools
SNPnexus: https://www.snp-nexus.org/v4/
SNPsnap: https://data.broadinstitute.org/mpg/snpsnap/
about.ht
VEP: https://useast.ensembl.org/info/docs/tools/vep/
index.html
Variant Annotation Integrator: https://genome.ucsc.edu/
cgi-bin/hgVai
GVS: https://gvs.gs.washington.edu/GVS150/

Data Repositories
NCI Genomic Data Commons (GDC): https://gdc.cancer.
gov/
dbGaP: https://www.ncbi.nlm.nih.gov/gap/
EGA: https://ega-archive.org/
GEO: https://www.ncbi.nlm.nih.gov/geo/
SRA: https://www.ncbi.nlm.nih.gov/sra/
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Data Browsers
cBioPortal: https://www.cbioportal.org/
NIH GDC Portal: https://portal.gdc.cancer.gov/
Integrative Genomics Viewer (IGV): https://software.
broadinstitute.org/software/igv/

Supplementary Data
Note: To access the supplementary material accompanying this article, visit the online version of the Journal of
Thoracic Oncology at www.jto.org and at https://doi.
org/10.1016/j.jtho.2022.11.006.
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