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Chapter 5 - Assembly and Data Quality

== The outputs of a sequencer are sequence reads, and each of its nucleotides
receives a quality score, indicating the error probability.

= Overlapping sequence reads can be assembled into contiguous stretches of
DNA called contigs, which can further on be ordered into scaffolds.

= Three main types of assembly strategies are in use, based on greedy
algorithms, overlap-layout-consensus approaches or k-mer graphs.

= Different strategies are used for genome, transcriptome and metagenome
assemblies, and all of them greatly benefit from the inclusion of long sequence reads.

5.1 Data Quality and Filtering

Sequence reads can be of either good or bad quality. To measure the error probability for a
given base in a given sequence read, quality scores have been developed already back in the
1990s for Sanger sequencing. Based on sequence chromatograms, error probabilities were
calculated for each position resulting in a quality score named Phred (Ewing and Green 1998).

QPhred == IOIOgIO(P) (5.1)

In this formula, P is the expected error probability for a given base call and Q,, .,
specifies the according, logarithmically linked Phred score (B Table 5.1). For example, a
base call having a probability of 1/1000 to be wrong receives a Phred score of 30. High
Phred scores correspond to low base-calling error probabilities, whereas low scores indi-
cate higher ones. Phred quality values are always rounded to the nearest integer. Phred
scores can handily be used to estimate the number of expected errors in sequence projects.
Let us assume we sequenced a 70 Kb insert of a BAC clone with an average Phred score of
32 for every base. Given the formula above, this translates to an error probability of
0.00063, and one would have to expect ~44 wrongly called bases in this sequence.

Phred qualities are predicted without reference to a «true» sequence, but they were
shown to correspond well with observed error rates. Moreover, it has been demonstrated
that Phred scores have a high sensitivity to discriminate between correct and incorrect
base calls. Due to their usefulness, these scores have been incorporated into Sanger
sequencing machine analysis software early on. As such, Phred scores were routinely used
to make decision regarding double peaks in the chromatogram or for trimming the ends
of sequences to get rid of low-quality regions.

O Table 5.1 Phred score and error probabilities

Phred score Probability of incorrect base calls Accuracy of base calling (%)
10 1in10 90
20 1in 100 929
30 1in 1000 0819
40 1in 10000 99,99

50 1in 100000 99,999
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Next-generation sequencing (NGS) techniques like Illumina, 454 or PacBio usually
produce sequence reads with much higher error rates than Sanger sequencing. For each of
these sequencing techniques, separate quality scores to assess sequencing reads were intro-
duced. Unfortunately, the first quality scores introduced for Illumina (then called Solexa)
sequencing were different from the established Phred scores and calculated as follows:

QSolexa: - ]'OIOglO(p/l _p) (5.2)

Using a rearrangement of this formula and an equation of the estimated error, it is possible
to transform Qg . . values into Phred values:

QPhred= _ 1010g10(10QSolexa/10+ 1) (5.3)

In 2009, Ilumina also introduced the commonly used Phred score system as quality
scores, which is also used for 454 and Ion Torrent. A Phred mimicking quality score is
available for PacBio (Hackl et al. 2014). The usual format to store this quality information
is the fastq format (Cock et al. 2010). Nanopore sequencing data using the MinION does
not follow Phred scores (Laver et al. 2015).

Sequence reads in the fastq format are organized in four lines (B Fig. 5.1). The first line
always starts with an @ and contains information regarding the sequencing description
and a unique identification. The second line contains the raw sequence. Usually the third
line only contains the «+» sign or the «+» sign and a repetition of the sequence identifica-
tion. The fourth line contains the quality values and must contain the same number of
characters as the sequence line. As Phred scores are often values higher than 10 (and there-
fore needing two characters for description), they are encoded using the ASCII code,
which comprises 128 specified characters including alphabetic letters, numbers and sym-
bols. Each of these characters specifies one integer of the Phred score. To make things
complicated, different ranges of values had been historically used for Sanger and some

BSRR1224604. 267798 287798 lengthe132

AACTAGTC TTCCTTTGAAGTCAAC AGAAL TAACCAGTC AAAATG TGO GAC GAAGATGTAGC AGE TCTTGTAGTAGAAGGGEAAC AL GO ACGGEGGGC ATCATCOCC AGCGAACCCAGC TTGC ACATACCGGATCCATTGTC TACTACAAG
+

TARAAT BB T B0 BACFDBCF AEESHDEBROSEC »EC TEF BOCAGEDTEDOGEAE BEDTF D=liF T<>BACAC >} B 7 BEEAR ~ARECH ™ FTETEO TR« =B rms = L <=} B8
@SRR1224604. 287799 287799 length=152

GGAC TACGTTGTGAGGATC AC TG TCGCAAL AGAGAAGGC GAAAGE TATCC AL TAATGTCGGATATCATE TCAGTAAL GAGTC ACAC GC AC AACC TTC ACCAGGE TEOGTGL TEATGGAGGC ATTGATGGTTTGAATAL TGAGATGATATCC

<u BT ARSC 8 B0ADANBDAAR =R uBi Pu? G Be; B-BTACCTEToC A; SHEBDR-EABROC Al T Amalia T, >Ta; PaTB <<; 957
@SRR1224604. 287800 287800 length=152

A GTOCTTTCGTRCAC TGO TACGTC TCTCCGAGLL T TCCCTCAAM GLAGTCGACACCOACC TCCTCLTAATCCTTC TCGAGGGLAGL CAGATCC TCAL GAGLC TCGGAGAN
+

>0 <AR>ARDT ABA<OAL »BAGF AADADABEC 8 OC DE=AAEE *AD<288="8C "8 728 »BE | ; =<691:73 1A AT m L m P AR B 9 §1TT
BSRR1224604, 267601 267801 lengthel52

T A A AT G T GG T AT T AT G L GAC A AT T TG T A TC A A T T AT T AT TGC GAT T TE T CAC GGG AGA TG TGGATGATGC AGAC CCAGLGC TTGTTGATGL GL TG TG GLAGA

+
BACCCCEE0TELBBLEFLL TRABDCAARC EEC BCFOLDF BCOTDRTGE TCCBCCARDCOCCDITF TCAD; «; o =082 BATOT > AABDRAAT A TA=> TE T TRA=RE=> T TE=ATEo Am] AT <] Tme > P 1 ==TT86; 8793
BSRR1224604, 267602 287802 Tength=1352

GGAAGGTTCATTCAAAATAAAAAC AGAGTC AL TTCGATGAGGAATTC TCAMC ATAAGGTACC TAAGE TGGTAGGAAC AAATTTGCACACCAATTGOGTGET AGAAAC TGTTCC TACCAGE TTAGGTACC TTATGTTGAGAATTCC TCATCGA
+

wen?BPRE ALDF TR OE OHBEEFC GC DOC BC ABC AEECC OFCOOEATABE DACCC7BASEBRCC I8 AL DAAB< | | w2 A0C BR=C B =BC BRFCR CR ¢ TBR>TTT Tl < lem@
@sRR1224604. 267803 287803 length=132

GACATAGTCAGACGTGTTAATGAATTC TATCC AAGTCATCCCAGTATGGL AGAAC GOGAAAAGTAC AC TTC TGAAC GTGTGL TGLCACATTAC TTGTATTGTTCATTGGT TCAGAAGTGTAC TTTTCCCGTTC TGCCATAC TGEGATGACTT
+

T5R09970; 2875 0; Bral BDT <0 TaTTTA mA] BTSABAL | ~DeaBs] caBaBl: =1GIR! 1B1TT =2 T00; <Mhamic ! AnTEE <A} DATBE: 1BTaBcT) 001005 Teral0] BEO 167! B =aT ) =>T 36 14487
BSRR1224604. 287R04 287804 Tengthel152

TTCCAGTGGTCC TTATATC ARATTTTATGAC ACC TTCAAGTGGTC TETGAL ACC TTGC AGTGAC TTTTTTGACACCCC TAGAC TTC TGE AAGGTGTE AAAAAAGTC AC TGE AMGGTG T AC AGACCAC TTGAAGGTETC ATARAATTTGATA
TATT > AMMOBEDDCE? TEDHDIEF CCACFC ACCOR BDECACK AFE 7 D>BCCF ADFBCDACH 17700 70CEEEE? DEOAE TBCHTCBCAF =ADTCOC0 70 A= 7B P ol cAmAB S ACBDm e 1
@SRR1224604, 287605 287805 length=132

CETECAGATATOE A MGG TGGAGE TRGAATAATEE TEETTCAGAT T TGAL GRAC AAGE GATETC AM TACATEATGTACATCC AGATTATGAL TTECE TRAC TTTRACGTTRICGTRE TREATC TTTC TAC TCCGROCACCATE AATEATE

1"#5%&"()*+,-./0123456789:;<=>?@ABCDEFGHIJKLMNOPQRSTUVWXYZ[\]*_'abcdefghijkimnopqrstuvwiyz{|}~
Low quality High quality

B Fig. 5.1 Example of the fastq format. a Sequence reads are organized in four lines. The first line
indicates a name, the second line comprises the sequence data, the third line only contains a + plus
(sometimes also the name again), and the fourth line bears the Phred quality information coded in ASCII.
b ASCIl code encoding Phred scores ordered from low to high scores
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Mlumina fastq formats, which has to be taken into account when analyzing this quality
data. For Sanger and starting with Illumina 1.8 (and recent versions), the ASCII characters
33-126 are used, indicating a range of the Phred quality score from 0 to 93. In contrast, for
some Illumina versions (1.3 to 1.8) the ASCII characters 64-126 are used, indicating a
Phred quality score range from 0 to 62. Obviously, using the wrong ASCII translation
might result in the strong over- or underestimation of error rates.

Base calling can be conducted using various methods. Moreover, different sequencing
strategies are prone to different error types. As such, 454 and nanopore sequencing often
produce errors due to the misspecification of the number of bases in homopolymers.
PacBio sequences seem to be especially prone to contain chimeras (Hackl et al. 2014). In
contrast, for Illumina sequence data, it might be difficult to distinguish between A and C
and G and T, as both pairs of bases show similar emission spectra. Another problem for
Illumina sequencing is generated due to a phenomenon called phasing. In this case, the
incomplete removal of the 3’-blocking and fluorophore leads to the detection of the wrong
signal during the next cycle (Kircher et al. 2011). Moreover, inverted repeats seem to be a
problem caused by PCR amplification of single-stranded DNA during library preparation
(Nakamura et al. 2011). All these error sources have to be taken into account by base-
calling programs. Several programs exist besides software distributed with the analysis
pipeline of the Illumina machines, like IBIS and FREEIBIS (Kircher et al. 2009; Renaud
et al. 2013). For MinION nanopore sequencing, NANOCALL is a freely available open
source base caller (David et al. 2017).

After base calling, a first quality filtering of the sequence data is usually conducted. In
this step, adapter sequences and barcodes (or index primer regions) are removed. In the
next step, it is recommended to remove low-quality regions or discard such reads com-
pletely. For Illumina reads, often an exponential increase in error probabilities from the
5’- to 3’-end is observed. The stringency of the filter procedure is chosen by the user and
different parameters might be exploited as part of the analysis. For example, using filtering
sequence reads which contain more than 5% of bases under a specified quality score (e.g.
Phred 20) could be removed. As also known for Sanger sequences, the 5’- and 3’-ends of
reads often show lower quality than the rest of the sequence read and might be completely
discarded. This process is called trimming. Initial rigorous quality checks of sequence reads
clearly increase the quality and minimize the number of artefacts of subsequent analysis
steps, as assembly or mapping. Several programs are available to visualize the distribution
of error probabilities across reads, as, for example, the freely available software fastqc report
(» http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). TRIMMOMATIC is a
widely used software for Illumina read trimming (Bolger et al. 2014), a package of perl
scripts called CONDETRI is another easy to use for trimming and read filtering tools
(Smeds and Kunstner 2011), and error correction can be conducted with the program
QUAKE (Kelley et al. 2010). As long reads from PacBio or nanopore sequencing are often
more error prone, they can be corrected in a hybrid approach using Illumina short reads
(Salmela and Rivals 2014; Koren et al. 2012; Goodwin et al. 2015).

5.2 Assembly Strategies

Usually two different main strategies analyzing sequence reads are employed: assembly
and mapping. Mapping describes a procedure to align sequence reads or assembled con-
tigs on a given reference sequence. This reference might be a genome or transcriptome of


http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
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O Fig.5.2 Important terms for

understanding sequence AGCTGTAA
assembly methods. Reads are Gggggﬁ\‘g]’;‘c
assembled into contigs, which GTAAGACTG
can be ordered into scaffolds. The GACTGTCGT
h th ber of TGTCGTATG GTATGTCTG
coverage shows the number o TCGTATGTA ATGTCTGTC reads
reads covering a certain position GTATGTAGT TGTCTGTCG
in the contig TATGTAGTA TCTGTCGAG

AGCTGTAAGACTGTCGTATGTAGTA| |GTATGTCTGTCGAG| contigs
AGCTGTAAGACTGTCGTATGTAGTANNNGTATGTCTGTCGAG| scaffold
123344444433333454443322100011233444433211 coverage

the target species or from closely related species. As this strategy is basically an applica-
tion of alignment methods, it will be introduced in the corresponding chapter. Assembly
refers to the procedure of generating longer, continuous stretches of sequences by using
combinations of shorter sequence reads (Miller et al. 2010). Some basic terms are impor-
tant to know before digging deeper into how different assembly strategies and methods
work (B Fig. 5.2).

An assembly is a set of contigs computed from sequence reads. A sequence derived
from assembling several sequence reads is called contig. Some methods further work with
unitigs, which are basically high-confidence contigs (Myers et al. 2000). Evolutionary
studies based on NGS data usually work with contigs, and it is important to remember
that these do not refer to observations derived from a sequencing technique but are prod-
ucts of the ongoing analysis. Using different assembly strategies, different assembling
parameters or even different quality procedures as described above may lead to different
contigs. In the ideal case for whole-genome shotgun data, a single contig refers to a single
chromosome, which might already constitute the complete genome in case of bacteria or
organelle genomes. However, usually more and smaller contigs compared with the num-
ber of sequenced chromosomes are the result of the assembly. By using additional infor-
mation (e.g. positional information from paired-end or mate pair reads), these contigs can
be ordered into scaffolds, which further resolve the orientation of contigs to each other. In
scaffolds, nonoverlapping stretches between contigs are marked by stretches of N’s
(unspecified bases). As part of the analysis, sequence reads can be mapped onto contigs.
How often a given sequence position is covered by sequence reads is called coverage. A
coverage of 10x means that any sequence position of an assembly is covered on average by
ten sequencing reads. Before starting a sequencing project, it is useful to estimate the
genome size of the target organism. For example, in case of the genome size of humans (~3
Gb), a single lane of paired-end sequencing (100 cycles) by the Illumina HiSeq sequencer
would already produce an expected data volume of ~60 Gb, corresponding with a theo-
retical coverage of 20x (note that the practical coverage will be considerably lower). An
oversampling of the genome in terms of coverage is important to have overlapping reads
for assembly.

Assemblies are often compared with solving puzzles, and in case of de novo assem-
blies, even the desired picture is unknown. If a genome of the target species or from a
closely related species is already available, it can be used to guide the assembly. Three main
types of assembly methods are currently in use: greedy, overlap-layout-consensus meth-
ods and k-mer assemblies (Miller et al. 2010). Numerous assemblers are available for all
these methods (B Table 5.2).
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B Table 5.2 Overview of some current widely used sequence assemblers

Program
name

ABruijn

AbySS

ALLPATHS

ARACHNE

Canu

CAP3

Celera

CLC

Edena
Euler

FALCON

MEGAHIT

Minia

Miniasm

MIRA

Newbler

Citation/source

Lin et al. (2016)

Simpson et al. (2009)
Robertson et al. (2010)

MacCallum et al. (2009)

Batzoglou et al. (2002)

Koren et al. (2016)

Huang and Madan (1999)

Myers et al. (2000)

> https://www.qiagenbio
informatics.com/products/
clc-genomics-workbench/

Hernandez et al. (2008)
Pevzner et al. (2001)

> https://github.com/Pacific

Biosciences/FALCON-integrate

Liet al. (2016)

Chikhi and Medvedev (2014)

Li (2016)

Chevreux et al. (2004)

Distributed with 454 (Roche)
sequencing platforms

Strategy

k-mer

k-mer

k-mer

OLC
OLC

greedy
OLC

k-mer

OLC
k-mer

OLC

k-mer

k-mer

OLC

hybrid

OLC

Remarks

Long-read assembly for
PacBio and nanopore data

Versions for genome and
transcriptomes available

Hybrid assemblies using
short and long reads

Whole-genome assembly

Long-read assembly for
PacBio and nanopore data

Useful for Sanger data

Strictly a variant of OLC
using so-called string
graphs. Used to assemble
the genomes of Drosophila
melanogaster and humans

Commercial software
package for genomic
applications. Easy to use
and memory efficient

Fast and memory efficient
First k-mer assembler

Long-read assembly of
PacBio data

Fast and memory-efficient
metagenome assembler

Memory efficient, usable in
low memory environments

Ultrafast long-read
assembly for PacBio and
nanopore data

Swiss army knife of
sequence assembly, useful
for combining different
technologies

Standard for 454 data


https://www.qiagenbioinformatics.com/products/clc-genomics-workbench/
https://www.qiagenbioinformatics.com/products/clc-genomics-workbench/
https://www.qiagenbioinformatics.com/products/clc-genomics-workbench/
https://github.com/PacificBiosciences/FALCON-integrate
https://github.com/PacificBiosciences/FALCON-integrate
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O Table 5.2

Program
name

IDBA

Oases

PHRAP

SOAPdenovo

SPAdes

TruSPAdes

Trinity

Velvet

(continued)

Citation/source

Peng et al. (2010)
Peng et al. (2011)
Peng et al. (2013)

Schulz et al. (2012)

» http://www.phrap.org/

Luo et al. (2012)

Bankevich et al. (2012)

Bankevich and Pevzner (2016)

Grabherr et al. (2011)

Zerbino and Birney (2008)

5.2.1 Greedy Assemblies

Strategy

k-mer

k-mer

greedy

k-mer

k-mer, hybrid

k-mer

k-mer

k-mer

87

Remarks

Iterative k-mer size,
versions for genomes,
transcriptomes and
metagenomes

De novo transcriptome
assembly, splice variants

Useful for Sanger data

Assembly of the first
eukaryotic genome solely
based on short reads,
different modules

Assembler for bacterial
genomes, hybrid module
to include PacBio reads

Assembler for synthetic
long reads (e.g. TruSeq, 10x
Genomics)

De novo transcriptome
assembler, splice variant
detection

For genomes, included in
some transcriptome
assemblers

Assemblers using the greedy algorithm represent the most simple and intuitive approaches.
In this case, sequence reads are iteratively joined to build contigs, starting with those
showing the highest score for an overlap. These scores measure the amount of matching
bases and the length of the overlap region, and parameters can usually be defined by the
user. The operation of joining reads and/or contigs is repeated using the same rules till no
more steps are possible. The term greedy refers to the fact that due to the search for best

overlaps, only local optimal solutions are analysed, which leads to a result comparatively

fast. However, the best overall (global) assembly might be missed using this strategy. An
assembly of sequences from PCR experiments consisting of several overlapping fragments
were usually constructed with this method, as implemented in widely distributed soft-
ware, e.g. CAP3 (Huang and Madan 1999).


http://www.phrap.org/
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5.2.2 Overlap-Layout-Consensus (OLC) Assemblies

The OLC assembly can be divided into three steps. In the first step, pairwise alignments of
all sequence reads are conducted, where overlaps for each pair of sequence reads are ana-
lysed. This overlap might be perfect (a match of corresponding nucleotides in every over-
lapping position) or contains few mismatches. However, only overlaps of ends of
sequencing reads are allowed (B Fig. 5.3).

The information of overlapping reads is stored in graphs, so-called overlap graphs
(B Fig. 5.4). Mathematical graphs are of central importance of many genomic methods
and will appear in several chapters of this book. In the case of overlap graphs, the nodes in
the graph represent sequence reads, whereas the branches (or alternatively called edges)
indicate which reads are connected by an overlap (8 Fig. 5.4b). Due to the fact that edges
should only be traversed in one direction (as indicated by arrows), the result is a direc-
tional graph. The number of subgraphs produced in this step will correspond to the num-
ber of contigs which are resolved.

The second step is the layout. During this step, the relative position of sequence reads
(nodes) of every overlap graph is determined and arranged accordingly into an alignment.
This is conducted by searching for a mathematical path describing a way to go over every

B Fig. 5.3 Overlap of sequence
reads. a Only overlaps of ends of
sequence reads will be included

in the subsequent graph. The a
minimum number of overlapping AGCTGTAAGACTGTC
nucleotides has to be specified by AGACTGICGTGTCTCCT
the user and mismatches might b
be allowed. b When overlapping AGCTGTAAGACTGTC
regions are in the middle of one AACAGACTGTCGTGTCTGCT
of the sequences, they will not be
used in subsequent analysis
B Fig.5.4 Overlap-layout-
consensus. a Sequence reads for a
assembly. b Overlap graph. c Sequence reads:
Alignment of reads after layout CGTACGTT
tep, in which a Hamiltonian path ACCCT

step, in which a Hamiltonian pa TAAACTG
was searched for in the overlap GTTAA
graph. The consensus sequence is ACGTTA
the resulting contig b

ACCGT)—CGT > (GTTAA)— TR, (TAAACTG

< &
S & % 8
ACGTT,
CGTACGTT ) ——— > (ACGTTA
c
ACCGT
Sequence CGTACGTT
ACGTTA
e GTTAA

TAAACTG
Consensus: ACCGTACGTTAAACTG
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node exactly once, the Hamiltonian path (» see also Infobox 5.1). In the last step, the
resulting alignments are used to determine consensus sequences which represent contigs
(B Fig. 5.4c). Coverage information can be used to correct base calling or sequencing
errors. For example, in case of resolving a certain nucleotide for a given position in a con-
tig, the alternative supported by most of the reads covering this position is chosen. For
example, when for a certain sequence position with a 10x coverage eight times an A is
read, but only two times a C, then A will be chosen.

Infobox 5.1 ]

The Century-Old Origin of Short-Read Genome Assembly Algorithms

Solutio problematis ad geometriam situs pertinentis was the name of an article by the Swiss
mathematician and physicist Leonhard Euler (1707-1783) which described a solution for the
so-called Bridges of Konigsberg problem presented to the St. Petersburg Academy in 1735. This
ground-breaking work not only solved an old mathematical problem but also was one of the first
contributions to graph theory, including an idea that is now part of k-mer assembly strategies. The
former Eastern Prussian and now Russian city of Kdnigsberg (Kaliningrad) is located at the opposing
sites of the river Pregel, as well as on two river islands. The four parts of Konigsberg were joined by
seven bridges. The «Bridges of Konigsberg problem» asked the question if it would be possible two
visit all four parts of the city by crossing every bridge exactly once, while returning to the starting
point. Euler’s brilliant idea to solve this problem was to represent each part of the city as a node
and each bridge of the city as an edge and to connect them appropriately within a graph. Euler
described a method that finds a path traversing the graph while visiting each edge exactly once,
and this path is still known as the Euler path. Unfortunately, there is no way to cross the seven
bridges of Kénigsberg exactly once and visiting all parts of the city.

Another important mathematical path is named after William R. Hamilton (1805-1865), an Irish
mathematician and physicist. The Hamiltonian path visits each node of a graph exactly once. A
graph that contains a Hamiltonian path that forms a cycle is called Hamiltonian cycle. Hamilton
used such cycles to invent the icosian game. The aim of this game is to find a Hamiltonian path
along the edges of a dodecahedron, a geometrical figure which might also be described as a cube
with 12 flat faces (8 Fig. 5.5).

B Fig. 5.5 Hamiltonian
Path through a
Dodecahedron by
Christoph Sommer - Own
work. Licensed under
Creative Commons
Attribution-Share Alike 3.0
via Wikimedia Commons
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true genome sequence:
AAGACTGTCGTATGTATATATACCAAGGTTCCTATATATATGTCTGTCGAGCGTC
AAGACTGTCGTATGTATATATA read_1

TATATATATGTCTGTCGAGCGTC read 2
AAGACTGTCGTATGTATATATATGTCTGTCGAGCGTC assembly

B Fig.5.6 Example of a wrong assembly of a repetitive region. The repeat motive is given in red, a
stretch of the true sequence which is missing in the resulting assembly is given in blue

OLC assemblers were originally developed for the analysis of Sanger sequence data.
Accordingly, they are well suited when analysing moderate amounts of larger sequence reads
(>500). The first sequenced animal and plant genomes were assembled with methods based
on this strategy (Myers et al. 2000). A widely used assembler for 454 data, a sequencing tech-
nique which usually generates longer but less reads than Illumina sequencing, is NEWBLER
(B Table 5.2). In this software, two subsequent OLC steps are performed. In the first step,
so-called unitigs are generated by the process described above. Unitigs are high-confidence
contigs composed of reads which do not bear overlap with reads in any other unitig. In the
second step, unitigs are joined into longer contigs based on pairwise overlap between unitigs.

However, some problems remain with OLC methods. Firstly, finding the Hamiltonian
path is a mathematically NP-hard problem. Nondeterministically, polynomial-time hard
problems are those which are not efficiently solvable by algorithms. This basically means
that computers are and will always be too slow to calculate this kind of mathematical
paths. As always in these cases, heuristic solutions are used in hope to find the best path
for the problem. Secondly, the first step of finding overlaps by pairwise alignments
becomes too time and memory intensive with NGS data. Originally developed for hun-
dreds to rarely up to millions of longer sequence reads of very high quality, OLC becomes
problematic to unusable when dealing with millions to billions of short reads of often
lower quality. Moreover, usage of OLC methods can be problematic to resolve long repeti-
tive regions and may produce misassemblies in this case (8 Fig. 5.6).

To avoid these problems, low-complexity regions (e.g. long stretches of a single nucle-
otide) and repetitive regions are often masked and discarded before assembly. Alternatively,
an error correction step can be performed before starting the assembly. However, the
availability of long-read sequences (e.g. from PacBio and nanopore sequencing) revived
the OLC approach, and many assemblers dealing with this kind of data have been recently
published (see @ Table 5.2).

5.2.3 K-mer Assemblies Using de Bruijn Graphs

Assemblies using de Bruijn graphs based on k-mers are composed of two steps: In the first
step, the sequence reads are fragmented into smaller pieces called k-mers, which are used
to construct a de Bruijn graph. In the second step, the contigs are derived from the de
Bruijn graph (Schatz et al. 2010).

Every sequence, reads from a sequencer as well as complete genomes downloaded
from GenBank, can be fragmented into k-mers. The k in k-mers denotes the size of the
fragment, and after choosing this, the sequence is fragmented in all possible k-1 overlap-
ping fragments of this size (8 Fig. 5.7).
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O Fig. 5.7 Anexample
sequence and all its k-mers of sequence AGCTGTAAGACTGTC
the size 7 read
AGCTGTA
GCTGTAA
CTGTAAG
TGTAAGA
k-mers GTAAGAC
k=7 TAAGACT
AAGACTG
AGACTGT
GACTGTC

(acereTa )»( GCTGTAA )»( CTGTAAG ) »—( TGTAAGA )»( GTAAGAC )—l

|->( TAAGACT ) (( AAGACTG )» (( AGACTGT )»(_ GACTGTC )

O Fig. 5.8 De Bruijn graph of k-mers from @ Fig. 5.7

Surprisingly, the most common method to deal with de novo assemblies of short-read
data is to fragment these short reads into even smaller pieces. The resulting k-mers are then
connected via a de Bruijn graph. In the case of assemblies, the de Bruijn graph is a graph
where the nodes represent sequences (k-mers) which are connected by edges in case they
show a k-1 overlap. Arrows are used to indicate the direction of the overlap from the k-mer
where the last k-1 nucleotides overlap to the k-mer with the first k-1 nucleotides (B Fig. 5.8).

To reconstruct contigs, the de Bruijn graph has to be traversed by finding a Euler path
(» see also Infobox 5.1). The Euler path goes exactly once over every edge of the graph.
Reconstructing the contig derived from perfect k-mers of a single short sequence is a simple
problem. However, real genomic data is usually more complex, including repetitive regions.
Further on, real sequencing data usually contains errors. Both errors and repeat regions lead
to more complex de Bruijn graphs which are much more difficult to resolve. The presence of
repeats can introduce loops into the graph as illustrated by a simple example (B Fig. 5.9).

Likewise, sequencing errors lead to more complex graphs. Errors in the middle of a
sequence can lead to bubbles in the graph, whereas errors at the end of sequences may
introduce dead ends (tips) into the graph (8 Fig. 5.10).

Both repeats and number of errors introduced are directly influenced by the chosen
k-mer value. Unfortunately, this choice represents a trade-oft (Chikhi and Medvedev
2014). Larger number of k reduces the number of repeats which can tangle the graph and
break up contigs. Obviously, a repetitive region or sequence motive which is longer than
the chosen k cannot be resolved. This would argue for choosing the highest possible value
for k, which is limited by the length of the sequence reads. However, with longer k-mers,
the probability that these k-mers contain sequencing errors increases. For example, given
an error in the middle of a 100 bp sequencing read and a chosen k-mer size of 25, up to 25
erroneous k-mers are included into the analysis. When choosing a k-mer size of 13 for the
same data, only up tol3 erroneous k-mers are created. The choice of k also directly influ-
ences the size of the de Bruijn graph, as lower k-mer values decrease the number of edges
stored in the graph which at the same time reduces the amount of memory needed to store
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sequence AGCTGTACAGCTGTA

read AGCTGTA
GCTGTAC
CTGTACA
TGTACAG

k-mers GTACAGC

k=7 TACAGCT

ACAGCTG
CAGCTGT
AGCTGTA

(2GcTGTA )»~( GCTGTAC )»(CTGTACA )»(TGTACAG )»( GTACAGC )—l

L( TACAGCT )>»(_ ACAGCTG)-»(CAGCTGT)—l

O Fig. 5.9 Repetitive sequences can lead to loops in a de Bruijn graph. The repetitive motive is
indicated in red
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O Fig.5.10 Sequence errors and repeats lead to more complex k-mer graphs. Nodes representing
k-mers are indicated by red boxes. a Errors at the end of sequence introduce dead ends into the graph b.
Errors in the middle of sequences introduce bubbles into the graph. c Repeat sequences lead to a
pattern of convergent and divergent paths (After Miller et al. (2010))
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B Fig.5.11 Typical k-mer distribution for genomic data originating from one individual/species. The
coverage of k-mers is plotted against its frequency (density). Low-coverage k-mers likely represent
sequencing errors (Reprinted from Kelley et al. (2010))

this information. For this reason, several k-mer-based assemblers have an upper limit for
k, as otherwise the computation becomes too memory intensive. On the other hand, larger
k-mers are more informative and the numbers of nodes in the graph which can be tra-
versed are decreased, making it easier finding paths through it. Consequently, the first step
of any k-mer assembly is the careful choice for k. The number of k-mers generated per
read can be estimated by a simple formula.

Formula5.4:N, =L k+1

ers  read

In this formula, Ny refers to the calculated number of k-mers per read, with the read
length defined by L __,. However, when counting k-mers for subsequent assemblies, only
unique k-mers are stored together with the information how often they occurred. This can
be done for a range of different k-values. Usually only uneven integers are used for k, as in
case of even-numbered k-mers the occurrence of palindromic sequences can introduce
further complexity into the graph, leading to shorter contigs. Plotting the coverage of
k-mers against its frequency (8 Fig. 5.11) can be used to choose the optimal k-mer value
for assembly. These plots are generated for many k-mers sizes, and the one leading to the
highest number of distinct non-erroneous k-mers is chosen (Chikhi and Medvedev 2014).
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Moreover, k-mer counting is used for error correction before assembly and can be used to
detect repeated sequences, e.g. transposons (Margais and Kingsford 2011).

K-mer frequencies can further be used to get a rough estimate of the genome size. A
first step is to plot the k-mer coverage against the frequency as indicated in @ Fig. 5.11.
Such outputs can be quite easily generated, for example, with the software JELLYFISH
(Margais and Kingsford 2011). The histograms can be used to distinguish between errone-
ous k-mers and potentially true k-mers (B Fig. 5.11). The peak of the true k-mer distribu-
tion gives an estimate of the coverage of the genome (~40x in the example in B Fig. 5.11).
In the last step, the total number of true k-mers is divided by the coverage estimate to get
an estimate of the total genome size. However, this number can be a huge underestimation
if the genome bears a high percentage of repeat regions.

Several approaches can be used to choose the best k-value. An obvious way would be
to generate assemblies for every possible k and choose the best after comparison of the
assemblies. However, assemblies are usually very memory-intensive computations, and
especially in case of large k’s, this way is not suitable. An intuitive (and heuristic) way to
choose the best k is to generate abundance histograms (as shown in @ Fig. 5.11) for many
values of k and to choose the value which generates the highest number non-erroneous
k-mers (Chikhi and Medvedev 2014). A different approach is used by the IDBA assembler,
which uses an iterative k-mer optimization, thereby de facto using different k-mer size for
one assembly (Peng et al. 2010).

After choosing a value for k and fragmentation of sequence reads into k-mers, rare
k-mers should be discarded. The logic is that in case of high-coverage genome sequencing,
the abundance of k-mers should correlate with the expected coverage. Rare k-mers likely
arose from sequencing errors. Likewise, overabundant k-mers are assumed to originate
from high copy number regions of the genome (e.g. ribosomal cluster, transposons). This
assumption might not work for transcriptome assemblies (> see Sect. 5.4). The resulting
k-mer graph will be finally used to generate contigs by finding the Euler paths. Many soft-
ware applications are available for generating k-mer assemblies (8 Table 5.2).

Compared with the OLC strategy, k-mer approaches bear some advantages for assem-
bling huge numbers of short reads. Firstly, as no step for initial pairwise alignments is
involved, k-mer strategies are much more time and memory efficient. Moreover, efficient
algorithms are available for finding the Euler path within a de Bruijn graph. However, k-
mer assemblies are usually less robust against sequencing errors, and the number of
potential Euler paths is exponential to the number of repeats in the genome. Not surpris-
ingly, especially the de novo assembly of eukaryotic genomes remains a challenge.

5.3 Comparing Assemblies

Different assembly strategies, programs or parameters can lead to vastly different sets of
contigs. This raises the important question of how to judge different assemblies. A
straightforward assessment of the accuracy of an assembly would be to compare it with an
independent sequencing project of the same organism. This has been partly conducted
for the assembly of the panda genome, which was the first assembled complex eukaryotic
genome solely based on short-read data (Li et al. 2010). For validation, extra Sanger
sequencing was performed to assess the quality of the short-read assembly. However, such
an experimental setup is time intensive and costly and usually not practicable. When a
reference genome is available, this can be also used for comparison, and BLAST searches



95
5.3 - Comparing Assemblies

could be conducted to find assembled contigs. However, in many cases no reference of the
same or even closely related species is available. Some metrics are available to describe
assemblies without referring to a reference, and the most widely used is the N50
(8 Fig. 5.12). The N50 of an assembly is a weighted median and means that half of the
assembled bases of all contigs are represented by contigs of this length or longer (Salzberg
etal. 2012). To calculate the N50, after assembly all contigs are ordered according to their
size, starting with longest one. In the next step, the overall contig size summing up all
contigs is calculated. Lastly, starting with the longest contig, the next longest one is added
until the sum of these combined contigs reaches 50% or more of the size of all contigs. The
length of the contig added in this last step defines the N50 value for an assembly. For
example, if the N50 is 15 mb, it means that contigs which contain 50% of the nucleotides
of the complete assembly are at least 15 mb or longer. For genome assembly, it is usually
desired to have higher N50 values. In an equal way, values for N75 or N80 could be calcu-
lated, containing the information for the respective percentages of the total contig size.
The N50 is part of the output of many assemblers, but for comparison, it is important that
the total contig size is calculated comparable, as often contigs with a size under a certain
threshold (e.g. 500 bp) are not included in the calculation. A convenient way for multiple
assembly comparison is to use the QUAST (quality assessment tool for genome assem-
blies) software, which could be either installed locally or used on an online server
(Gurevich et al. 2013).

How well does the N50 describe the quality of a genome assembly? And which is the
best assembler for my problem? To get an answer for these questions, the scientific com-
munity organized a competition for de novo short-read assemblers, the Assemblathon
(» www.assemblathon.org). For the first competition, interested groups of software devel-
opers got sequence reads of a simulated eukaryotic genome, including contaminations
and a typical sequence error profile. The genome had to be assembled de novo (even
though information of a simulated reference genome could have been included), and the

B Fig.5.12 Calculation of the
N50 metric for sequence a b
assemblies. a The assembly size if | 18 Kb

all contigs is 71 Kb. The cut-off

value for the N50 is 35.5 Kb. b 4 Kb

Sequences are summed step by | 18 Kb
step, starting with the longest. ¢

Adding the second longest

contig sums up to a total size of

33 Kb, still under the cut-off for | 8 Kb | | 13Kb |
the N50. d Adding the third

longest contig result in a total Total assembly: 71 Kb Summed contigs:
sum of 46 Kb, which is over the Al sl Ll

cut-off (35.5 Kb). The length of c d

this contig equals the N50 (13 Kb) | 18 Kb | | 18 Kb |

13 Kb

Summed contigs: Summed contigs:
33 Kb 46 Kb, N50 = 13 Kb


http://www.assemblathon.org
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outcome was compared to the «true» simulated genome. Using this data, metrics relying
on a reference genome could be compared with those working without any reference. One
of the most important outcomes was that the N50 indeed seems to be a good way to
describe assembly quality (Earl et al. 2011). Moreover, large differences could be shown
between different assemblers. Consequently, the second iteration of the competition tar-
geted this issue. This time, real genomic sequence data of three vertebrates was analysed.
Overall, the tested genome assemblers produced useful assemblies, providing a significant
representation of genes and overall genome structure. However, it was found that
approaches which work well in assembling the genome of one species may not necessarily
work well for another (Bradnam et al. 2013). The practical advice is to use different assem-
blers (B Table 5.2) and to choose the best assembly based on available metrics like the N50
afterwards.

It is well known for phylogenetic tree reconstruction that many equally or similarly
good solutions can be the outcome of the analysis. The same is true for assemblies, where
due to uncertainty alternative solutions for contig building may be present. In a Bayesian
framework, each assembly alternative could be given a probability, making it possible to
evaluate different assemblies in a statistical framework (Howison et al. 2014; Howison
et al. 2013). The development of software implementing these strategies is at the begin-
ning, but ideas like this will open new future directions for choosing the best assembly.

5.4 De Novo Assembly of Genomes

Genomes can differ hugely in size and content of repetitive regions and so differ in their
degree of difficulty to be assembled. Genomes (or chromosomes) also dramatically exceed
the length of sequence reads generated by any sequencing technique actually used.
Therefore, strategies like whole-genome shotgun sequencing are used, where the genome
is fragmented in small pieces, and later these sequenced fragments are puzzled into the
complete genome by assembly programs. The most widely used technique today is
[lumina sequencing. However, as the recovered reads are usually not longer than 150 bp
(HiSeq) or 250 bp (MiSeq), especially the assembly of complex eukaryotic genomes
including many repeat regions remains challenging. Different strategies are applied to
improve the initial assembly and to combine contigs into longer pieces.

5.4.1 Scaffolding

Contigs can be linked together into longer pieces via scaffolding. The information to bring
contigs into an order usually comes from paired-end reads or mate pairs. As for assembly,
graph theory can be used to solve scaffolding. In this case, the assembled contigs represent
the nodes of the graph, and they are linked through read pairs as represented by edges
(Hunt et al. 2014). Moreover, whereas the ordering information (and orientation) of con-
tigs can be retained from such graphs, the expected length can be deduced from the
approximate distance of read pairs known due to library preparation. This information
can be included in the length of the edges connecting nodes in the graph. In scaffold
sequences, this distance is given by N’s inserted between two linked contigs. The first step
for scaffolding is always the mapping of the actual sequence reads onto the contigs, to
know the location of paired-end or mate pair reads. In the second step, this information is
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comprised into a graph as described above. The available scaffolders use different strate-
gies to resolve the graph into contigs, from exact mathematical solutions to heuristic
approaches simplifying the graph into subgraphs. Some fast solutions are based on greedy
algorithms where those contigs are joined first which are linked by the highest number of
edges. Comparable to what has been found for assembly programs, scaffolding software
can vary strongly in their performance and the required analysis time, based on the com-
plexity of the analysed genome (Hunt et al. 2014). Several assembly programs also include
scaffolding modules. Stand-alone scaffolding tools are, for example, SSPACE (Boetzer
etal. 2011), SCARPA (Donmez and Brudno 2013) or OPERA (Gao et al. 2011). As in the
case of assemblers, the performance of several scaffolders should be compared to choose
the best suited for the task at hand.

5.42 Hybrid Assemblies

Assembling complex genomes solely with short reads is a difficult task, especially when no
reference genome from a closely related organism is available. Not surprisingly, the diffi-
culty of genome assembly is reduced with increasing sequence read length. Whereas
Mlumina sequencing is by far the most widely used technique, other high-throughput
sequencing techniques generating considerably longer reads are available (e.g. PacBio and
nanopore sequencing). The caveat with long reads of current sequencing techniques is
their high error rate. For example, by using PacBio, an error rate of approximately 15% is
expected, which can additionally vary dramatically across positions (Chin et al. 2013).
Current assembly strategies are not equipped to directly deal with these high error rates
(Sovi¢ et al. 2016). For example, when using OLC it is easily conceivable that perfect over-
laps are hard to find. In contrast, k-mer-based assemblers need to find exact-matching
k-mers between reads, which is an limiting factor when dealing with high error rates. To
deal with these problems, hybrid methods have been developed taking advantage from the
fact that Illumina short-read data, which has a much lower error rate than PacBio or nano-
pore long reads, is perfectly suited for error correction of long reads (Koren et al. 2012).
Using hybrid assembly strategies, high-coverage (50x and higher coverage of the genome)
short-read data (100-150 bp per read) is combined with low-coverage (10-20x) long
reads (reads >5000 bp). The first step would be to assemble all short reads into contigs.
These contigs are mapped onto the long reads for error correction. Error-corrected long
reads can then be overlapped to get long contigs. In the last step, scaffolding as described
above using short-read paired-end or mate-pair data might be performed. Alternatively,
Ilumina short reads can be assembled first, and then long reads are incorporated to bridge
coverage gaps and resolve repeats, e.g. using the assembler ALLPATHS-LG (MacCallum
et al. 2009).

5.5 De Novo Assembly of Transcriptomes and Metagenomes

Transcriptomes comprise the total RNA or mRNA expression data of isolated cells or tis-
sue. Genes with a high expression will be represented by many sequence reads, whereas
genes with low expression will yield few reads and non-expressed genes will obviously be
missed totally (Wang et al. 2009). As such, a mixture of full-length and partial transcripts
at various levels of abundance is expected. Consequently, huge differences in coverage of
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different transcripts will be found in the final assembly. To further complicate things, dif-
ferent forms of alternatively spliced genes might be recovered (at least in eukaryotes). This
is a challenge for all currently used assembly algorithms, and assembly quality decreases
as transcriptome complexity increases (Chang et al. 2014).

As for genome assemblies, major strategies for transcriptome assemblies are reference
based, de novo or a mixture of both. Reference-based assemblies consists of three steps:
first, alignment/mapping of reads against a reference genome is conducted; second, over-
lapping reads of one locus are used to build a graph; and, third, the resulting graph is tra-
versed to resolve isoforms (Martin and Wang 2011). De novo transcriptome assembly of
short-read data is usually facilitated by de Bruijn graph-based assembly methods. It has
been shown that lower k-mer sizes yield more sensitive assemblies, recovering also lowly
expressed variants, whereas higher k-mer sizes result in more specific assemblies, leading to
a more accurate assembly of abundant transcripts (Nagarajan and Pop 2013). It is impor-
tant to keep in mind that the interpretation of k-mer abundance is less straight forward
than for genome assemblies. Whereas in the latter case rare k-mers are probably originated
from sequencing errors, rare k-mers may alternatively originate from lowly expressed tran-
scripts in the case of transcriptome sequencing. A common idea of many transcriptome
assemblers is to use different k-mer values. The resulting assemblies are merged afterwards,
with redundant contigs being removed (Robertson et al. 2010). For many phylogenetic
studies, researchers are only interested in the most reliable transcripts, which will be used
for further analyses, and such approaches are well suited in this case. However, if isoforms
and splice variants are targets of the study, more refined methods should be used. Two
widely used transcriptome assemblers for this task are OASES (Schulz et al. 2012) and
TRINITY (Grabherr et al. 2011). Both these methods firstly reconstruct contigs using
k-mer-based de Bruijn graphs and subsequently explore transcript variants by connecting
contigs or by retrieving contigs which represent different paths through the graph, but
share the same starting and end point. Assessment of the quality of de novo transcriptome
assembly is less established as for de novo genome assemblies. The N50 can be still used as
a measure, but as transcriptome assemblies usually represent a set of thousands of medium-
sized contigs (transcripts), the ultimate goal is not to get as few and large contigs as possible.
Some approaches to assess transcriptome assemblies are in use which do not depend on a
closely related reference. Completeness of transcripts can be described using reference
alignments with homologous genes and check for start codons and - if applicable - pres-
ence of signal peptides. Further on, all organisms rely on a core set of housekeeping genes
which are generally expected to be expressed in most cells. For eukaryotes, a set of such core
proteins is well established and can be automatically detected using the BUSCO pipeline
(Simdo et al. 2015). Missing genes of this set could indicate improper assembly or lack of
sequencing depth. A similar approach is implemented in the software DOGMA, which
performs a fast and easy quality assessment of transcriptome assemblies based on con-
served protein domains (Dohmen et al. 2016). Other proposed quality metrics can be
derived from read mapping and include descriptions of accuracy, fragmentation, incom-
pleteness, redundancy or chimerism (8 Fig. 5.13), e.g. implemented in TRANSRATE
(Smith-Unna et al. 2016). If a reference genome is available, several metrics can be inferred
based on its comparison, e.g. completeness or contiguity (Martin and Wang 2011). However,
the biggest hope for the future is the availability of low-error long reads originating from
single transcripts which could solve the assembly problem in this field completely.



5.5 - De Novo Assembly of Transcriptomes and Metagenomes
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B Fig.5.13 Typical errors in transcriptome assemblies which can be assessed based on read evidence
(Reprinted from (Smith-Unna et al. 2016))

The properties of metagenomic data are similar in some aspects to those of transcrip-
tomes. Metagenomes comprise data originated from many different genomes from differ-
ent individuals (Coughlan et al. 2015). As for transcriptomes, differences in abundance
and therefore coverage through sequence reads are expected. Moreover, different organ-
isms may harbour identical sequences, e.g. in the case of easily horizontally transmitted
retrotransposons. Some assemblers are available which have been optimized for metage-
nome assembly, e.g. METAVELVET (Namiki et al. 2012) or METAIDBA (Peng et al.
2011). Additionally to the steps of «normal» k-mer-based genome assemblers, k-mer
abundance information is used during assembly. It is assumed that sequences from differ-
ent organisms differ in their coverage due to the individual abundance of the organisms in
the sample. For example, highly abundant bacteria from a soil sample will be covered by
more sequence reads than rare bacteria. This information can be used to refine the resolu-
tion of the k-mer graph. Nodes of these graphs which are included in the final contig
should be joined by k-mers of similar coverage. A path through chimeric nodes, which
represent the identical k-mers from different species, can be resolved according to this
information (@ Fig. 5.14). The main problem of NGS-based metagenomic studies is to
trace the origin of short reads back to different organisms (especially when there are no
reference genomes available). In the future, techniques generating long-read data with
lower error probabilities will be a key to enhance the accuracy of metagenomic
assemblies.
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O Fig.5.14 Metagenomic
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