
medizinische genetik 2021; 33(2): 133–145

Jana Marie Schwarz, Richard Lüpken, Dominik Seelow, and Birte Kehr*

Novel sequencing technologies and bioinformatic
tools for deciphering the non-coding genome
https://doi.org/10.1515/medgen-2021-2072
Received February 2, 2021; accepted June 24, 2021

Abstract: High-throughput sequencing techniques have
significantly increased themolecular diagnosis rate for pa-
tients with monogenic disorders. This is primarily due to a
substantially increased identification rate of diseasemuta-
tions in the coding sequence, primarily SNVs and indels.
Further progress is hampered by difficulties in the detec-
tion of structural variants and the interpretation of vari-
ants outside the coding sequence. In this review, we pro-
vide an overview about how novel sequencing techniques
and state-of-the-art algorithms can be used to discover
small and structural variants across the whole genome
and introduce bioinformatic tools for the prediction of
effects variants may have in the non-coding part of the
genome.
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Introduction
High-throughput sequencing techniqueshave radically in-
fluenced our ability to obtain genomic information. These
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technologies provide large-scale datasets from whole ex-
omes and whole genomes, resulting in a well-established
and validated process for identifying small variants. The
identification of larger, structural variants is improving
with recent developments of new sequencing technologies
and variant detection tools.

The standard steps of a sequencing and data analy-
sis workflow are illustrated in Figure 1. After sample col-
lection and DNA extraction, a sequencing library that will
be loaded onto a sequencing instrument is prepared. Mod-
ern sequencers produce vast numbers of short sequence
pieces, termed reads. Before variants can be detected in
the data, the reads need to be assigned to positions in a ref-
erence genome using a read alignment program. Variant
detection and genotyping algorithms can then search for
differences between the reads and the reference sequence.
Finally, the impact of the variants on a phenotype is in-
ferred through annotation and computational prediction
of variant effects. Though the overall workflow is similar
for whole exome and whole genome sequencing, the im-
plementation of the individual steps can differ substan-
tially depending on the chosen sequencing technology
and variant type of interest.

Read alignment is the single most time consuming
computational analysis step. Unless special hardware,
e. g., field-programmable gate arrays (FPGA), specifically
designed for the read alignment task is used [1], this step
takes hours for whole genome data. Each of themillions of
reads resulting from each genome needs to be compared
to the roughly 3 billion base pairs of the human reference
genome in order to find the sequence’s position of origin.
It is essential to allow for small differences between read
and reference in order to enable the alignment of reads
containing variants or sequencing errors. All widely used
alignment programs, e. g., BWA [2] for short read data and
Minimap2 [3] for long read data, create an index of the ref-
erence genome that is comparable to the index in a text-
book. The index allows a quick lookup of subsequences
from the reads to identify candidate positions in the refer-
ence genome, eliminating the need to go through the en-
tire reference genome for each read. These candidate posi-
tions are verified by a detailed read-to-reference compar-
ison limited only to the respective part of the reference.
Aligned reads are commonly stored in the binary align-
ment map (BAM) file format.
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Figure 1: Standard steps in a sequencing and data analysis workflow.

Accuracy and completeness of the alignment directly
influence the performance of the following variant call-
ing step. Variant calling includes variant detection and
genotyping. Computational tools for variant calling imple-

ment entirely different algorithms depending on the vari-
ant type of interest and the sequencing technology used
to generate the data. The calling of small variants, single-
nucleotide variants (SNVs), and insertions and deletions
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Table 1:Whole genome sequencing technologies.

Company Platform/protocol/
flow cell type

Read
length

Accuracy
rating

Throughput
per flow cell

Cost per
coverage

Investment
costs

SV
detection

Phasing

Illumina NovaSeq 6000 S4 + +++ 54–68Gb/h very low high + o
Illumina HiSeq X + +++ 22–25Gb/h low high + o
Illumina HiSeq 4000 + +++ 15–18Gb/h low medium + o
MGI DNBSEQ-G400 + +++ 13.1Gbp/h very low medium + o
MGI DNBSEQ-T7 + +++ 250Gbp/h very low high + o
Oxford Nanopore
Technologies

PromethIon +++ + 4.2Gb/h medium medium +++ +

Oxford Nanopore
Technologies

GridIon +++ + 0.7Gb/h high low +++ +

Oxford Nanopore
Technologies

MinIon +++ + 0.7Gb/h high very low +++ +

Pacific
Biosciences

Sequel II HiFi ++ +++ 1.5Gb/h very high high +++ +

Pacific
Biosciences

Sequel II Long read +++ + 6Gb/h high high ++ ++

10X Genomics Chromium Linked
Reads

+++ +++ N/A1 N/A2 medium ++ +++

MGI stLFR +++ +++ N/A1 low very low ++ +++
1Throughput of linked read protocols depends on the short read platform used.
210X Genomics discontinued the linked read protocol in 2020.

of up to 50 bp (indels) is typically performed together. Vari-
ants larger than 50 bp, the SVs, require more elaborate al-
gorithms. Most SV calling tools are specialized to recog-
nize a single SV type, e. g., copy number variants (CNVs)
or variants in a pre-defined size range.

Variant calling is followed by variant annotation and
interpretation. In general, variants are categorized based
on either their effect on the DNA sequence or their func-
tional effect on the gene product. The latter categorization
is often used for coding variants, since the impact on the
protein can often be directly deduced from the change of
the DNA sequence. Categorization of variants located out-
side of protein coding genes is not so trivial, because less
is known about these variants’ potential effects. Although
examples of human disorders caused by the disturbance
of non-coding regulatory elements have been identified,
these are still a minority in comparison to the entirety of
known disease mutations. This puts a challenge on cur-
rently available tools for variant interpretation.

This reviewprovides anoverviewof state-of-the-art es-
tablished and new whole genome sequencing technolo-
gies (Table 1), variant detection algorithms (Table 2), and
variant evaluation tools (Table 3).Wewill first recapitulate
whole genome sequencing technologies alongwith a sum-
mary of corresponding variant detection tools and then
discuss computational approaches for variant interpreta-
tion.

Detecting variation through whole
genome sequencing
Short read sequencing is the most established and widely
used technology for studying variation in whole genomes.
Additional technologies that can reveal variants in regions
of the genome that are inaccessible in short read data have
emerged. In this section we discuss variant detection ap-
proaches for short read, long read, and linked read se-
quencing data and provide a brief overview of more spe-
cialized protocols for studying whole genomes.

Short read whole genome sequencing
Short read sequencing generates sequence reads between
100 and 300bp in length at very low error rates (Figure 2B).
In preparation for sequencing, the input DNA is sheared
into fragments of about 300–600bp in length. When us-
ing Illumina sequencing platforms, the DNA fragments
are bridge amplified to form clonal clusters. When using
MGI sequencing platforms, the fragments are converted
into DNA nanoballs (DNBs). These processes allow the se-
quencing instruments to read afixednumber of base pairs,
e. g., 150 bp, from both ends of the DNA fragments. The re-
sulting sequences are output as read pairs, one read pair
per fragment. The process is massively parallelized allow-
ing the generation of up to 6 trillion base pairs (6 Tb) per
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Figure 2:Whole exome and whole genome sequence data types.

sequencing run (Table 1). In order to reliably identify het-
erozygous variants, a typical aim is a minimum of 30-fold
sequencing coverage of the genome. This translates to ap-
proximately 90 billion base pairs (90Gb) or 600 million
reads assuming a read length of 150 bp.

Short read data are well suited for detecting and geno-
typing SNVs and indels across the whole genome. Ap-
proaches that compare the read sequences to the linear ref-
erence genome, e. g., GATKHaplotypeCaller [4], arewidely
used. In contrast to small variants, SVs are often too large
to be spanned by a single short read. By looking for certain
data signatures, SVs can be indirectly detected in short
reads. CNVs result in changes in the number of read pairs
covering the deleted or duplicated part of the genome,
e. g., detected by CNVnator [5]. Breakpoints of any type of
SVare visible in the alignment as changes in the alignment
distance of the two reads in a pair, e. g., detected by Delly
[6] and PopDel [7], and as split reads, where the beginning
of a read aligns to a different region of the genome than
the end of the same read. A recent benchmark study [8]
assessed SV detection approaches for short read data and
demonstrated differences in their strengths.

The high accuracy of short read data allows for very
reliable genotyping of SNVs and indels. In addition, short
reads can reveal thousands of SVs per genome. Short read
data are, however, inherently limited in repetitive regions
of the genome. As SVs often occur in repetitive sequences,
e. g., as variable numbers of tandem repeats or flanked by
repeat sequences, this limitation clearly affects our abil-
ity to use short read data to detect SVs. We can overcome
this problem by using long read sequencing data. This ap-
proachdetects several timesmore SVs [9, 10] and identifies
small variants in genomic regions inaccessible with short
read data.

Long read whole genome sequencing
Modern long read technologies produce reads of approx-
imately 10–100 kb length from preferably unfragmented
DNA (Figure 2C). The Pacific Biosciences (PacBio) technol-
ogy relies on the synthesis of a complementaryDNAstrand
by a single polymerase enzyme emitting light when incor-
porating a nucleotide to the growing DNA strand [11]. The
sequencing instruments from Oxford Nanopore Technolo-
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gies pass a single-stranded DNA molecule through a pro-
tein pore and measure an ionic current corresponding to
the nucleotides residing in the pore at each moment [12].
Though these processes are massively parallelized, they
do not yet reach the throughput and low cost of short read
sequencing (Table 1). Despite enormous improvements in
accuracy, long read data still suffer from much higher er-
ror rates than short read data. To circumvent the lower
accuracy, Pacific Biosciences has launched a high-fidelity
(HiFi) sequencing protocol, which sequences the same
DNA fragments several times to allowcomputing a consen-
sus sequence, thereby averaging out many sequencing er-
rors. A limitation of PacBio sequencing is the high amount
of DNA required as input.

Though long reads are less suited to detect SNVs and
indels because of their low per base accuracy, the increas-
ing availability and dropping error rate of long read data
has led to the development of the first dedicated long read
SNV detection tools, e. g., Longshot. In contrast, the long
read length simplifies the identification of SVs, e. g., us-
ing SVIM [13], as a single long read often spans an entire
SV. Most notably in repetitive sequences, long read meth-
ods outperform short read methods when searching for
SVs. Because long reads frequently spanmultiple variants,
detected variants can be phased into the parental hap-
lotypes, e. g., using WhatsHap [14]. Despite these advan-
tages, the high cost and high error rate are still barriers to
a widespread use of long read sequencing.

Linked read whole genome sequencing

Linked reads combine some of the strengths of short
and long read sequencing by combining information from
longer DNAmolecules with high accuracy and lower costs
(Figure 2D). Technically, linked read sequencing is a spe-
cialized protocol for short read sequencing. Long DNA
molecules are isolated from a sample. During sequencing
library preparation, the long molecules are sheared into
shorter fragments in a process that ligates barcodes to all
fragments. All short fragments resulting from the same
original long DNAmolecule are labeled with the same bar-
code. The Chromium platform by 10X Genomics achieved
this by separating long molecules within oil droplets from
each other whereas the stLFR protocol marketed by MGI
uses microbeads and transposons for fragmentation and
barcoding. Finally, the barcoded fragments are sequenced
with standard short read sequencing technologies. The
barcode is sequenced as part of each read pair. Reads with
the same barcode typically originate either from the same
long molecule or from a small set of long molecules.

Linked reads are, at their core, short reads. Thismeans
that linked read sequencing achieves the same order of
throughput and high accuracy as short read sequencing
and the data are well suited for detecting small variants.
In addition, linked reads contain long range sequence in-
formation included in the barcode sequences. Barcodes
can resolve ambiguity in read alignment or can be used
to phase variants to parental haplotypes, e. g., using Lon-
gRanger [15]. The long range information is useful to re-
solve SVs, e. g., using NAIBR [16], and may even be used
for local assemblies. Some repeat elements inaccessible to
standard short read data, such as mobile elements, can
be resolved with linked reads. Still, many other repeats re-
main difficult to handle and may only be resolvable by ac-
tual long reads or further technological development. An
additional disadvantage is that bioinformatics tools to an-
alyze linked read data lag behind those for short and long
read data. This is why linked reads have not been widely
adopted despite their great potential.

Specialized whole genome protocols

A variety of additional technologies for analyzing whole
genomes are available. Optical genomemapping using the
Bionano Saphyr system, also called whole genome imag-
ing, can examine ultra-long DNA molecules of hundreds
of kilobases in length, though it does not read the full
sequence. The long DNA molecules are fluorescently la-
beled at specific 6-bp sequence motifs. In thousands of
nanochannels, the labeled molecules are linearized and
imaged, and the distances between motif occurrences are
detected. This generates a footprint of the sequence, al-
lowing reliable detection of large SVs. Though the aver-
age length of assayedmolecules surpasses that of long and
linked read sequencing technologies, the resolution is low
compared to that of sequencing,meaning that the technol-
ogy does not reveal small variants [17].

Single-cell DNA sequencing protocols provide data
from whole genomes of individual cells. This is widely
used in research on somatic variation in cancer genomes
and when studying cancer genome heterogeneity. Spe-
cialized single-cell protocols can reveal variation that is
otherwise hidden. For example, the Strand-Seq protocol
can detect inversions, including those that are flanked
by very long repeats. Prior to sequencing, one of the
two DNA strands is digested in each cell, resulting in
sequences from only one strand. The inverted sequence
becomes almost trivially visible in the alignment of the
reads to the reference genome.Major drawbacks of Strand-
Seq are that cell lines are needed as input material
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and that the library preparation is comparably sophisti-
cated.

Othermethods, suchasHi-C, ChiP-Seq, andATAC-Seq,
provide functional and sequence information across the
whole genome, yet play a less important role for variant
calling. These technologies are reviewed by Guo et al. (this
edition).

Variant interpretation
Significant progress has beenmade in predicting the dele-
teriousness of non-synonymous variants in the coding
genome, e. g., with Polyphen [18] or SIFT [19], over the
course of the last twodecades.MutationTaster [20]was the
first tool that allowed the analysis of non-coding variants,
though restricted to those within protein coding genes.
Current tools reach prediction accuracies of about 90%
in artificial benchmarking settings. Results improve sub-
stantially in regular usage when known polymorphisms
are excluded from the analysis. The chance of identify-
ing disease mutations is further improved by including
phenotype information through software such as Muta-
tionDistiller [21] because this limits the analysis to variants
located in promising candidate genes. Computer-based
analysis of facial dysmorphologies, e. g., with Face2Gene,1

may also help to highlight genomic regions of interest.
Other tools, e. g., VarFish [22], allow for family trio anal-
ysis, excluding additional variants and detecting de novo
mutations. In spite of recent progress, the diagnostic rates
for whole exome sequencing (WES) usually remain below
50% [23]. It is clear that the low hanging fruit of “easy-to-
solve” monogenic diseases has already been picked. The
remaining cases may be caused by SVs, which are noto-
riously hard to detect by WES, more subtle (deep) intronic
variants affecting splicing [24] (Krude et al. this edition), or
variants altering gene regulation. The latter are frequently
located outside of the coding sequence, often hundreds of
bases away from the gene they act on [25, 26]. Focusing the
search for disease mutations on the extragenic space has
enormous potential to reveal the molecular basis of cur-
rently undiagnosed genetic diseases. Yet less than 1% of
the disease mutations listed in the ClinVar database [27]
are located outside of protein coding genes (Krude et al.
this edition).

While whole genome sequencing can reveal such vari-
ants, it is challenging to evaluate their effect. The twomain
obstacles are the low number of known extragenic disease
mutations and the lack of knowledge about their pathome-

1 https://www.face2gene.com/ (FDNA Inc., Boston, MA, USA).

chanisms. Both are needed to develop automatic predic-
tion tools, which can assess the potential effects of non-
coding variants. Regardless of these limitations, several
tools have beendeveloped that take the current knowledge
into account, e. g., the Genomiser [28], CADD [29], or Regu-
lationSpotter [30] (Table 3). Different approaches can also
be combined as reflected by meta-tools, which merge the
results from other predictors, such as Ensembl VEP [31] or
SNPnexus [32].

The evaluation of all extragenic variants often begins
with annotation of their location. For each variant, infor-
mation is gathered whether it is located in a known reg-
ulatory region and whether this region is conserved dur-
ing evolution. Exploiting information about phylogenetic
conservation is a common and well-established method
used bymany tools (Table 3). The rationale is that strongly
conserved positions are of high functional importance and
disruption through variation in the DNA sequence is con-
sidered potentially pathogenic.

The next step after annotation is evaluation of func-
tional impact. Some tools use the chromatin state where
the variant is located to determine if a variant could in-
terfere with gene expression. Chromatin state data come
from public datasets on histone marks, transcription fac-
tor binding sites (TFBSs), DNase I hypersensitive sites
(DHS), and long range genomic interactions (topologi-
cally associating domain [TAD] boundaries) in different
cell types or tissues. Many data are generated and curated
by large consortia, such as BluePrint [33], ENCODE [34],
FANTOM5 [35], or Roadmap Epigenomics [36]. The idea
that a variant residing in a putative promoter region, as
indicated, e. g., by DNase I hypersensitivity, characteris-
tic histonemodifications, andTFBSs, impacts gene expres-
sion is appealing. Though the amount of available data is
increasing, our incomplete understanding of exactly how
small variants, such as SNVs and indels, affect gene regu-
lation hampers the identification of disease mutations at
present (see also Guo et al. this edition).

It has been shown, for example, that enhancers often
act redundantly with other enhancers serving as a backup
and even the deletion of a complete enhancer does not au-
tomatically have an impact on the expression of the reg-
ulated gene [37]. This makes it extremely difficult to pre-
dict if and how a more subtle deletion or exchange of a
single nucleotidewithin an enhancermight affect gene ex-
pression. The same applies to TFBSs, where it is often un-
clear whether or not a specific SNV has a profound effect
on transcription factor binding. In other words, there is
no simple correlation between binding score and binding
affinity. To complicate matters further, a reduced binding
affinity does not necessarily result in disease, as transcrip-

https://www.face2gene.com/
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tion levels may still be sufficient to ensure normal protein
amounts.

The lack of knowledge about molecular pathomecha-
nismsof small, putative regulatory variants ismirrored in a
lack of training data for developing prediction algorithms.
Different approaches have been developed to circumvent
this shortcoming. Instead of using the small number of
published “real” disease mutations in the non-coding
genome, the authors of CADD simulated a set of “proxy-
neutral” versus “proxy-deleterious” variants that were cat-
egorized based on whether or not they had been a target
of purifying selection. While the “proxy-neutral” variants
were real variants which persisted for millions of years
without being selected against, the “proxy-deleterious”
set consisted of artificial variants without selective pres-
sure. This also reduced the bias towards conservation in
the group of “proxy-deleterious” variants, which would
have been introduced by using known disease muta-
tions. Other authors, e. g., those of the Genomiser [28]
or StrVCTVRE [38], manually curated small, high-quality
datasets of known regulatory or structural variants for the
training of their tools. Due to the low number of newly dis-
covered extragenic disease mutations as prospective con-
trols, it is currently hard to say which approach will lead
to more robust results.

Though the size of SVs suggests that their effect on
gene expression is more straightforward to evaluate, this
is currently not the case. Predicting the effects of SVs dif-
fers from the evaluation of small variants in one central
aspect: SVs may completely delete one or multiple genes
or crucial parts of genes, or disturb TADs (Krude et al. this
edition, Guo et al. this edition). Apart from these dramatic
consequences, the following information, amongst others,
is relevant for andhas been implemented in available tools
(Table 3): (i) locations of transcription start sites and al-
ternative splice sites, (ii) differential gene expression, (iii)
epigenetic information about chromatin state as conferred
by DNA methylation and histone modifications, and (iv)
the presence of TFBSs. Because only a low number of dis-
ease causing SVs are known, a robust estimate of the pre-
dictive performance of the available tools is difficult.

In summary, current software can fairly reliably iden-
tify genomic regions likely to play a role in gene regulation.
Improving the prediction of the functional impact of the
DNA variants is subject of future research.

Current limitations and outlook
Two decades after the release of the human reference
genome in 2001 [39, 40] and the official completion of

the Human Genome Project in 2003, parts of the ge-
nomic sequence still remain unknown [41]. The latest
genome version GRCh38 lacks approximately 5% of the
sequence, mainly heterochromatic, highly repetitive re-
gions, which are hard to sequence and map. The interna-
tional “Telomere-to-Telomere” (T2T) consortium aims to
close this gap using new sequencing technologies, such
as ultra-long read nanopore whole genome sequencing.
As proof of principle, the complete sequence from telom-
ere to telomere of a human X chromosome was published
last year [42]. A preliminary version of a complete female
genome (46, XX), essentially lacking only the information
for encoded rRNA, is already freely available to the scien-
tific community.2 Another initiative, the “Genome InABot-
tle” (GIAB) consortium, strives to provide validated bench-
mark datasets and best-practice protocols for detection of
small and large variants [43, 44]. These are still limited to
certain regions of the genome.

Though these efforts shed light on the sequence it-
self, our understanding of how variation in the non-
coding sequence impacts function is very incomplete.
We are only just beginning to understand the role of
non-coding DNA and the interaction of DNA with its
environment, e. g., through histone modifications. High-
throughput techniques, such as ChIP-seq and its varia-
tions, and genome architecture studies (Guo et al. this edi-
tion) will lead to novel insights into the number and the
functional relevance of the non-coding parts. Other ap-
proaches using saturation or random mutagenesis of ge-
nomic elements, e. g., massively parallel reporter assays
(MPRAs) [45], or mutagenesis within short PCR fragments,
including TFBSs as performed in our research unit, will re-
veal the effects single-nucleotide variants or short indels
have on the function of these elements.

Still, since so many different players – DNA variants,
histonemodifications, distant enhancers, and cell-specific
proteomes, to name just a few – are involved in gene reg-
ulation, this field will remain challenging for the next
decades. Non-coding is non-trivial.
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