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Sequencing or how to read a sequence

DNA Sequence

Set of  strings based on
4 letters as DNA alphabet {A,C,G,T}
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Sequencing or how to read a sequence

DNA Sequence

Set of  strings based on
4 letters as DNA alphabet {A,C,G,T}

Source of  information
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Sequencing or how to read a sequence

Different technologies for different data

DNA Sequence

Short 
reads
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reads
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Different read types
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Paired-end sequencing

DNA Sequence

reads

fragments
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How to define a pair of  reads?

 = Insert size

1-Sequencing: Concepts 2-Data Storage 4-Estimate the quality of  an assembly 5-And next?3-Assembly Algorithms



Different sequencing technologies
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Different sequencing technologies
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Illumina
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Different sequencing technologies
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An assembly

What you get from 
the sequencing

What you want

reads
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Assembly = Solving Puzzles Without a Picture
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The assembly process is complicated by the fact that 
underlying assumption is incorrect. 

Assembly = Solving Puzzles Without a Picture
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Assembly 
process

Unitig = a contig formed 
from overlapping 
unambiguously unique 
sequences (i.e., a high-
confidence contig)

 Contig = a set of  reads

Scaffold = an ordered and 
oriented set of  one or more 
contigs with distances 
assigned to the gaps 
between contigs

1-Sequencing: Concepts 2-Data Storage 4-Estimate the quality of  an assembly 5-And next?3-Assembly Algorithms



Assembly paradigms

1.Greedy 

2.Overlap-Layout-Consensus (OLC) 

3.De Bruijn Graph

Assemblers are based on one of  several different paradigms:
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1/Greedy
The assembler always makes the choice with the greatest immediate 
benefit (joins the reads that overlap best, as long as they do not 
contradict the already constructed assembly)

 

The choices made by the assembler are inherently local and do not take 
into account the global relationship between the reads. 
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1/Greedy
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2/OLC: 
Overlap-Layout-Consensus
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2/OLC: 
Overlap-Layout-Consensus
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2/OLC: 
Overlap-Layout-Consensus

Identification of  all pairs of  reads that 
overlap sufficiently well and then 

organizes this information into a graph
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2/OLC: 
Overlap-Layout-Consensus

Determine Hamiltonian path
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« In the mathematical field of graph theory, a Hamiltonian path (or traceable 
path) is a path in an undirected or directed graph that visits each node exactly 

once. »



2/OLC: 
Overlap-Layout-Consensus
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2/OLC: 
Overlap-Layout-Consensus

Exemple: 

• True sequence (7bp) AGTCTAT

•  3 Reads (4bp each) AGTC (A), GTCT (B), CTAT (C)

•  Alignments

 AGTC-      AGTC---        GTCT--
  -GTCT        ---CTAT        --CTAT
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2/OLC: 
Overlap-Layout-Consensus

AGTC

GTCT

CTAT

A

B
C

• Nodes are the 3 read sequences

• Edges are the overlap alignment 
with orientation

• Edge thickness represents score 
of  overlap

Optimal path: A -> B -> C
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2/OLC: 
Overlap-Layout-Consensus

AGTC

GTCT

CTAT

A

B
C

• Nodes are the 3 read sequences

• Edges are the overlap alignment 
with orientation

• Edge thickness represents score 
of  overlap

Optimal path: A -> B -> C

Consensus aGTCTat
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2/OLC: 
Overlap-Layout-Consensus

The OLC paradigm was made popular by the 
work of  Gene Myers, embodied in Celera 
Assembler and dominated the assembly 
world until the emergence of the new 
generation of short-read sequencing 
technologies. 
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3/De Bruijn Graphs
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3/De Bruijn Graphs

OLC

DBG

1-Sequencing: Concepts 2-Data Storage 4-Estimate the quality of  an assembly 5-And next?3-Assembly Algorithms

K-mers / one edge per k-mer

4-mers/ node of 3 bp 



 Divide reads into smaller strings of  size k (k-mers)
 Break reads of  L bp into L-k+1 k-mers per read

If  L=36 and k=31, we will get 36-31+1=6 k-mers 

 Why create even smaller segments?
 Smaller chance of  containing erroneous base
 But the tradeoff  is that repetitive sequences are more common and harder 

to resolve

 Construct a de Bruijn graph (DBG)
 Nodes = one for each unique k-mer
 Edges = k-1 exact overlap between two nodes

 Graph simplification
 Merge chains, remove bubbles and tips

 Find a Eulerian path through the graph
 Linear time algorithm, unlike Hamiltonian

http://www.homolog.us/blogs/2011/07/28/de-bruijn-graphs-i/
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 Divide reads into smaller strings of  size k (k-mers)
 Break reads of  L bp into L-k+1 k-mers per read

If  L=36 and k=31, we will get 36-31+1=6 k-mers 

 Why create even smaller segments?
 Smaller chance of  containing erroneous base
 But the tradeoff  is that repetitive sequences are more common and harder 

to resolve

1. Construct a de Bruijn graph (DBG)
1. Nodes = one for each unique k-mer

2. Edges = k-1 exact overlap between two nodes

2. Graph simplification
1. Merge chains, remove bubbles and tips

3. Find a Eulerian path through the graph
1. Linear time algorithm, unlike Hamiltonian

http://www.homolog.us/blogs/2011/07/28/de-bruijn-graphs-i/
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 Sequence CAATATG

 K-mers (k=3) CAA AAT ATA TAT ATG

 Graph

1. Construct a de Bruijn graph (DBG)

CAA ATAAAT TAT

ATG

AA AT TA

AT

AT
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Nodes = one for each unique k-mer
Edges = k-1 exact overlap between two nodes



 Sequence CAATATG

 K-mers (k=3) CAA AAT ATA TAT ATG

 Graph

CAA ATAAAT TAT

ATG

AA AT TA

AT

AT
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Nodes = one for each unique k-mer
Edges = k-1 exact overlap between two nodes

1. Construct a de Bruijn graph (DBG)
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2. graph simplification
 Remove tips or spurs

 Dead ends in graph due to errors at read end

 Collapse bubbles
 Errors in middle of  reads
 But could be true SNPs or diploidity

 Remove low coverage paths
 Possible contamination

 Makes final Eulerian path easier and hopefully 
more accurate contigs
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« In graph theory, an Eulerian trail (or Eulerian path) is a trail in a 
graph which visits every edge exactly once. »



3/De Bruijn Graphs

De Bruijn approach was popularized by the assembler Euler17 and 
has dominated the design of  modern assemblers targeted at 
short-read sequencing data, such as Velvet, SOAPdenovo and 
ALLPATHS. 

De Bruijn-graph-based approaches have been successful in 
assembling highly accurate short reads (<~100 bp, such as those 
generated by the Illumina Solexa technology), whereas overlap-
based approaches (such as OLC or string graph) are mostly used 
for longer, more inaccurate data (>200 bp, such as Roche 454 and 
Sanger sequencing data)
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Modern Sequence Assemblers
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Genome Assembly Gold-Standard Evaluations
http://gage.cbcb.umd.edu

Modern Sequence Assemblers
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The main source of  mis-assembly: 
Repeats
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The main source of  mis-assembly: 
Repetitive DNA

(Salzberg and Yorke, 2005; Miller et al., 2010)

Segments of  DNA repeated 
yield fragments with highly 
similar sequences that 
originate from different 
places in the genome.
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Omic impact

Transcriptome 
 nearly identical 
sequences may originate 
from different transcripts
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Omic impact

Metagenomic samples 
 nearly identical sequences may originate from genomes within the 
sample. 

Transcriptome 
 nearly identical 
sequences may originate 
from different transcripts
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Other sources of  mis-assembly
PolymorphismSequencing error

-> Increase the coverage
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Assembly quality relies on 
the tech. of  sequencing

Larger are the repeats and higher is the rate of  mis-assembly. We 
need long reads with low error rate.

(Nagarajan and Pop 2013)
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Other sources of  mis-assembly

 -> Test contamination before the assembly

Contamination of  endosymbiotic bacteria (i.e. that live inside 
invertebrate species) from its host in the sequencing library. 

Drosophila Wolbachia

(Werren et al., 2008)

PolymorphismSequencing error

-> Increase the coverage
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Sequencing to Assembly

assembly

contamination repeat
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60

Sequence Mapping and Assembly Assessment Project 
(SMAAP)

Initiative to compare and evaluate the best tools for mapping and assembly.

http://www.biocat.cat/es/cidc/programa-de-actividades/sequence-mapping-and-assembly-
assessment-project-smaap



61

Assemblathon: A competitive assessment of de novo 
short read assembly methods



From reads to assembly

Assembly

K-mer size 
selection
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From reads to assembly

Assembly

Most assemblers cut reads into k-mers

K-mer size 
selection

Why this is so important?
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From reads to assembly

Assembly

K-mer size 
selection

Why this is so important?
Again repeats!!!

K should be kept small to prevent the overuse of  
computer memory, while still large enough so that 
most k-mers are unique in the genome

k-mer size < mean repeat size 
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How to estimate the optimum 
k-mer size?

Without looking at the data

kopt =| (Nk/G) – C |

where Nk is the total number of  k-mers in the reads,
G is the estimated genome size,
C is the desired k-mer coverage.
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How to estimate the optimum 
k-mer size?

Looking at the data -> Compute the k-mer abundance histogram

Solution: Abundance of  each 
distinct 3-mer

Solution: 3-mers
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How to estimate the optimum 
k-mer size?

Looking at the data -> Compute the k-mer abundance histogram

 - Severals tools to build the k-mer histograms already exist (e.g. k-
mer counting, Jellyfish, DSK…)

- Chikhi R., Medvedev P. designed one approach to estimate 
the optimim k-mer (KmerGenie Bioinformatics 2013)
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Understand the k-mer 
histogram

GAGE dataset
Human chr14 ~ 88 Mb

k=21

We expect to see multiple peaks, 
from different causes. 
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Understand the k-mer 
histogram

1

Low k-mer frequency = Erroneous k-mers

• Sequencing errors, 
• PCR amplification errors,
• Polymorphisms…

Note: For metagenomic libraries, that 
polymorphism may be a major 
contributor to the initial peak
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Understand the k-mer 
histogram

2

Genomic non-
repeated k-mers
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Understand the k-mer 
histogram

3

Genomic repeated 
k-mers or artifacts
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Understand the k-mer 
histogram

321

-> genomic and 
sequencing 

characteristics
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Understand the k-mer 
histogram

3

 2 + 3 = total number 
of distinct k-mers 
covering the genome 

2
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Understand the k-mer 
histogram

3

 2 + 3 = total number 
of distinct k-mers 
covering the genome 

2

Size of the assembly
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How to determine exactly 
the area

Quake’s statistical model

(Chor et al., 2009; Kelley et al., 2010)

They fit a Gamma distribution to the 
untrusted k-mers, a Gaussian for 
unrepeated trusted k-mers and a Zeta for 
the high frequency repeated trusted k-mers. 

The distribution of  the trusted reads is 
actually expected to be Poisson, but the 
variance is significantly larger than the 
mean due to sequencing biases
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Now, read the k-mer histograms

Discuss the three plots
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Now, read the k-mer histograms

Choose the k value which maximizes the assembly size
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Now, read the k-mer histograms

Computing a single histogram is time and memory expensive.
=> quickly estimates the histograms using sampling
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The k-parameter
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How to estimate the optimum 
k-mer size?

http://dna.med.monash.edu.au/~torsten/velvet_advisor/
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The main stats to estimate the 
quality of  an assembly
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K-mer!!!!

The main stats to estimate the 
quality of  an assembly
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The main stats to estimate the 
quality of  an assembly
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N50/NG50
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N50/NG50
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Let’s do it

1-Sequencing: Concepts 2-Data Storage 4-Estimate the quality of an assembly 5-And next?3-Assembly Algorithms



Solution
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High N50 but bad assembly
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Assembly score
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Mapping vs. Assembly
Paired-end reads

Long Paired-end reads (Mate pair)

Contigs/scaffolds

De novo 
Assembly

No Reference 
genome

Assembly

MappingReference 
genome
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Mapping

 https://liorpachter.wordpress.com/2015/11/01/
what-is-a-read-mapping/
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Mapping algorithms

Common algorithms for mapping short reads to a 
reference genome

       

Software Technique Developer License

Eland Hashing reads Illumnia ?

SOAP Hashing refs BGI Academic

Maq Hashing reads Sanger (Li, Heng) GNUPL

Bowtie BWT Salzberg/UMD GNUPL

BWA BWT Sanger (Li, Heng) GNUPL

SOAP2 BWT & hashing BGI Academic
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- Thought to be Common
      12% of  the genome 
      (Redon et al. 2006)

- Likely involved in phenotype                     
                                                  
      variation and disease 

- Until recently most methods for
detection were low resolution (>50 
kb)

 

0.1% difference among people

Genetic Variation Among People 
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Stuctural variants



- Single Nucleotide Polymorphism (SNP) including
Short indel (insertion/deletion; < 10bp)

- Structural variation
- Inversion
- Translocation
- Large indel (> 10 bp)
- Copy number variation (i.e., DNA repeat)

- Transposable element (also called Mobile DNA)
- Interspersed duplication
- Tandem duplication

What we define as variations
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SNP vs. mutation
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Read Depth vs coverage

NA12878, Solexa 36 bp paired reads, ~28x coverage
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http://support.illumina.com/downloads/sequencing_coverage_calculator.html



Read Depth coverage

NA12878, Solexa 36 bp paired reads, ~28x coverage
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SV detection using paired-end
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Impact of  slip-
read mapping 

(SRM)

1-Sequencing: Concepts 2-Data Storage 4-Estimate the quality of  an assembly 5-And next?3-Assembly Algorithms



RD vs paired-endRead Depth

 Difficulty in finding highly repetitive 
CNVs (LINE, SINE, etc.)

 Uncertain in CNV location

 Uses mutual information of both 
ends, better mapping and 
ascertainment in homologous region

 Ascertains complex regions

 Can find large insertions

 Can be used with paired-end, single-
end and mixed data

 Can detect highly repetitive CNVs 
(LINE, SINE, etc.)

 Defines precise location of CNV

 Relies on confident independent 
mapping of each end, problems 
in regions flanked by repeats

 Small span between ends limits 
resolution of complex regions

 Large span between ends limits 
resolution of break points

Higher resolution with slip-reads
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