Chapter 3
Methods to Study Genomic DNA Sequence
Variation

Check for
updates

Michel Satya Naslavsky and Marilia de Oliveira Scliar

3.1 Introduction

Human genome variation is highly heterogeneous in scale, distribution across popu-
lations, and manifestation (from the molecular level to phenotype). This section will
explore current methods that address such heterogeneity, their application regarding
the objective of analyses, their advantages and limitations, and, finally, an overview
of what is likely to come next. Although a description of historical facts is not the
scope of this chapter, a brief reminder of the early developments illustrates the very
fast pace rushed by genomic analyses from observations to direct experiments that
take place in research and reach medical applications.

The broad variability in scale was empirically stated since the dawn of cytoge-
netic analyses combined with heredity studies. The rationale behind such a proposal
is that variation in the chromosomal scale, observed in microscopy procedures, is
relatively rare, and its occurrence is often associated with many clinical conditions
(See Chap. 2). Therefore, the heritable phenotypic variability across individuals
without major pathologies shall not be explained exclusively by large chromosomal
abnormalities but rather from more subtle changes not detected by cytogenetic
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methods. By the end of the first half of the twentieth century, the determination of
species-specific chromosome numbers and the systematic development of analyti-
cal methods to study chromosomes, such as karyotyping, naturally led to the com-
parison of a reference set with samples from patients. Lejeune, in 1959, proposed
the correlation of the most common aneuploidy, the trisomy of chromosome 21,
with the clinical features typical of Down syndrome [1]. Curiously, a few years
earlier, the landmark paper by Watson and Crick describing the DNA structure was
published giving rise to modern molecular genetic studies [2]. Across the 1970s, the
development and expansion of indirect methods of measuring genetic polymor-
phisms through electrophoretic patterns in enzymes expressed in blood cells
improved our comprehension of the distribution of variation in different populations
[3]. Also, during this decade, the use of restriction enzymes, nucleic acid probes,
and hybridization had an enormous impact in both detecting variability and pin-
pointing the genomic context of regions of interest, directly paving steps to genome-
wide mapping. Towards the end of the decade, DNA sequencing by chain termination
developed by Sanger and colleagues would begin a novel chapter in the sensitive
detection of genetic variability [4].

The following decade saw profound advances in molecular biology. In 1986,
Kary Mullis developed a method for DNA amplification in vitro, combining a pair
of oligonucleotides (of which synthesis had been resolved just a couple of years
before), dNTPs, DNA polymerase, and buffer to a series of temperature changes to
optimize each step of what became ubiquitously known as PCR (Polymerase-chain
Reaction) [5]. This method allowed precise amplification of specific genomic seg-
ments of interest and became an essential tool in most molecular biology protocols.
Almost simultaneously, in 1984, the Alta Summit would be the incidental embryo
of the largest initiative in human genetics: the Human Genome Project. The ambi-
tious and expensive task would create a definitive reference map from which, to
some extent, all projects could rely on and compare their results against [6]. As the
project was approved but yet struggled to get funded and to convince the scientific
community and society, until the final draft, delivered in 2001, many other advances
were published, including the deposition of single-nucleotide polymorphisms and
special program reports. One example is the 1993 report, which presented projects
to develop and improve mapping, cloning, and assembly protocols, along with com-
putational approaches and ethical implications. Therefore, the Human Genome
Project had a pivotal role not only in delivering a reference human genome sequence
but also in leveraging an entire ecosystem of research in genomics. Naturally, the
next challenge to be tackled would be describing the enormous variant diversity
discovered and their role in traits, including disorders with complete or partial
genetic etiology.

Even though some current methods promise to approach the full spectrum of
variation, it is still challenging to interrogate human genome variation using a single
method. This broad range of variant categories also creates a practical problem of
how to represent the human genome as a single reference, to which most detected
alterations can be compared to, especially when considering population-specific
(mostly rare) variation (See Chap. 11). In addition, it implies that for both research
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and clinical applications, there are several choices to be made which may, in turn,
limit the observations and gradually bias the accumulated knowledge on a few
classes of variation at the expense of others, due to cost, availability of analytical
tools, and interpretation capacities [7].

3.2 Variant Categories

As mentioned before, the heterogeneity of variant types imposes limitations on each
technique. Therefore, before choosing an analytical method, it is essential to under-
stand what to expect (and not to expect) of variant categories to be interrogated in
each technique. We can classify variants by at least three criteria: size, consequence,
and frequency.

Among such criteria, the variant’s length spectrum is key when choosing between
two main groups of methods: fragment-based or sequence-based. While at the dawn
of genetic analyses, it was a commonplace among scientists to think of variation as
major chromosomal rearrangements, currently, due to sequencing techniques, the
first type of variant that comes to mind is single nucleotide substitutions or short-
ranged insertions and deletions (indels). Although both ends of the spectrum are
true and relevant, the amount of variants carried by a population or an individual is
likely to be asymmetrically distributed across variant sizes. Very large (over five
million base pair—bp) genomic imbalances (insertions and deletions, commonly
referred as copy number variants, CNVs; See Chap. 9), translocations and inver-
sions are much less common than single nucleotide substitutions or short-range
indels (up to 50 bp). These large events (over 50 bp) are called structural variants
(SV), and there is a substantial range of sizes among them, roughly observed in an
inverse correlation with its frequency (it is more common to find shorter than longer
SVs) and to its type (it is more common to find CNVs than the other types of SV).
As presented in Table 3.1, it is expected that about 45 million single nucleotide
substitutions can be found on average per diploid genome; about a fifth of that

Table 3.1 Estimation of genomic variants per length category

Counts per diploid Total size of
Category of variant | Length of | genome (Order of genome affected | Variants within
(Length-based) variant (bp) | magnitude) (Mbp) coding regions
Single-nucleotide 1 3-5 million (10°) 4-5 12 thousand
substitutions
Short-range indels | 1-49 180-800 thousand 3-5 250

10%)
Structural variants | >50 4-5 thousand® (10°) or | 10-15 3¢

20-30 thousand (10%)°

*Short-read sequencing estimations [8]
"Long-read sequencing estimations [9]
‘Loss-of-function structural variants [10]
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corresponds to short-range indels; 10—100 times less frequently are SVs and, finally
inversions, translocations and aneuploidies are the least common types of variants.
On the other hand, the total size of the genome affected by the different types of
variants presents the inverse trend (Table 3.1) [8—10]. Other two types of variants
are widespread in the human genome, microsatellites (also known as short tandem
repeats, STR) and mobile element insertions (MEI). STR consists of stretches of
DNA composed of units of 2—15 nucleotides repeated in tandem (See Chap. 6), and
because of their highly polymorphic nature they are very useful for DNA profiling
easily obtained with standard PCR protocols. Mobile elements are DNA sequences
that can change their number of copies or change their location within a genome,
eventually affecting genes. MEI constitute approximately 50% of the human
genome (See Chap. 8).

Depending on the genomic context, variants can be categorized according to
their predicted consequence, which should ideally be validated by subsequent
molecular analyses. Each predicted consequence can also be associated with poten-
tial changes in the function of the gene products or, alternatively, their direct effect
on DNA interaction with regulatory elements.

Annotation tools can cross a variant file and diverse annotation datasets (most
based on matched “CPRAs”: chromosome, position, reference allele, and alternate
allele) to pinpoint diverse information important to predict variant consequence. If
a variant is located within intergenic regions, inferring its consequence can be more
challenging since annotations are limited by prediction of sequence-based regula-
tory motifs or a set of assays that evaluate the evidence of transcription activity,
chromatin state, methylation of CpG clusters [11] and, recently, the method of Hi-C
sequencing was developed and improved allowing detection of structural interac-
tion of distant regions called ‘TADs’ (Topologically associated domains) and LADs
(Lamina-associated domains) [12—14]. Such assays hold a promising contribution
to genome annotation. The Encode Project Consortium is an effort to systematically
improve the understanding of DNA elements and, subsequently, the effect of vari-
ants that fall along such regions [15].

When variants fall in regions defined by genes, there are substantially more
annotation resources that can be helpful in categorization and inference of predicted
consequence. The annotation informs if the variant is noncoding, intronic, UTR
regions, or coding. For the latter, annotation informs which amino acid is affected
and, if it is synonymous, nonsynonymous, stop gain, stop loss or start loss.
Annotation can also flag potential splice sites based on relative location to the exon-
intron boundaries and state whether it promotes a frameshift or in-frame (if the
variant is an indel).

It is challenging to predict the functional impact of such alterations in their prod-
ucts (proteins or RNA): any given variant may have a neutral consequence; promote
a gain of function by either increasing the amount or activity of the product, also
known in genetics as hypermorphic; create a novel function or property (neomor-
phic), which could interfere in the other allele (dominant negative effect) or be
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expressed in a different tissue or moment (ectopic or heterochronic expression,
respectively); finally, a variant can promote a partial or complete loss of function of
the original product (hypomorphic or amorphic mutations). Among the latter, it is
possible to infer with better precision its consequence, since premature stop codons,
loss of start codons, frameshift indels and splicing motifs can be automatically
annotated with reasonably high confidence, in addition to the detection of large
insertions and deletions that span coding regions of the genes. However, there are
pitfalls in automated annotations of potential loss-of-function (pLOF) variants
when a frameshift variant has a nearby indel that restores the frame, or if a prema-
ture stop codon is located at the last exon (likely to activate nonsense-mediated
decay pathway with the affected transcript). Recent algorithms such as LOFTEE
(Loss-Of-Function Transcript Effect Estimator) address these putative outcomes
[16]. Either way, it is remarkable how such annotations performed on large datasets
of variants and allelic frequencies can improve our understanding of a given gene’s
intolerance to loss of function by measuring the observed number of pLOFs as com-
pared to expectations based on transcript length and relative position, as a function
of mutational saturation in datasets of more than 100 thousand individuals. Such
metrics, named pLI (acronym for ‘probability of being loss-of-function intolerant’)
and LOEUF (‘loss-of-function observed/expected upper bound fraction’) after fur-
ther development of the calculations, are useful resources to estimate haploinsuffi-
ciency and the potential impact of variants assuming the gene’s intolerance to
inactivation, measured by the observed depletion of pLOF variants, describing
genes associated with dominantly inherited disorders caused by hypomorphic func-
tion of the gene, which is not always trivial to infer in non-familial (also named
sporadic) cases with variants originated by de novo events [16—18].

Finally, variants can be categorized by frequency. It is often arbitrary to establish
frequency cutoffs and it depends on the application context. In population genomic
studies, it is generally accepted that variants above a frequency of 0.5% or 1% in
any given population can be considered common. Keep in mind the absolute num-
ber of counted alleles: even though the proportion is the same, 1 alternative allele in
200 alleles (0.5%) wouldn’t be confidently tagged as common, as opposed to 0.5%
calculated with 100 alternative alleles in 20 thousand alleles (10 thousand individu-
als, assuming a diploid locus). In molecular diagnosis of monogenic disorders, an
upper bound cutoff of 5% can be applied for a stand-alone benign pathogenicity
classification [19] and even very low allelic counts in control populations can pro-
vide supporting evidence of reduced pathogenic effect in causing Mendelian
disorders.

Therefore, very large sequencing-based datasets enabled detection of a wider
frequency range, including a set of very rare yet shared variants with allelic fre-
quency as low as 0.005% (result of counting 10 alternative alleles in diploid loci of
100 thousand individuals, or 200 thousand alleles), which are useful in functional
inferences such as LOEUF calculations and refinements in pLOF intolerance inves-
tigations. In addition, on the extreme of the spectrum, sequencing followed by
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annotation with large datasets can provide a high number of ultra-rare variants
found in a single individual in heterozygous state (termed as singletons).

As more underrepresented a population is across large public datasets, the larger
proportion of singletons can be identified in every sequencing project, given the
sampling to avoid small degree relatedness of subjects. As a consequence, as
sequencing initiatives containing diverse populations get larger in sample sizes, it is
likely that the amount of singletons will eventually reflect a private set of variants
shared only in families or lineages, including those that are de novo, that is, present
in one individual but not inherited from either parent. Likewise, somatic variants
usually detected in sequencing experiments from paired tissues would either fall in
the category of mutational hotspots or de novo, besides falling by coincidence on
positions that were previously detected in germline experiments. Such frequency
spectrum promotes different types of methods for genomic analyses: while common
variants can be interrogated in genotyping platforms (containing a selected list of
previously known variable loci to be evaluated), rare and ultra-rare variants would
only be detected by sequencing methods (without a priori hypotheses on what
to find).

3.3 Methods in Genomic Analyses

As explained in the previous section, there are genomic alterations of various
lengths, a fact that challenges the investigation of the full panorama of variation
using a single method. Overall, depending on the length of variants, one method
will be optimal over others to detect and describe variation, with high sensitivity and
specificity, avoiding false-positives and, particularly, false-negative results. Most
current widespread sequencing-based methods begin with random fragmentation of
the source DNA in relatively short stretches and all methods rely on sequence align-
ment. In these cases, detection of duplications and deletions is not trivial, especially
in heterozygosity. An alternative strategy, which in fact was developed before
sequencing, is to analyze larger fragments of DNA. These methods rely on hybrid-
ization or conditional amplification and usually handle longer variants and complex
rearrangements better than sequencing-based. We will explore some of these
fragment-based methods in the following section and sequencing-based methods
right after that. A secondary partition of the methods refers to targeted approaches
versus genome-wide approaches, as the former requires some a priori evidence for
interrogation of a certain variant, variant list or group of genes, and the latter is
exploratory. A decision tree was built to help visualize this rationale (Fig. 3.1). In
Sect. 3.4, we discuss some of the current applications, including a workflow for
molecular diagnosis, rare-variant association testing, and polygenic risk scores. In
Sect. 3.5, we present some promising perspectives, such as, cell-free DNA, long-
read sequencing, and omics integration.
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3.3.1 Fragment-Based Methods

Large SVs are the cause of a significant amount of genetic disorders. In fact, there
are more individuals affected by chromosome disorders than for all single-gene
diseases. However, as mentioned before, there is a considerable amount of SVs,
especially CNVs, per individual genome, indicating neutral or small effects of most
variants. As variation grows in length, it becomes less common and more likely to
be deleterious. Either way, screening the absence or presence of SVs, and quantify-
ing them (in the case of multiple copies) is relevant in most genomic applications.
In this section, we will briefly cover genome-wide and targeted fragment-based
methods currently used in genomic analyses. Even though, by definition, whole-
chromosome analyses fall within fragment-based methods, traditional karyotype
and chromosome banding, observable under a microscope, will not be discussed
here. We will cover fluorescence in-situ hybridization (FISH), array comparative
genomic hybridization (array-CGH), multiplex ligation-dependent probe amplifica-
tion (MLPA), and triplet repeat primed PCR (TP-PCR), that are vastly used meth-
ods in currently genomic analysis.

3.3.1.1 Fluorescence In-Situ Hybridization (FISH)

The introduction of FISH in the 1980 decade inaugurated the field of molecular
cytogenetics that allowed locating specific DNA sequences on chromosomes and
greatly expanded the sensitivity of chromosome analysis, becoming a powerful tool
used in routine clinical diagnosis [20]. FISH experiment consists of using a
fluorescence-labeled DNA or RNA probe capable of hybridizing to a complemen-
tary target sequence of a sample DNA. Probes can be labeled indirectly by modified
nucleotides containing a hapten or directly by incorporating directly fluorophore-
modified nucleotides. Further evaluation of signals under fluorescence microscopy
reveals the chromosome location where the labeled probe binds, allowing the detec-
tion of various chromosomal abnormalities, including deletions, duplications, inver-
sions, and translocations. The development of FISH came at the same epoch of the
advent of the Human Genome Project that made available thousands of clone
resources that could be used as probes [21]. One important advantage of FISH is its
ability to perform analysis of interphase chromosomes, which allows the analysis of
various samples, especially those from solid tumors that do not divide frequently
(i.e., do not produce enough analyzable metaphases).

Since its development, many advances have increased the scope and sensitivity
of the method. A powerful development was a 24-color karyotyping, called
multiplex-FISH (M-FISH) and spectral karyotyping (SKY), in which each chromo-
some is painted with a different color, allowing a quick scan of all chromosomes to
detect large deletions and/or duplications, translocations and complex rearrange-
ments. However, site-specific probes are needed if more detailed information is
required [22, 23].
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3.3.1.2 Array Comparative Genomic Hybridization (Array-CGH
or aCGH)

As explained above, FISH assays are suitable for investigating chromosome imbal-
ances but rely on prior knowledge of which probes to use, one at a time. In contrast,
the development of comparative genomic hybridization (CGH) allowed genome-
wide screening for CNVs in a single experiment. CGH uses competitive hybridiza-
tion between a patient and an unaffected control whole-genomic DNA (fluorescently
labeled with different colors) to normal metaphase chromosomes. The fluorescence
ratio of the patient and control hybridization signals along the chromosomes are
then measured, revealing three possible outcomes: an equivalent signal, an over-
representation or an underrepresentation of the patient’s fluorescent signal [24].
Further development of the technique introduced array-CGH (aCGH), in which
microarrays, consisting of a microscope slide with immobilized probes in defined
positions, are used as targets instead of metaphase chromosomes [25]. The use of
aCGH increased the resolution from 3 to 10 Mb of conventional CGH to 250 kb,
and a higher density of probes can be used to increase resolution. Although the use
of NGS-sequencing methods is increasingly replacing aCGH for CNV analysis in
clinical testing and in research, at present, aCGH is the gold standard method to
detect this type of variant and has been particularly useful in studying subtelomeric
and pericentromeric rearrangements [26]. However, it is not appropriate for detect-
ing other chromosomal abnormalities, such as inversions and translocation, that can
be investigated by M-FISH or WGS.

3.3.1.3 Multiplex Ligation-Dependent Probe Amplification (MLPA)

MLPA is a rapid and cost-effective alternative to diagnose whole-exon CNVs on
candidate genes [27]. The MLPA probe consists of two oligonucleotides, both con-
taining the target sequence and a fluorescently labeled universal primer pair, identi-
cal for all probes. A stuffer sequence with a different size for each probe is attached
to one of the oligonucleotides, giving each probe a unique length. Thus multiple
probes can be hybridized simultaneously (multiplex). In the first step, the two oligo-
nucleotides of each probe hybridize to immediately adjacent target DNA sequences.
One oligonucleotide contains the binding site recognized by the forward primer; the
other contains the binding site recognized by the reverse primer. Then, the pair of
probe oligonucleotides that successfully hybridized are ligated, and only the ligated
probes are amplified by PCR. Each fragment corresponds to a specific MLPA probe
and generates a fluorescent peak that can be detected by capillary electrophoresis.
By comparing the peak pattern of the tested sample with the pattern of reference
samples, the relative change in copy number can be identified. MLPA can use up to
40 probes in a single reaction, in which each probe is generally used for each exon
of a candidate gene. Thus, it is very useful for disorders, such as Duchenne muscu-
lar dystrophy, in which a substantial proportion of affected individuals have patho-
genic deletions or duplications in a known gene.
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3.3.1.4 Triplet Repeat Primed PCR (TP-PCR)

Trinucleotide repeats expansions are the cause of many genetic diseases, particu-
larly neurological and neuromuscular ones (See Chap. 6). Standard PCR protocols
are used to detect modest expansions. However, for large expansions (>100 repeats),
an alternative method is necessary. Until the development of TP-PCR method in
1996, Southern blotting was the gold standard to analyze this type of variation.
However, Southern blot is technically demanding, expensive, and has limited power
to detect interrupted alleles, and then encouraged the development of TP-PCR [28].
TP-PCR uses an external primer flanking the repeat plus a primer that can randomly
hybridize to multiple possible binding sites within the repeat, resulting in a ladder
pattern on the fluorescence trace that enables the identification of expansions com-
pared to samples used as a reference. The method allows identifying large expan-
sions but cannot detect the exact number of repeats if this number is >50. TP-PCR
was first developed to scan expanded alleles in myotonic dystrophy, but since then,
the technique was validated for many other diseases, such as Friedreich ataxia
(FRDA), Huntington’s disease, and spinocerebellar ataxia type 3 (SCA3).

3.3.2 Sequence-Based Methods

By definition, methods that evaluate the presence and quantity of DNA fragments,
and allow for quantification, irrespective of short-range variations in the sequence
itself, were presented in the previous section. On the other hand, sequence-based
methods are defined by the ability to interrogate or detect alterations across the
sequence of particular DNA stretches. It means that even though fragmentation of
DNA itself is often required as an initial processing step, or that the analyzed frag-
ment will physically hybridize with probes, the main outcomes of these methods are
the nucleic acid sequences themselves that allow detecting the variation on
sequences when compared to a reference. In the following topics, we will cover
Sanger sequencing, genotyping microarrays, and detail next-generation sequencing.

3.3.2.1 Sanger Sequencing

Although currently DNA sequencing far surpasses other biomolecules’ sequencing
in cost, ease, and, as a consequence, volume of generated data, in early 1970s, meth-
ods of protein and RNA sequencing were more advanced, although time-consuming.
Nearly in parallel, Maxam and Gilbert’s method of stepwise chemical cleavage of
DNA molecule and Sanger and Coulson’s method of DNA extension with chain-
terminating nucleotides were successfully implemented in laboratories worldwide,
both using fragments separation by electrophoresis [4]. The next development,
known as shotgun sequencing, took place in the early 1980s and was extensively
used in the Human Genome Project. This method targeted random clones of
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constructs containing libraries of samples of interest for sequencing and a posteriori
computational reassembly of larger DNA fragments. Sanger’s protocol would even-
tually prevail due to the improvement of the method with fluorescence-based auto-
mated machines in 1987.

Sanger sequencing is a reliable method of genomic analyses, targeted for regions
of interest which are subjected to amplification or cloning. Therefore, even if a proj-
ect is designed to cover a library of fragments generated by amplification or frag-
mentation followed by cloning, individual region of interest analyses will take
place. For instance, all exons of a single gene are PCR-amplified or all fragments of
amitochondrial genome from a given tissue are cloned, physically paralleled Sanger
reactions (one per plate well or tube) will be performed, generating individual elec-
tropherograms, which will be aligned to a reference sequenced or queried across a
collection of sequences.

After amplification, products are purified to eliminate non-incorporated nucleo-
tides and primers, and quantified for downstream steps. Sanger sequencing reaction
consists of the extension of single strands (one primer is used) by incorporation of
standard 2’-deoxyribonucleotides (ANTPs) complementary to the template strand
and chain termination after incorporation of fluorescence-labeled 2’,3’-dideoxyribo-
nucleotides (ddNTPs). Reaction parameters such as cycling temperatures, extension
times and, especially, ANTP/ddNTP ratios are optimized to produce a library of
DNA strands of different lengths with one nucleotide difference each. Each frag-
ment from this library has a fluorescent dye brought by the 3’-end incorporated
ddNTP. This reaction is then submitted to a high-density polymer matrix electro-
phoresis, usually in capillaries, to support the intended separation resolution of one
nucleotide. Using a steady voltage, the process of differential migration of the frag-
ments with optimal separation of fragments occurs towards the end of the capillary,
where a detector is placed and converts fluorescence to bytes, including intensity
parameters. The final result is one electropherogram per reaction, with roughly
800-1000 peaks that can be base-called for further analyses. One standard proce-
dure is to cover the same region at least twice, in two different reactions, one for
each strand (namely forward and reverse reactions). Depending on the project, a
higher depth of coverage (also known as vertical coverage, meaning how many
times a high-quality base is independently sequenced and called) is needed: the
draft of the Human Genome Project, which was completed entirely with Sanger
sequencing, was 5—10-fold [29].

3.3.2.2 Genotyping Microarrays

The use of hybridization techniques for analyzing nucleic acids started before
sequencing technologies and basically consists of exploring the property of comple-
mentarity between base pairs of anti-parallel strands of DNA and RNA. As men-
tioned before for FISH and array-CGH, it is straightforward to observe the results
of hybridization between a probe (the sequence we have prior information about)
and the region we are interested in detecting/quantifying.
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The ability to miniaturize the synthesis of oligonucleotide probes onto a solid
phase (usually glass slides, in a process called photolithography), the implementa-
tion of improved digital cameras, and the growing knowledge on allelic diversity
contributed to the development of ever-higher density genotyping microarrays,
often called DNA chips [30]. The overall methodological workflow involves enzy-
matic fragmentation followed by end repair, adapter ligation, and PCR, enriching
the sample in products of less than 1 kb. DNA probes in the chip harbor the selected
SNPs in several positions (overlapping probes), and SNPs themselves are selected
based on frequency and by location, usually between within two restriction enzyme
sites 1 kb apart. Allelic detection by hybridization without this a priori step of size
selection by amplification can produce non-specific calls that increase background
noise. Although these steps are fairly similar between the two main commercial
microarray platforms (Affymetrix and Illumina), each has their own specificities:
Illumina uses a probe-linked beadchip embedded in the slides and has a single base
extension; Affymetrix uses ligation, and several washes to remove less stringent
hybridizations.

These tools were essential to decrease the costs of genome-wide analyses for
several applications, from family-based segregation and linkage studies to large
sample-sized genome-wide association studies (GWAS), since automation greatly
increases the through-put and reduces experimental variability. Currently, commer-
cially available microarrays include many options of high-density sets of variants
(>500 k markers) and enrichment of clinically relevant variants or copy number
variants; besides the possibility of some degree of customization. Outside basic
research applications, most companies that offer direct-to-consumer testing for
ancestry or disease risk alleles are microarray-based. It is important to consider that
each microarray chip is designed to interrogate a list of polymorphic alleles previ-
ously detected by sequencing projects, which might be biased on their own. Some
commercial microarrays were developed to include population-specific variants and
to some extent contribute to studies on diverse populations. Many GWAS studies
benefit from an increasing density of variants through imputation, in which unob-
served genotypes are inferred by using haplotypes from reference panels [31].

3.3.2.3 Next-Generation Sequencing

Pinpointing the large frequency spectrum of genomic variants, from ultra-rare to
common, is only achievable by directly sequencing the DNA. As mentioned above,
Sanger sequencing method revolutionized genomic science by providing a reliable
and reasonably automated protocol that could consistently deliver the nucleic acid
sequence of stretches of 700-800 bp. The main limitation of Sanger is paralleliza-
tion itself. The Human Genome Project public effort overcame this issue using the
challenging, costly, and time-consuming solution of distributing the job among hun-
dreds of facilities worldwide, while the private effort did a similar approach, except
that the hundreds of machines were centralized in a single facility (improving opti-
mization and reducing costs). Either way, sequencing a whole human genome by
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the end of the first published draft in 2001 was still priced in the order of magnitude
of 100 million dollars.

The (Recent) History of Next-Generation Sequencing

During the late 1990s and early 2000s, emerging sequencing technologies evolved
from the combination of microfluidics and molecular assays advances such as emul-
sion PCR, bridge PCR, and adapter ligation. Three main next-generation sequenc-
ing (NGS) platforms were released almost simultaneously in 2005 and 2006: 454
pyrosequencing (later acquired by Roche), Solexa sequencing by synthesis (SBS,
later acquired by Illumina) and Agencourt sequencing by oligo ligation detection
(SOLID, later acquired by Applied Biosystems) [32].

Illumina prevailed as the more broadly used method, and its in-depth protocol
will be discussed in this section. Before each method is briefly covered, a few
important NGS parameters are presented. Considerations about them define the use-
fulness and cost-effectiveness of each method and quality standards to be observed
during analyses. As mentioned previously, depth of coverage is the number of times
abase is independently called (i.e., read counts overlapping a single base). Although
there is no consensus on an optimum minimum depth, 10-20x is usually the aimed
range, even though some applications like somatic mutation detection require
deeper coverage. The second parameter is the horizontal coverage, meaning the
genomic extension that the sequencing project is aimed at mapping. Both parame-
ters can be planned during the experiment design. The third parameter is the read
length, which is usually restricted by the sequencing method. Finally, also limited
by the sequencing protocol, the sequence output measured in number of reads and
megabases is a value expected by each protocol and sequencing machine. All
parameters are useful when designing the experiment, including the ability to mul-
tiplex several samples per run, and to expect minimum values for quality control
and downstream analyses.

Pyrosequencing protocol provided by 454 involved fragmentation of genomic
DNA and ligation to adapters, which would be baited by beads, generating an
immobilized library. These beads were then emulsified for optimal isolation (one
bead per emulsion compartment), later distributed on a picotiter plate for sequenc-
ing cycles (adding polymerase and one dNTP at a time). Incorporated nucleotides
would release pyrophosphates, which would cascade a reaction of ATP and
luciferase-catalyzed luciferin oxidation, generating visible light. Each well would
provide up to 700-bp reads (typically 500 bp), not far from Sanger sequencing and,
therefore, minimizing alignment and assembly procedures. Sequencing output of
the latest Roche 454 machines was about 14Gb. Homopolymer detection (contigu-
ous nucleotides of a single base) is challenging in most NGS protocols and was
particularly critical in 454 chemistry.

Applied Biosystems SOLiD methods also used beads with immobilized oligo-
nucleotides complementary to adapters linked to DNA fragments to be sequenced.
Fragments on beads were also amplified and spread onto glass slides in polonies
(‘polymerase colonies’). The extension and detection, however, used a unique
experimental design where 8-bp long oligonucleotides had four different
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fluorescent labels to four dinucleotides located at the 3’ end, while the remaining
nucleotides of the probe were degenerate. When a dinucleotide is stabilized, a ligase
catalyzes the phosphodiester bond, unextended strands are capped and the fluoro-
phore removed with 3 bp cleaved at the 5" end of the probe, allowing the next cycle.
The dinucleotide color code can be decoded by repeating the cycles offsetting the
initiation primer by 1 base pair (n-1, n-2, n-3, and n-4), tiling the probe-fragment
complementarity and generating overlaps between each sequence of colors.
Although a complex procedure, this dinucleotide color-coded overlaps allows each
base to be covered twice per read, increasing accuracy without substantially increas-
ing cost. Each SOLiD output per run as for the last available machine was 90Gb.
Two major drawbacks for this method probably caused its resistance to use and later
discontinuation: very short read length of 50-60 bp, promoting a reduction in align-
ment quality and computational complexity increase; and problems in sequencing
palindromic regions, which form hairpins and reduces ligation of probes to a criti-
cal level.

Illumina’s Sequencing by Synthesis

Illumina has established the main adopted technology by overall markets using the
sequence-by-synthesis (SBS) method developed and improved from a combination
of the original patents by Solexa and Lynx technologies. SBS consists of fragmenta-
tion of DNA in regular-sized segments to be ligated with adapters. Usually, frag-
ments are around 500 bp of length obtained from native DNA, but mate-pair libraries
aim at 2-5 kb long inserts and linked-read assays start with high molecular weight
DNA that is isolated prior to fragmentation (Chromium technology, 10X Genomics).
In all cases, only the extremes are sequenced (paired-end method), but regular spac-
ing (short and long-range) improves de novo assembly and the ability to detect SVs.
Indexing the fragments during library prep consists of ligating oligonucleotides to
the ends of the fragment, before adapters’ ligation. Indices play a barcoding role
allowing libraries to be pooled together, therefore multiplexing the run with several
samples. After sequencing, computational scripts for demultiplexing will reassign
reads to individual sample identifiers. Both adapters have complementary surface-
bound oligonucleotides in a structure called a flow cell. Fragments are denatured
and each strand is annealed with the fixed oligonucleotides for extension, and com-
plementary strands are synthesized, now covalently attached (with phosphodiester
bonds) to the flow cell. Clusters are generated by bridge amplification, populating
the surroundings of the initial fragment with copies. As sequencing cycles begin,
these clusters will be detected and monitored by a camera to register the incorpora-
tion of each dNTP to the fragment. The key for each added dNTP is that they have
a reversible property, blocking the incorporation of more than one dNTP per cycle
and unblocking after washing for further extension (Fig. 3.2). Reads range from 50
to 300 bp, but for genomic purposes are usually set to 150 bp. The paired-end
sequencing allows for another round of dNTP incorporation cycles (also 150 bp),
extending the complementary strands and providing a total of 2x150 bp long sepa-
rated by the remaining unsequenced spacer of the original sample. It is relevant to
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Fig. 3.2 Overview of NGS protocol (Illumina’s sequencing by synthesis). Genomic DNA is frag-
mented in regular sizes (around 500 bp), which are ligated to adapters (lilac and light yellow) with
indices (in this example, light blue for one individual and light red for another individual). Samples
are pooled and optionally target enriched (in this example, carried out by probe capture attached to
beads). Libraries are loaded onto flow cells containing oligonucleotide probes complementary to
adapters. In any given probe, a fragment will be used as template for extension, and the original
fragment is washed away. In a series of bridge amplifications, a cluster of fragments attached by
both strands is generated. Sequencing by synthesis is performed in cycles, including incorporation
of dNTPs that function as reversible terminators, and clusters are monitored for dNTP incorpora-
tion. Cycles restart to the reverse fragment within the same cluster, providing a paired-end read

stress that the paired reads are not reverse complements of each other, but rather the
extremities of each fragment. The redundant representation of a region more than
once (measured by depth of coverage) is, therefore, a result of independently
sequenced reads from different fragments [32]. Output of Illumina SBS relies on a
few parameters, some fixed and some adjustable: flow cell load capacity (there are
different flow cell designs for each machine), cluster density (there is an optimal
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value), choice of single-end versus paired-end and sample multiplexing. Currently,
Illumina offers a range of systems with outputs from 2 Gb to 6 Tb, which can be
chosen in accordance with the project. In the clinical routine, it is a common prac-
tice to confirm findings using a different method, Sanger sequencing if the variant
has short length. Sanger sequencing is commonly used to confirm or exclude the
parent’s carrier status.

Target Enrichment

As we have previously stated, the growing capacity of parallel sequencing millions
to billions reads provides an opportunity to either go very deep on vertical coverage
or very broad on horizontal coverage. In latest Illumina models (NovaSeq 6000),
one can choose the higher output system of dual flow cells with 6 Tb output per run
(and 20 billion reads). That means one human whole-genome (diploid genome of
6.4 Gb) could be sequenced at over 900x of coverage, or 900 whole-genomes could
be sequenced at 1x. Although possible, both situations are not economically feasi-
ble, or actually desirable, for most applications. As we will see in the next section,
whole-genome sequencing aimed at 30x is an accepted standard. But how would we
make use of such a large output to make it both useful and cost-effective?

Besides multiplexing, which allows for pooling multiple samples along the same
sequencing run, there are methods designed to enrich libraries with regions of inter-
est that can be prioritized in sequencing experiments. Prior to the distribution of the
libraries onto flow cells for cluster generation and sequencing, target enrichment
methods can be performed. Two main strategies can be chosen to enrich libraries:
probe-based capture or amplicon generation. In the first strategy, single-stranded
DNA or RNA oligonucleotides are designed for the chosen regions of interest, syn-
thesized, and attached to a solid phase surface such as a glass slide (resembling
microarrays), or, more commonly, beads, followed by hybridization steps.
Oligonucleotides probes must be long enough to allow for some mismatching,
including indels, otherwise, allele dropout could be an issue (when one allele is not
captured with equivalent success of the other allele). This also can be achieved by
designing multiple overlapping probes spanning the region of interest (in a tiling
setup), as some commercial options emphasize to be an improvement in enrichment
by capture efficiency. The second strategy is to use multiplex amplification, generat-
ing amplicons of the regions of interest, using either primers or molecular inversion
probes. There are advantages and disadvantages to amplicon-based enrichment.
Customization and processing are easier and simpler than capture by hybridization
of probes, and overall costs can be lower. However, there is a limitation on the num-
ber of amplicons that can be generated (amplicons that enrich whole-exomes were
developed later and are usually more expensive than probes counterparts).
Comparisons generally indicate that even with higher coverage, amplicon-based
enrichment can be less uniform and provide a higher proportion of false-positives
and false-negative results. However, for smaller panels and applications such as
microbiome profiling, amplicon-based enrichment is widely considered [33].

Probably the most used application of NGS so far is target-enriched sequencing
of human samples, specifically whole-exomes and gene panels. The combination of
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technological advances, reduction in equipment and reagent costs, multiplexing
samples and target-enrichment led to an explosion of NGS data generation from the
2010s, both for academic purposes and clinical setups. Noteworthy is that the man-
agement and analysis of the incredible amount of data generated since then were
only possible with the parallel development and advances of bioinformatics.
Laboratories were able to standardize and streamline protocols to offer gene panels
directed to groups of disorders such as hereditary cancer, neuromuscular and devel-
opmental disorders, costing no more than any complex health-related exam. Whole-
exome sequencing (WES) had a pivotal role in the identification of genes associated
with monogenic diseases, many of which required few family members to achieve
probable candidates, a task that used to take time-consuming steps of STR profiling
and linkage analyses. WES varies in terms of horizontal coverage, depending on
how far into UTRs and introns the probes are designed to capture the target, but
120 Mb per diploid exome is a general value to consider. When aimed at 100x, the
above-mentioned Illumina NovaSeq output could produce 500 WES per run, at a
cost (reagents only) of about 100USD. Even adding other essential costs of equip-
ment, computational resources, and, especially, high-skilled staff for producing and
analyzing the data, WES will certainly stay as the gold standard for molecular diag-
nostics for a while [34, 35].

Whole-Genome Sequencing

Skipping the step of target enrichment and loading onto the flow cell the library of
fragments ligated with adaptors and indices will produce the once holy grail of the
scientific community worldwide: sequencing the whole human genome. The 1000
Genomes Project was launched in 2008 with the ambitious effort of sequencing
thousands of individuals from 26 populations. Phase 1 included low-coverage
whole-genome sequencing (WGS) of 179 individuals, WES of nearly 700 individu-
als and high-coverage WGS of two trios. The project was able to deposit a large
number of variants previously unknown and paved the way for several other initia-
tives [36]. Now, there are many countries aiming at 100 thousand WGS along with
extensive clinical data to improve precision medicine initiatives by providing both
reference datasets and research substrates for the discovery of novel genes and loci
associated with traits.

It is important to mention the advantages and disadvantages of WGS over other
methods. As compared to WES, sequencing the entire genome allows interrogation
of both common and rare variants within and outside coding regions. The high-
density microarrays are useful when researchers are agnostically detecting associa-
tion signals across the genome (when performing GWAS), and more often than not,
signals fall within intergenic or intronic regions. If the association is truly a proxy
of causal variants nearby, WGS would be useful in both steps, allowing fine-
mapping to pinpoint candidates of causality within variants of lower frequency.
WGS uniformity in horizontal coverage allows an improvement in phasing (or hap-
lotyping) estimates (the attribution of the relative position of two or more alleles in
cis or trans configurations). By chance, paired-end reads can harbor informative
variants that aid algorithms to keep track of the phase, which can be useful in
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classification pathogenicity of variants in recessively inherited disorders. Phasing
software can take advantage of this information together with estimated haplotype
frequencies to infer haplotypes throughout the genome. The alternative to that is
applying the gold-standard phasing procedure, which analyzes trios and duos; how-
ever, this strategy is often disregarded in favor of sampling more unrelated individu-
als. In addition, both properties of long-range horizontal coverage combined with
uniform vertical coverage facilitate detection, mapping, and description of SVs,
which will be covered in the next section.

An important disadvantage of WGS over WES or targeted panels is the cost, not
only of equipment and reagents but also of computational resources to process and
store generated data. While the wet lab steps (including sequencing runs) of WGS
had just breached down the 1000USD barriers, storage alone can represent 5% of
this value per year. In addition to that, annotation of noncoding regions is still chal-
lenging and the gain in diagnostic capacities from WES to WGS is not yet clear. For
research purposes, on the other hand, WGS is an excellent tool that embraces many
analytical possibilities [37].

NGS Analyses

The extensive use of NGS-based tests and NGS for research gave rise to a whole
community of users, composed of wet-lab researchers and technicians, bioinforma-
ticians, programmers, and analysts. Two interesting things came as a result of this:
standardized protocols and recommended guidelines were developed and improved
over time, building confidence and reproducibility of results; and a vast universe of
alternative methods were tested allowing researchers to apply NGS in several differ-
ent manners. This section will focus on the basic pipeline and comment on work-
flows that support the most common applications.

As previously described, the sequencer captures the position and intensities of
clusters across flow cells, cycle after cycle, with a camera-like sensor. To reduce the
volume of data generated at this process, a Real-Time Analyzer software (Illumina
proprietary resource) converts data to BCL format, a binary file that contains raw
information on each cluster output. This file must be exported to a server where the
primary bioinformatics pipeline will take place. The first step involves demultiplex-
ing and conversion of BCL to FASTQ files, a text-based file that stores the sequence
ID (including the cluster position, useful for paired-end sequencing), the sequence
itself, and per-base sequencing quality.

At this point, mapping can proceed using alignment software. Two strategies can
take place: de novo assembly or alignment to a genome reference. Keep in mind that
the original Human Genome Project had precisely this challenge (besides generat-
ing all raw data): assembly is computationally costly since all reads must query
themselves to build up contigs based on overlapping stretches. Since then, updates
on the human reference genome were made, and interesting discussions on how a
reference should be represented to account for diversity became common. Alignment
algorithms can be tuned in several parameters: if they are too strict, reads containing
true alternate alleles might not be considered; if they are too permissive, mapping
quality will decrease, since reads will align to many loci. Also, indels and larger
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SVs tend to penalize alignments and depending on the size of the variant, the read
length itself, and the genomic context, some of those variants will not be aligned
and, therefore, will not be called. BWA-MEM is the more commonly used free
aligner and outputs a raw BAM file (the binary version of a SAM file) which pro-
vides information on the position of the reads relative to the reference genome of
choice and mapping quality. Then, a few intermediate steps that involve marking
and removing PCR duplicates, local realignment for improved indel detection, and
recalibrating base scores to the local and overall sample context are performed to
obtain an analysis-ready BAM file. BAM files are ready for visualization by a
genome browser such as IGV, providing an image of piled-up reads aligned to a
reference genome sequence (Fig. 3.3a). Base mismatches of the aligned data could
only mean three things: true variants, sequencing errors or alignment errors. The
following step is to integrate the mismatches across the reads, effectively calling
variants. HaplotypeCaller is the variant calling tool recommended by the Genome
Analysis Toolkit (GATK), a recommended general protocol provided and main-
tained by the Broad Institute of Harvard and MIT and used worldwide [38]. It out-
puts a (very large) file, named gVCEF, that has the same format of a standard VCF,
except it contains the genotypes of all called positions, whether it is a variant call or
not (Fig. 3.3b).

The gVCF can also block information whenever a sample has reference alleles
for consecutive stretches (indicating the end of each block in the INFO column), as
well as an indication of the spot for a non-reference allele. The FORMAT column
will contain guidance to read the genotypes, which generally contain the inferred
genotype itself referring to REF and ALT status, depth of coverage for each allele
(AD), depth of coverage at the site (DP) and genotype quality score (GQ). Some
files can contain a strand-specific allele depth, which can be useful to evaluate
strand bias. The ID column represents the only place with “outside” information (an
annotation, by definition), and should be completed with rsID from dbSNP. INFO
column is usually populated with several quality statistics: in gVCF refers to the site
and individual genotypes, but in combined VCF may include the overall site quality
and other metrics such as allele count (AC), allele number (AN), inbreeding coef-
ficient, and Hardy-Weinberg statistics. The same for QUAL, which individually
represents the site and genotype quality but in conjunction with other samples, pro-
vides a flag with confidence levels for the site (Fig. 3.3c).

Next, this individual gVCFs can be combined with other samples in a joint cohort
to a joint-call step that will result in a standard VCF file containing only positions in
which there is at least one alternate allele. The header of VCF files can store a num-
ber of meta-information, including the description of the entries present in the body
of the VCF file and the commands used to obtain the VCF. The steps presented here
compose the pipeline recommended by the GATK Best Practices to identify germ-
line short-range variants, which is used by most bioinformaticians and very
appraised by the scientific community. The GATK Best Practices validated pipe-
lines with recommended software, quality parameters, and continued improvements
for different types of variants.
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Sample 1 BAM file
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1 15548 A <NON_REF> . END=15549 GT:DP:GQ 0/0:42:99
1 15549 T C,<NON_REF> 1737 Several info GT:AD:DP:GQ 0/01:17,21,0:38:99

1 15550

o

<NON_REF> . END=15551 GT:DP:GQ 0/0:41:42

Sample 2 gVCF file
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15547 <NON_REF> . END=15548 GT:DP:GQ 0/0:34:99
1 15548 A G,<NON_REF> 1923 Several info GT:AD:DP:GQ 0/1:21,32,0:53:99
1 15549 o T <NON_REF> . END=15550 GT:DP:GQ 0/0:41:45
1 15550 o C <NON_REF> . END=15551 GT:DP:GQ 0/0:43:18

C Sample 1 and 2 combined VCF file
CHROM m- QUAL |INFO FORMAT | Samplet Sample2
15548 . G PASS AC=1;AN=4 + Several info GT:AD:DP:GQ 0/0:42,0:42:99  0/1:21,32,0:53:99
1 15549 . T C PASS  AC=1;AN=4 + Several info GT:AD:DP:GQ 0/1:17,21,0:38:99 0/0:41,0:41:45

Fig. 3.3 Schematic representation of BAM file from one individual (a), gVCF files from two
individuals (b), and combined VCF file with two individuals (¢). In the BAM file (a) we can see an
example of paired-end reads containing variants in colors (all grey portions of the reads are match-
ing the reference). Genomic position is represented as a ruler above, and depth of coverage as the
light grey graph below. Below the reads, the reference genome is shown along with a basic gene/
transcript annotation in blue (in this case, representing the two first exons, where the first has a
5’UTR portion and direction of gene in the genome). Note that paired-end brought evidence of
phasing between the first green variant (in homozygous state) with the second blue variant (in
heterozygous state), which in turn is also in cis with the third red variant. gVCF files contain all
called positions (b), and variant based quality (which is also included in the INFO field, along with
several other metrics of sequencing, alignment, base calling, and variant calling). VCF file sum-
marizes positions with variants (c) and includes site quality and information (now as an aggregate
of all individuals included in this combined file). This is ready for annotation and downstream
analyses



3 Methods to Study Genomic DNA Sequence Variation 79

The steps presented here compose the pipeline recommended by the Genome
Analysis Toolkit (GATK) Best Practices to identify germline short-range variants,
which is used by most bioinformaticians and very appraised by the scientific com-
munity. The GATK Best Practices is a product of the collaborative effort provided
by the Broad Institute (Boston, MA) which thoroughly validated pipelines and pro-
vided a workflow with recommended software, quality parameters, and continued
improvements for different types of variants.

Either an individual VCF or a combined VCF (with multiple individuals) can
now be annotated to provide context to the findings. As mentioned above, annota-
tion is a procedure that will systematically intersect findings with previous knowl-
edge stored in datasets and includes straightforward basic annotations such as rsID,
gene, and transcripts. There are several annotations that can be relevant for various
analyses such as the frequency of variants across different datasets, the association
of genes to disorders, pathogenicity assertions, prediction of deleteriousness by dif-
ferent algorithms, context of protein domains. There are several annotators in use,
most freely available such as ANNOVAR [39] and Ensembl Variant Effect Predictor
(VEP) [40], but it is common that laboratories add in-house scripts for specific
annotations.

In the previous sections, we have stated that NGS-based analyses are not the
gold-standard method for the detection of large SVs. One reason is that uniformity
of reads (both in vertical and horizontal coverage) is not always predictable and var-
ies within the individual sample and across samples. For instance, although the
peaks of depth surrounding an exon in a WES sample can reach over 200x (in a
sample aimed at 100x), it is not trivial to infer if that particular exon was better
captured than the others or if it represented a duplication. The same goes for hetero-
zygous deletions: a drop in depth of coverage can be caused by a deletion or by a
lower capture performance. However, there are several algorithms and workflows
that use read-depth measures to successfully detect a high proportion of CNVs from
NGS data, most of the time through exome or gene panels. In fact, NGS-based CNV
analysis is increasing in both clinical and research contexts as a cost-effective choice
to study a broader range of variants [41]. The optimum choice for short-range NGS-
based CNV analysis would be to use paired-end deep-coverage (>30x) WGS, which
has the main advantage of more coverage uniformity (i.e. less variation of depth
along chromosomes and among individuals). This characteristic facilitates the defi-
nition of a reference depth to which deviations can be tested and allow the extensive
use of read-pair (RP) and split-read (SR) methods [42]. RP detects discordant pairs
in which the span and/or the orientation of read-pairs are inconsistent with the
expected insert size. If a deletion spans a well-covered region, paired-end reads will
align to the boundaries of the deletion, and will appear to be more distant from each
other than expected (Fig. 3.4). On the other hand, read-pairs closer than expected
indicate insertions. SR identifies split sequence-read signatures breaking the align-
ment to the reference (gaps indicate deletions and stretches indicate insertions),
detecting the precise boundaries of the variation (breakpoints). RP and SR are use-
ful to identify other types of SVs, including inversions and translocations [43].
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3.4 Analysis of Rare and Common Variants to Understand
Diseases and Traits

3.4.1 Workflow for Molecular Diagnosis

Molecular diagnosis for patients affected by rare genetic disorders with monogenic
patterns of inheritance is straightforward [35]. It begins with a deep clinical evalua-
tion of the patients and family members, which will provide clues for diagnostic
hypotheses. Family history of disorders or related phenotypes, occurrence of con-
sanguineous marriages in the family, age of manifestation and clinical progression,
and age of parents help the physician narrow down possible candidates. Further
access to public databases such as OMIM, Orphanet, and GeneReviews, indicate
one or more genes previously associated with the condition or part of the pheno-
types that can be prioritized and interrogated with methods described in this chapter.
Choosing the best method to start the diagnostic investigation is not trivial: previous
knowledge on the disease and genes is critical for establishing a rational stepwise
set of tests. Once the test is performed, a complete pipeline for analysis, including
access to databases of variants and related literature, will provide a report to be
returned in genetic counseling consultation. In the case the test is NGS-based, such
as targeted panels or WES, there are general recommendations provided by the
American College of Medical Genetics and Genomics (ACMG) and Association for
Molecular Pathology (AMP) that support the workflow, pathogenicity classifica-
tion, and handling of secondary findings [19]. There are several ethical concerns to
this process, which are not the scope of this chapter.

There are, however, concerns regarding the clinical level of evidence and pene-
trance of variants that must be addressed. Monogenic disorders are generally caused
by one or two variants of large effect size, meaning that the presence of such vari-
ants greatly increases the risk of manifestation (up to complete penetrance in some
cases such as Huntington’s disease). Most common disorders, however, have multi-
factorial etiologies, with an environmental component and a genetic component.
Given that the genetic component is usually polygenic, causative variants have,
individually, low to moderate effect sizes and are distributed across dozens to hun-
dreds of loci. In research, large GWAS efforts identified many loci associated with
multifactorial traits, indeed improving the knowledge on the architecture of such
traits and unraveling part of molecular and cellular mechanisms involved in these
conditions. Some alleles in genes such as APOE were robustly associated with
Alzheimer’s disease and cognitive impairment with a relatively high odds ratio
(3—15, depending on the study and zygosity), but as any single susceptibility allele
of a multifactorial disorder, it explains only partially the phenotypic variability [44].
Even though companies offer tests and reports with variants of reduced penetrance
in direct-to-consumer tests, the clinical validity of such associations is still under
discussion by scientific and medical societies.
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3.4.2 Rare-Variant Association Testing

Although successfully discovering tens of thousands of variants robustly associated
with diverse traits and better understanding their genetic architecture, GWAS hits
explain only a small proportion of phenotypic variability (a problem referred to as
the missing heritability). GWAS is, by design, focused on common variants (usually
defined as variants with minor allele frequency > 0.01) obtained from genotyping
are interrogated using microarrays. Part of the missing heritability arises because
many common variants have very small effect sizes that could be detected only with
increasing sample sizes. The ever-increasing sample sizes of recent GWAS and
meta-analyses intend to address this problem. Another part of the missing heritabil-
ity arises from not considering rare variants, which were shown to collectively reach
significant effect sizes. However, even if GWAS included rare variants in its analy-
sis, detecting association with standard GWAS protocols would require enormous
sample sizes. To address this issue, methods for collapsing rare variants per gene,
per genomic region, or per pathway have been developed and improved overtime.
The rationale is quite straightforward: case and control groups of individuals are
sequenced (ideally WES or WGS) and rare variants are computed per group, within
candidate genes, regions, or pathways, or alternatively, multiple combinations of
genes are tested. Variant annotations can be used in weighing each aggregate, and
some tests are prepared to combine common variants as well. Many publicly avail-
able algorithms perform these tests, also known as burden and nonburden tests, that
can well complement GWAS or be used when larger sample sizes are not available
[45, 46].

3.4.3 Polygenic Risk Scores

GWAS usually identifies individual association signals for each variant and strict
thresholds are applied to ensure the exclusion of false-positive results. However, as
mentioned, there are many loci truly associated with the traits that do not reach
statistical significance due to several reasons: reduced effect size, low frequency,
population-specific linkage disequilibrium patterns, and epistasis with more loci.
With the recent availability of very large cohorts with genotyping data and compre-
hensive phenotypic information, such as the UK BioBank, testing combinations of
variants based on GWAS summary statistics (effect sizes measured as odds ratio or
regression betas) could be performed [47]. Using a protocol for reducing interde-
pendence of variant’s signal by pruning blocks under linkage disequilibrium and
thresholding p-values, many researchers are exploring UK BioBank’s large sample
sizes (about 500 thousand genotyped individuals) to identify combinations of vari-
ants that successfully stratify individuals by disease risk (or trait levels). These pro-
files can be interrogated in a validation set, providing a distribution of a polygenic
risk score (PRS). Both the scientific communities and medical societies are
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enthusiastic about the application of PRS in several traits and disorders, since these
profiles would eventually anticipate clinical interventions for individuals at higher
risks, at ultimately low costs (microarrays). The full extent of rare variant contribu-
tions to PRS is yet to be elucidated. However, there are already studies on breast
cancer and hypercholesterolemia showing the combined effect of different PRS
risks and carrier status of high effect size monogenic variants, providing a good
perspective on the clinical applications of PRS and that WGS might be the ultimate
test to embrace all dimensions [48].

One important drawback, currently under discussion, is that source samples used
in GWAS are still biased towards Europeans, and PRS transferability to other popu-
lations is challenging, with significant reductions of predictive power (See Chap.
11). Holding the same caution alert on direct-to-consumer testing, it is noteworthy
that admixed individuals or individuals from diverse populations different from the
original sourced in large GWAS might not benefit from such PRS-based tests and
may receive reports with reduced clinical validity [49].

3.5 Perspectives

A brief glimpse of the rapid development and improvements in genomic analysis
methods was presented in the previous sections. The consolidation of NGS as the
gold-standard sequencing method does not mean that all challenges imposed by
genomic complexity have been fully addressed. In this section, our intention is to
introduce selected methods under implementation that are likely to complement or
eventually replace the current protocols.

3.5.1 Cell-Free DNA

Cell-free DNA (cfDNA) refers to any degraded DNA fragment present in the circu-
lation and other biological fluids. They were first detected in 1948 and since then
many studies investigating their possible association with different diseases were
conducted. Currently, detection and analyses of cfDNA originated from tumors and
from the fetus in a pregnant woman are widely used. The rationale is to detect
somatic mutations from tumor and either chromosomal imbalances (such as aneu-
ploidies) or de novo mutations from the fetus (absent from mother and father).
Plasma cfDNA concentration is usually low, and DNA is very fragmented, so the
depth of coverage usually is aimed higher and paired comparisons are performed:
plasma from patient vs buffy coat (blood fraction containing mononucleated cells)
from the same patient, or plasma from mother vs buffy coat or saliva from
mother [50].

The investigation of cfDNA from tumors is known as liquid biopsy, a noninva-
sive procedure that allows routine clinical screening to detect resistance
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mechanisms to inform treatment, and to monitor the response to treatment and
residual disease. Besides, evaluating the use of liquid biopsy as a clinical tool for
early cancer detection is currently an active area of research.

Another widely application of this type of sample is to obtain cfDNA from the
fetus and screen for the most common aneuploidies through NGS sequencing. This
test, known as noninvasive prenatal testing (NIPT) or noninvasive prenatal screen-
ing (NIPS), has the advantage of being noninvasive, in contrast to invasive proce-
dures to obtain fetal DNA which brings risks to pregnancy, and of being more
accurate. The exam can be performed from the ninth week of gestation and although
it is highly accurate, it is important to keep in mind that the accuracy is not high
enough to be considered a diagnostic test. Although the focus is on detecting com-
mon aneuploidies, other important known SVs, particularly microdeletion syn-
dromes can be investigated. Besides, methods to investigate monogenic diseases are
currently being developed and validated [51].

3.5.2 Long-Read Sequencing

NGS-based methods use relatively short-reads that challenge the determination of
several types of genomic variation, such as SVs, pseudogenes, and highly similar
genes, highly repetitive regions (including disease-related repeat expansions), and
highly diverse haplotypes (such as HLA regions). Besides, short-reads complicate
inference of phasing information (for compound heterozygosity determination),
particularly for very rare variants and singletons. Some methodological improve-
ments address these issues by modifying NGS libraries preparation using mate-pair
(Illumina), linked-reads (10X), and Hi-C assays, that capture three-dimensional
chromatin conformation and provide evidence on structural interactions. However,
all-new technologies arose in the past decade to fill this gap, with continuous frag-
ments sequenced from few kb to megabases (named long-reads), directly obtained
from native DNA. We will briefly explore two main platforms for long-read sequenc-
ing, Pacific Biosciences (PacBio) and Oxford Nanopore Technologies (ONT) [52].

PacBio developed a protocol named SMRT sequencing (single-molecule, real-
time) which uses kilobase-long fragments (up to more than 100 kb) with adapters
connected to their ends forming hairpins (leaving the double-strand capped, able to
circularize in complementary single strands). This structure is then assembled with
DNA polymerase for loading into a SMRT Cell, a much reduced flow cell with a
nanophotonic surface containing zero-mode waveguides (ZMW), which works as
chamber reactions and photons. The incorporation of fluorescently labeled dNTPs
excites the dye and a camera sensor, which detects the incorporation in real time for
each ZMW. Fluorophore is removed before each light pulse to prevent spectral
interference. Each forward and reverse strands keep circulating for some rounds,
providing a measure of depth of coverage. Median read length in PacBio is around
10-60 kb and although read accuracy averages 90%, there are high fidelity
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protocols that reach over 99%, with a 10-30 Gb throughput per flow cell. In this
protocol, cost per Gb reaches about 86USD (over twice Illumina’s NovaSeq current
pricing).

ONT begins with a linear DNA fragmented in long stretches (from 1 kb to a few
megabases long) that are in double-strand form and are ligated to a sequence adapter
attachable to a motor protein. The flow cells are composed of membranes embedded
with thousands of engineered nanopores, with which motor proteins will interact
and unwind DNA into the pores, transiently disrupting the electric current of the
membrane. The current changes are base-pair specific and since the rate of translo-
cation is controlled, there is enough resolution for detection of individual base pairs
and homopolymers. Detection occurs in real-time and although there are larger plat-
forms for loading multiple flow cells, ONT became famous for providing the small-
est sequencer ever created to this day (MinION), with the size of a smartphone and
the ability to be transported. The ability to consistently sequence reads of dozens of
kb and ease of transport allowed MinION to become very popular among microbi-
ologists during field trips, and more recently, to sequence the entire viral genomes
of Zika and SARS-CoV-2, in many locations [53, 54]. With variable accuracy of
87-98% depending on the platform, ONT reads range from 10 to 200 kb (but reads
over 1 Mb were obtained and replicated), with outputs from 2 to 100Gb per flow cell
and costs approaching Illumina’s NovaSeq.

Several important accomplishments were already achieved by long-read sequenc-
ing, including the ability to distinguish modified bases such as methylation state of
cytosines, relevant in epigenomic studies (See Chap. 4). In addition to that, native
RNA sequencing has been reported with ONT and replicated and promises an inter-
esting future in identifying full-length transcript isoforms. Modification in RNA
bases (epitranscriptomics) is also being explored using ONT. Accuracy of long-read
sequencing is still behind as compared to NGS, but combining both methods have
demonstrated a significant gain in de novo genome assembly and confirmation of
structural variation. There are novel methods for target enrichment of DNA loci
using CRISPR-Cas9 that, in theory, improve accuracy of long-read sequencing by
increasing depth of coverage. Adoption of long-read sequencing may improve our
ability to detect, catalogue, and interpret haplotypes directly inferred from genomes
and transcriptomes.

3.5.3 Omics Integration

The studies on genetic variation are often descriptive, as providing evidence on the
consequences of this type of findings is challenging. While there is not a truly sys-
tematic strategy of defining functional consequences to molecules, cells, tissues,
organs, and clinical manifestations of all variants found in one individual, a group
of patients, or a population, there are orthogonal methods that help drawing a larger
picture.
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The ENCODE Project Consortium has the objective of deeply annotating DNA
elements of the genome by integrating research groups and methods to describe and
validate regions of the genome that interact with transcription factors, chromatin
structure, and methylation sites [15]. The Genotype-Tissue Expression (GTEX)
project, on the other hand, intended the creation of a resource on gene expression
and its regulation in dozens of human tissues, providing a full description of varia-
tion, expression conditions, and transcriptional outcomes [55]. More recently, the
Human Cell Atlas project was launched to integrate research groups involved in
cellular models, including genomics, transcriptomics, proteomics, and metabolo-
mics. Novel technologies such as single-cell transcriptomics, allows a deep descrip-
tion of cellular states under different conditions and mapping signatures involved in
pathology can give insight in gene function [56, 57].

In addition, large initiatives that intend to collect and follow up clinical data and
other traits in a population-level scale along with biological sampling, as an exam-
ple of the UK BioBank, are already contributing for our understanding of the asso-
ciation between genomic variability and outcomes. Combining data from hundreds
of thousands of individuals improves detection of small effect variants and poly-
genic profiles. Several biobanks also include other levels of biomedically relevant
experiments such as RNA-Seq, epigenomics, proteomics, and metabolomics, all of
which can be integrated using both agnostic approaches such as deep learning or
candidate-driven by piling up individual-level information (“thick-data”) [58].

In this chapter, we presented how genomic methods have constantly been evolv-
ing over the past decades, and with all the new technologies and the enormous popu-
lation samples being analyzed, we can expect that the coming years will continue to
bring significant advances to genomic science, ultimately making precision medi-
cine a reality in clinical routine.
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