
Genome assembly

1/16/2020 1



Genome sequencing, quality control, 
and assembly
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Overview

• High level view of the concepts underlying the first steps in your work

• Starting point for further investigation (minimum knowledge)

• Intended to be practical
• Considerations for your own work

• Sense of best-practices (where relevant)

• Some suggestions for software
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Outline

• Historical context for sequencing and NGS
• Sanger sequencing
• Roche’s 454
• Illumina Sequencing
• PacBio + Oxford Nanopore

• FASTQ and quality scores

• Quality control
• FASTQC

• Genome assembly
• Reference versus de novo assembly
• De novo assembly algorithmic paradigms

• Overlap layout consensus
• de Bruijn graphs

• Genome assembly metrics
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Sanger Sequencing

• Developed in 1977

• Based on chain termination chemistry using fluorescently 
labeled di-deoxy NTPs (ddNTPs) 

• A lot of sequencing happened with Sanger:
• First gene
• First virus
• H. influenza (1995) – first free-living organism
• S. cerevisiae (1996) – first eukaryote
• E. coli (1997)
• Human genome (2000)
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Sequencing the 
human genome in a 
factory-style setting
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A big 
change with 
(Roche) 454
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Advent of next-
generation 
sequencing 
(NGS)
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“Sequencing-by-
synthesis” paradigm

• 454 was the first SBS (sequencing-by-
synthesis) machine to reach the market
• Bases of a DNA molecule are read as a 

complimentary molecule is synthesized

• As opposed to the whole complimentary 
molecule being synthesized and then read 
out

• Much smaller volumes of reagents
• Many, many reads at the same time

• 454 was originally a few 100K vs 96 in 
capillary

• Lost some bases in read length = 700 bp vs 
1kb in Sanger
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Margulies et al. 2005. Nature 437: 376–380



Illumina Sequencing

• Illumina brought three big changes with it:
1. Small scale, very tiny reactions, even smaller than 

454, allowing for much greater density
2. Reversible terminator chemistry - allows the 

controlled addition of one base at a time
3. Optics.  The unsung hero of the sequencing 

revolution.  This allows for the insane density and 
number of reads that you can fit on an Illumina 
flow cell

• Big issue with Illumina = smaller read length

• Started with 35bp, today we are at 2x300bp
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https://www.illumina.com/science/technology/next-generation-
sequencing/sequencing-technology/2-channel-sbs.html



Illumina Sequencing

https://www.youtube.com/watch?v=fCd6B5HRaZ8
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Paired-end sequencing

• In paired-end sequencing, a DNA 
fragment is read twice – once from each 
end (recall the Illumina video!)

Advantages

• More efficient use of the fragment 
library

• Improves alignment

• Resolving chromosomal rearrangements 
like insertions, deletions and inversions

• Scaffolding becomes possible
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Resolving repeats with paired-end
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Repeating region

Where are these reads coming from???Case 1: single-end

Case 2: paired-end

I know U1’s and U2’s position because of 
their mate!

U1
U2

U1
U2

U1
U2

U1

U2



Third Generation Sequencing

• Shift towards single molecule, long read sequencing

• Two big names here: Pacific Biosciences (PacBio) and Oxford Nanopore
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Pacific Biosciences
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Oxford Nanopore
Technology (ONT)

1/16/2020 17https://nanoporetech.com/about-us/news/oxford-nanopore-announces-ps100-million-
140m-fundraising-global-investors
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FASTQ format

1. The base calls for the sequence read (i.e. the sequence)
• What wavelength did the machine pick up when the spots were high with a light source?

2. A set of quality scores; one per base call generated
• Always have the exact same number of quality scores as you have base calls

@HWE1FGTJ-GH13-454470/1

GATTTGGGGTTCAAAGCAGTATCGATCAAATAGTAAA

+

!''*((((***+))%%%++)(%%%%).1***-+*'')
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Read Identifier Line

Description Line

Encoded Quality
Scores

Sequence



What does a quality score mean?

• A probabilistic measure of how confident the machine is that it called the correct 
base for that cycle for that spot
• Illumina has a series of internal metrics for calculating quality: intensity of the called base, 

proximity to nearby spots, off-color intensity

• High quality is good, low quality is bad
• High quality → High probability of a correct base call for that spot and cycle
• Low quality → Low probability of a correct base call for that spot and cycle

• Illumina has gotten really good at producing good quality read files but every now 
and then you produce bad data
• Garbage in, garbage out 
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An example FASTQ file

1/16/2020 22



Phred quality score, 𝑄

• The quality is related to the probability (𝑝) that the base 
called is incorrect – basecalling error

𝑄 = −10𝑙𝑜𝑔10𝑝

• Quality scores are encoded as their representative ASCII 
(American Standard Code for Information Interchange) 
values with some offset
𝐴𝑆𝐶𝐼𝐼(𝑞𝑢𝑎𝑙𝑖𝑡𝑦 + 𝑜𝑓𝑓𝑠𝑒𝑡 ) = 𝐹𝐴𝑆𝑇𝑄 𝑒𝑛𝑐𝑜𝑑𝑒𝑑 𝑞𝑢𝑎𝑙𝑖𝑡𝑦

• If you have a quality of 30, the quality with offset will be 
30 + 33 = 63, corresponding to “?”
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Phred quality 
score (𝑄)

Probability of 
incorrect base call

Base call 
accuracy

10 1 in 10 90%

20 1 in 100 99%

30 1 in 1,000 99.9%

40 1 in 10,000 99.99%

50 1 in 100,000 99.999%

60 1 in 1,000,000 99.9999%



ASCII 
Table
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Decimal Character Decimal Character Decimal Character Decimal Character
0 [NULL] 32 [SPACE] 64 @ 96 `
1 [START OF HEADING] 33 ! 65 A 97 a
2 [START OF TEXT] 34 " 66 B 98 b
3 [END OF TEXT] 35 # 67 C 99 c
4 [END OF TRANSMISSION] 36 $ 68 D 100 d
5 [ENQUIRY] 37 % 69 E 101 e
6 [ACKNOWLEDGE] 38 & 70 F 102 f
7 [BELL] 39 ‘ 71 G 103 g
8 [BACKSPACE] 40 ( 72 H 104 h
9 [HORIZONTAL TAB] 41 ) 73 I 105 i

10 [LINE FEED] 42 * 74 J 106 j
11 [VERTICAL TABL] 43 + 75 K 107 k
12 [FORM FEED] 44 , 76 L 108 l
13 [CARRIAGE RETURN] 45 - 77 M 109 m
14 [SHIFT OUT] 46 . 78 N 110 n
15 [SHIFT IN] 47 / 79 O 111 o
16 [DATA LINK ESCAPE] 48 0 80 P 112 p
17 [DEVICE CONTROL 1] 49 1 81 Q 113 q
18 [DEVICE CONTROL 2] 50 2 82 R 114 r
19 [DEVICE CONTROL 3] 51 3 83 S 115 s
20 [DEVICE CONTROL 4] 52 4 84 T 116 t
21 [NEGATIVE ACKNOWLEDGE] 53 5 85 U 117 u
22 [SYNCRHONOUS IDLE] 54 6 86 V 118 v
23 [END OF TRANS. BLOCK] 55 7 87 W 119 w
24 [CANCEL] 56 8 88 X 120 x
25 [END OF MEDIUM] 57 9 89 Y 121 y
26 [SUBSTITUTE] 58 : 90 Z 122 z
27 [ESCAPE] 59 ; 91 [ 123 {
28 [FILE SEPARATOR] 60 < 92 \ 124 |
29 [GROUP SEPARATOR] 61 = 93 ] 125 }
30 [RECORD SEPARATOR] 62 > 94 ^ 126 ~ 
31 [UNIT SEPARATOR] 63 ? 95 _ 127 [DEL]
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Reads quality assessment

• Quality assessment is an absolute necessity when analyzing any dataset

• Many problems can be stopped at this point before they start – you won’t waste time 
analyzing bad data, for example

• What to look for when performing quality assessment:
• Low read depth → bad for any analysis
• Lingering adapters/primers → poor genome assembly and mapping
• Low quality bases or PCR duplicates → poor variant calling
• Small length reads → adds additional time but no value

• Simply, you have to make sure that the experiment worked
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FastQC

• Great tool for assessing the quality of 
FASTQ files

• Comes as both a graphical user interface 
(GUI) and command line interface (CLI)

• The GUI is great if you have one or two 
sets of FASTQ reads you want to quality 
assess

• The CLI is better if you have lots of FASTQ 
reads you want to quality assess
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https://www.bioinformatics.babraham.ac.uk/projects/fastqc/

https://www.bioinformatics.babraham.ac.uk/projects/fastqc/


FastQC: Per base sequence quality
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This graph shows the per 
base sequence quality.  
The red region denotes 
bad quality, orange is 

acceptable, and green is 
good quality



FastQC: Per sequence quality scores
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This graph shows the 
quality distribution of each 

sequence



FastQC: Per base sequence content

1/16/2020 30

This graph shows the per 
base composition across 

the read length.  For 
random library selection, 

you expect 4 parallel lines.



Sequence quality control (trimming)
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•Given the initial sequence quality, you will want to perform trimming to 
ensure maximum quality

• Primer/adapter removal

• Read quality trimming

• Read quality filtering

• Read length filtering



Quality control with Trimmomatic
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• Trimmomatic is a command line tool 
used for performing quality control on 
reads

• Performs a variety of filtering 
operations for Illumina paired-end and 
single end data

• These options typically require users to 
provide some quality or quantity 
threshold 

http://www.usadellab.org/cms/?page=trimmomatic

http://www.usadellab.org/cms/?page=trimmomatic
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David Gifford MIT
Foundations of Computational and Systems Biology
https://www.youtube.com/watch?v=ZYW2AeDE6wU

Ben Langmead JHU
Algorithms for DNA sequencing
https://www.youtube.com/playlist?list=PL2mpR0RYFQsBiCWVJSvVAO3OJ2t7DzoHA

Pavel Pevzner UCSD
Bioinformatics Algorithms: An Active Learning Approach
https://www.youtube.com/watch?v=f-ecmECK7lw



Genome assembly
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Genome assembly
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Genome assembly
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Genome assembly
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Reference versus de novo assembly

• Reference based (guided) assembly 
• Assemble genome via comparison with reference genome assembly

• More for re-sequencing … not really assembly per se

• Uses short read mapping algorithms (treated elsewhere)

• Most relevant for variant calling 

• De novo (shotgun) assembly
• Assemble genome based on sequence reads alone

• Comparison between read sequences or k-mers

• Graph traversal and genome reconstruction
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Algorithm approaches for de novo assembly

• Overlap Layout Consensus (OLC)
• Compares sequence reads to find overlaps

• Construct directed read overlap graph

• Trace (Hamiltonian) path through graph for assembly

• Determine sequence of assembly via consensus of overlapped reads

• de Bruijn graph (DBG)
• Parse reads into k-mers … sequence substrings of length k

• Create directed k-mer graph by joining k-1 prefix-> suffix

• Trace (Eulerian) path through graph for assembly

• Determine sequence of assembly directly from k-mer graph
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Overlap layout consensus (OLC)

• Overlap – build overlap graph from sequence reads
• Pairwise comparison of all reads (computationally costly, particularly for repeats)

• O(N2) where N is number of reads or O(N log N) at best with indexing

• Join reads as nodes in directed graph if overlap exceeds threshold

• Layout – traverse overlap graph to join reads into contigs
• Hamiltonian path problem – visit each node in graph exactly once – NP hard problem

• Consensus – determine contig sequences by consensus (most common) bases at 
each position of overlapped reads
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Read Overlaps
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Read Overlaps
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Overlap graph
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Directed graphs
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Overlap graph
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Overlap graph
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Layout – graph traversal for assembly
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Hamiltonian path 

graph traversal 
that passes 
through each 
node (read) only 
once

NP complete



Consensus
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The challenge of repeats
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Overlap Layout Consensus (OLC)

• Computationally costly and slow
• Overlap – All-against-all read pair comparison – O(N2)

• Layout – Hamiltonian path problem is NP complete

• Repeats break assembly

• Better for long reads (comeback with third generation sequencing?)
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de Bruijn graph (DBG)

• Parse reads into k-mers … sequence substrings of length k
• Counter intuitive … trying to assemble long contigs by breaking sequences down even further

• Create directed k-mer graph by joining k-1 prefix -> suffix

• Trace (Eulerian) path through graph for assembly

• Determine sequence of assembly directly from k-mer graph
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k-mers
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de Bruijn graph construction
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• Break sequences down into k-mers (3-mers), which will be edges in graph



de Bruijn graph construction
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• Represent every k-mer as an edge between its prefix and suffix k-1-mers

• Collapse all nodes with identical labels



de Bruijn graph construction

1/16/2020 55

• Construct nodes of graph by connecting k-1-mer prefixes and suffixes



de Bruijn graph construction
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• Collapse identically labeled nodes



de Bruijn graph construction
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• Collapse identically labeled nodes



Find Eulerian path through de Bruijn graph
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• Can be multiple Eulerian paths through graph

• Solution: disconnect graph into multiple (non-
branching) components = contigs

• Contigs can then be connected using read-pair 
information

• Helps specify best path through branching paths in 
graph



de Bruijn graph (DBC)

• Computationally more efficient and faster
• Scales linearly as O(N), where N is the number of k-mers

• Eulerian path problem is more tractable than Hamiltonian path

• Repeats break assembly

• Very sensitive to sequencing errors (greatly inflates # of k-mers)

• Loses sequence context of reads

• Better for short reads (how will this be adopted for third generation sequencing?)

• Choice of k-mer size very important
• Empirical decision – try out different sizes

• Odd k-mer size to avoid palindromes

• Longer k-mers better resolution but use much more memory
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Web resources
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• MIT: Foundations of Computational and Systems Biology
https://ocw.mit.edu/courses/biology/7-91j-foundations-of-computational-and-systems-biology-spring-2014/

• JHU: Ben Langmead Teaching Materials
http://www.langmead-lab.org/teaching-materials/

• UCSD: Bioinformatics Algorithms: An Active Learning Approach
https://www.youtube.com/channel/UCKSUVRs2N2FdDNvQoRWKhoQ

https://ocw.mit.edu/courses/biology/7-91j-foundations-of-computational-and-systems-biology-spring-2014/
http://www.langmead-lab.org/teaching-materials/
https://www.youtube.com/channel/UCKSUVRs2N2FdDNvQoRWKhoQ
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Assessing the “goodness” of an assembly

• The goal of genome assembly is to 
yield a finished contig which is exactly 
the same as the input microbial 
genome

• An assembly is deemed good if it can 
get as close to this goal as possible

• Goodness of assembly is measured by 
three parameters:

Number of bases assembled

Number of assembled contigs (length > 
500bp)

N50 value
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N50
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If these are the assembled contigs:

and I order them by length in an ascending manner,

N50 is the length of contig which is in the center



A good way to combine these three parameters

𝐴𝑠𝑠𝑒𝑚𝑏𝑙𝑦 𝑠𝑐𝑜𝑟𝑒 = log10
𝐴𝑠𝑠𝑒𝑚𝑏𝑙𝑦 𝑠𝑖𝑧𝑒 × 𝑁50

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑛𝑡𝑖𝑔𝑠

* Developed by Lee Katz and Lava
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QUAST

• Excellent utility from the SPAdes group

• Produces nice graphical output of 
genome assembly sizes and assembly 
metrics

• Project contains 3 tools for assembly 
evaluation and comparison
• QUAST: regular genome assemblies

• MetaQUAST: metagenome assemblies

• Icarus: contig alignment visualization
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Additional questions?
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