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What is genome assembly?

Adapted from: Commins, Jennifer et al. “Computational biology methods and their application to the comparative genomics 
of endocellular symbiotic bacteria of insects.” Biological Procedures vol. 11 52-78. 11 Mar. 2009.
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Steps of Genome Assembly

Dominguez Del Angel V, Hjerde E, Sterck L et al. Ten steps to get started in Genome Assembly and Annotation [version 1]. 
F1000Research 2018, 7:148 (doi: 10.12688/f1000research.13598.1)



• Tools:
• FastQC & Trimmomatic

• FastQC - quality control on raw sequence reads 
• Trimmomatic - flexible trimming tool designed for Illumina NGS data

• fastp 
• A tool designed to provide fast all-in-one preprocessing for FastQ files
• integrates trimming and QC into a single tool
• Quality control features specifically designed for paired-end data

• MultiQC
• consolidates multiple quality control reports generated by FastQC or fastp

Quality Control for Raw Reads
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Pros & Cons
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fastp FastQC, Trimmomatic

Reliability more recent cited often, industry standard

Suitability paired-end base correction treats paired reads separately

Speed faster than FastQC runs fairly quickly

Information 
provided

interactive plots allow us to 
zoom in on regions of interest

generates per-base sequence 
quality scores with boxplots



FastQC vs. fastp
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Approach to Trimming

Read 1: Mean Quality Scores Read 2: Mean Quality Scores



Reference based assembly De novo assembly 
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Assembly

Image from: https://www.arraygen.com/De-novo-Assembly.phpImage from : 
https://www.mn.uio.no/ifi/studier/masteroppgaver/bmi/benchmarking-system.html

https://www.arraygen.com/De-novo-Assembly.php
https://www.mn.uio.no/ifi/studier/masteroppgaver/bmi/benchmarking-system.html


Algorithms
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OLC Graph De Bruijn Graph

Image from: https://www.researchgate.net/figure/Overlap-layout-consensus-genome Image from : https://www.slideshare.net/JosHctorGlvez/basics-of-genome-assembly

-assembly-algorithm-Reads-are-provided-to-the-algorithm_fig2_26266221

https://www.researchgate.net/figure/Overlap-layout-consensus-genome-assembly-algorithm-Reads-are-provided-to-the-algorithm_fig2_26266221
https://www.researchgate.net/figure/Overlap-layout-consensus-genome
https://www.slideshare.net/JosHctorGlvez/basics-of-genome-assembly
https://www.researchgate.net/figure/Overlap-layout-consensus-genome-assembly-algorithm-Reads-are-provided-to-the-algorithm_fig2_26266221


How to select a De novo tool?
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Why not a single tool?

The GAGE-B - Genome Assembly Gold-standard Evaluation for Bacterial study [2] shows 
that assembly software that performs well on one organism often performs poorly on 
other organisms.

Test several approaches and also with different parameter settings



   Parameters considered when selecting tool:
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● Known: Genome size, Ploidy, paired end, short reads.
● Coverage
● Which algorithm to use
● Low Computational resource consumption
● Strongest performance -  common heuristics for selecting the best 

assembly when the true genome sequence is unknown:
● higher N50 contig size
● higher sequence coverage
● low assembly error rates



Tool Comparison table 
Study : A Comprehensive Study of De Novo Genome Assemblers: Current Challenges and Future Prospective
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De novo Tools Assembler 
type

Good for read 
length

Programmi
ng 

language

Citations Advantages Disadvantages

AbySS DBG Single and 
paired end

C++ 3078 High N50, high genome fraction, Time 
efficient and 

High scalability

More memory and high cpu 
usage

Velvet DBG Single and 
paired end

C 8667 Time efficient, High genome fraction High cpu usage, Low N50

Edena OLC Single and 
paired end

C++ 675 Lowest Memory usage and low CPU 
usage

Average accuracy (mean 
genome fraction)

SGA String graph Paired end C++ - Memory efficient Only paired end, High cpu 
usage and Average accuracy 

(mean genome fraction)

RAY Hybrid Single and 
paired end

C++ 475 High genome fraction Highest time
[500 mins]

SSAKE Greedy Single and 
paired end

Perl 600 time and CPU usage efficient Worst genome fraction

Perga Greedy Single and 
paired end

C 11 Good N50 contig length High memory usage, 
Average accuracy (mean 

genome fraction)

Efficiency evaluation, Accuracy evaluation and Statistical analysis is done



Tool comparison plots
Study : A Comprehensive Study of De Novo Genome Assemblers: Current Challenges and Future Prospective
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Graph plots from the study “Abdul Rafay Khan et.al [2018] - “A Comprehensive Study of De Novo Genome Assemblers: Current Challenges and Future      
Prospective”



Tool comparison 
Study : GAGE-B: an evaluation of genome assemblers for bacterial organisms
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Tools interested
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ABySS

● Assembly by Short Sequences
● DBG, Parallel, paired-end assembler designed for short reads
● Pros: high genome fraction, high N50, time efficient
● Cons: more memory and cpu usage than velvet

MaSuRCA 

● Maryland Super-Read Celera Assembler
● Combination of OLC + De bruijn graph
● selects optimal k-mer [k-mer length comparison not necessary]
● Pros: usually larger assembly, high N50
● Cons: mis-assemblies



• DBG assembler for small genomes
• Designed to address issues in single-cell sequencing
• Multisized de Bruijn graph: build graph from small to large k-mer sizes, each 

based on previous one. Allows SPAdes to get the advantages of both small 
k-mer assemblies (a more connected graph) and large k-mer assemblies (ability 
to resolve repeats). 

• Resolve repeats: paired-end information. Since two reads in a pair are close to 
each other in the original DNA, SPAdes can use this to trace paths in the graph 
to form larger contigs

• Pros: High N50, Genome fraction, No. of complete genes.
• Cons: Time-consuming
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SPAdes



• DBG assembler for microbial genomes 
sequenced using Illumina 

• Using different k-mer sizes:
• From k-min (default 21) to the average 

read length, in a default of 11 iterations
• Increases upto to insert size, in 3 

iterations
• Assemble repeats shorter than insert 

size but longer than the mate length
• Pros: fast and reproducible
• Cons: no built-in scaffolding tool
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SKESA



• N50:
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SKESA



• Misassemblies:
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SKESA



• Combination of string and de Bruijn graphs. 
• Reads in error-prone region are decomposed into overlapping subreads.
• The paired-end reads are extended into long reads using an FM-index, to 

resolve repeats longer than read length.
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StriDe



• N50:

• Misassemblies:
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StriDe



● Using Assembly information
○ N50 family metrics (quast)
○ remapping reads to assembled contigs (AMOSValidate, REAPR, FRCbam, 

Pilon, VALET)
○ computing probability of reads given the assembly (ALE, CGAL, LAP)

● Using External information
○ map to near reference genome (quast, dnAQET or Assemblytics)
○ counting number of conserved genes in assembly (BUSCO)

Assembly Quality - Broad Overview
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https://doi.org/10.1093/bioinformatics/btt086
http://amos.sourceforge.net/wiki/index.php/Amosvalidate
https://www.sanger.ac.uk/science/tools/reapr
https://github.com/vezzi/FRC_align
https://github.com/broadinstitute/pilon/wiki
https://www.cbcb.umd.edu/software/valet
https://doi.org/10.1093/bioinformatics/bts723
https://doi.org/10.1186/gb-2013-14-1-r8
https://doi.org/10.1186/1756-0500-6-334
https://doi.org/10.1093/bioinformatics/btt086
https://bmcgenomics.biomedcentral.com/articles/10.1186/s12864-019-6070-x
http://assemblytics.com/
https://busco.ezlab.org/


• Length of largest contig

• number of contigs

• N50 and L50

• N75 and L75

Assembly Quality - N50 family metrics
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Assembly Quality - Quast Example output
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● N50 family metrics

● Conserved genes using BUSCO

● NG stats based on estimated reference size?

Assembly Quality with Quast
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Our Workflow Abyss

fastp

Masurca

Quast

Spades

Skesa

Feb 12th

Quast
Quality control for assembled reads 

Feb 17th

2nd presentation preparation
Finish slides and update the 
results

Feb 2nd

fastq
Quality control and trimming for reads

Feb 9th

Assembly
Test out 4 tools and complete 
assembly
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