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• Case studies



my work is now nearly finished; but as it will take me
two or three more years to complete it, and as my
health is far from strong, I have been urged to publish
this Abstract. I have more especially been induced to
do this, as Mr Wallace, who is now studying the natural
history of the Malay archipelago, has arrived at almost
exactly the same general conclusions that I have on the
origin of species. Last year he sent to me a memoir on
this subject, with a request that I would forward it to Sir
Charles Lyell, who sent it to the Linnean Society, and it
is published in the third volume of the journal of that
Society. Sir C. Lyell and Dr Hooker, who both knew of
my work -- the latter having read my sketch of 1844 --
honoured me by thinking it advisable to publish, with Mr
Wallace's excellent memoir, some brief extracts from
my manuscripts.

Problem

Ｗe accidently printed my five copies of 
“Origin of Species”, and shredded into pieces



Assemby = Piecing the pieces together 
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Long shredded pieces (read) = easier assembly
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Why sequence a genome?



Genomics advance our understanding of organisms 
across tree of life
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Assemble a genome is hard

Less complicated Complicated



Repeats
You can’t 100% resolve repeats repeats unless you have your 
sequence length > repeat 

Credit: Michael Schatz



Repeat content of plant and vertebrate genomes

https://doi.org/10.1016/j.pbi.2017.02.002

https://doi.org/10.1016/j.pbi.2017.02.002


http://thatslifesci.com/2019-05-06-Biggest-genome-of-them-all-JBarnett/

Largest genome ever recorded: 149Gb

http://thatslifesci.com/2019-05-06-Biggest-genome-of-them-all-JBarnett/


QC and understand your data before assembly

Email 2 weeks later:

Dear Jason,

I run the Trimmomatic analysis for the raw data of mate-pair libraries (10kL2_1, 10kL7_1, 15kL3_1 and 
15kL8_4 as examples) with a custom adapter file containing mate-pair adapter sequences (junction and 
external adaptors, you may find them in the attached technote pdf file) and found that over 80% reads of 
the library were dropped out.

Conversation:  

Jason, we don’t know why our assembly is not as good as yours. We have 
about 90X of Mate pair data..



Always be careful of contamination

17.5 % HGT

0.4 % HGT



Always be careful of contamination



Ploidy, heterozygosity and the assembly graph

http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3446297/



Assembly process

http://www.nature.com/nmeth/journal/v9/n4/pdf/nmeth.1935.pdf

1. Fragment DNA and sequence

2. Find overlaps between reads

3. Assemble overlaps into contigs

4. Assemble contigs into scaffolds



Which program to choose?



Contiguity (good) is a genome? N50
Definition: 50% of genome in contigs/scaffolds of length N50 bp or greater

sorted

Credit: Michael Schatz



Most assemblies are fragmented

chromosomesContigs

!=



Statistics for current GenBank assemblies. 

doi:10.1038/ng.3824 



Why do we need a good assembly?

It is easier to analyse
10000 pieces vs. 23 pieces (chromosomes)

Allows more accurate representation of genes locations on genome
Is gene A close to gene B? On the same chromosome?

Transposon dynamics
Missing in most assemblies (located in NNNNNNNNNN gaps)

Responsibility to contribute to your community
Do you want others to work on the same genome / species as well?

Bottom line:
It’s really no point to do one if you can’t produce an accurate and useful assembly



Assembly qualities

Credit: Aureliano Bombarely



Assembly algorithms



Approaches

• Greedy extension 
• only mentioned for historical reasons

• Overlap – Layout – Consensus (OLC) assembly: ’traditional’ 
and well established method, but challenging to implement at 
each stage

• Most ”old” and “newest” assemblies were produced using this 
approach

• de Bruijn graph (DBG) assembly



Greedy extension

• Oldest and not really useful in most cases

http://www.cbcb.umd.edu/research/assembly_primer.shtml



OLC and DBG assemblers

Overlap

Layout

Consensus

Error correction

de Bruijn graph

Refine

Scaffolding



OLC approach
• Pairwise alignment of all reads 

to find overlaps

• Layout the reads to decide 
which read align to which

• Get consensus by joining join 
the read sequences, merging 
overlaps

• All three are challenging



Overlap
• All vs. all pairwise alignment

• Smith-Waterman? Blast? Kmer
based? Suffix tree? Dynamic 
programming?

• Computationally very intensive but 
can be parallelised 

• Need lots of CPUs!
• Batch1 align Batch 1 in 1st CPU
• Batch1 align Batch 2 in 2nd CPU

Deonier et al., Computational Genome Analysis 



Build overlap graph
• It’s common practice to 

represent them in graphs

• The actual overlaps are the 
edges

• Now we create the genome 
assembly graph

Kececioglu et al., 1993
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Some assembly graph can be complicated…

http://rrwick.github.io/Bandage/images/screenshots/screenshot02.png





Layout

Order the reads into a consistent manner

Anything redundant about this part of overlap graph?

Some edges can be inferred from other edges
E.g., green edge can be inferred from blue



Layout



Layout



Layout



Layout

Contig1
Contig2

Unresolvable repeat

Depending on assemblers, they may result in 1 or 2 contigs



Layout – can we do more?

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_olc.pdf

Also often referred 
as trim the edges



Usefulness of graph transformation 

Kingsford et al., (2010)



Error correction in graph

Credit: Michael Schatz
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• Errors at end of read
• Trim off ‘dead-end’ tips

• Errors in middle of read
• Pop Bubbles

• Chimeric Edges
• Clip short, low 

coverage nodes



Consensus



OLC Assemblers
• Mostly used in the Sanger sequencing era

• Celera, Phusion, PCAP, Arachne

• Disadvantages of OLC
• Computing overlaps is slow
• 5 billion reads -> takes 400 years to compute overlaps if 1 million overlap per second
• Overlap graph is big and complicated

• One node per read
• Number of edges grows superlinearly with number of reads

• When 2nd generation dataset first arrived
• Millions and millions of reads
• Short read length – difficult to build sufficient overlap

my work is now nearly finished work is now nearly finished; but as it will take 



OLC and DBG assemblers

Overlap

Layout

Consensus

Error correction

de Bruijn graph

Refine

Scaffolding



k-mer

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



De Bruijn graph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf

We start with a collection of reads of 3bp from the reference genome AAABBBA



De Bruijn graph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf

From these 2-mers, only 
AA, AB, BA, BA are present
(they will be nodes)

So AAB will be AA à AB



De Bruijn graph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf

How do we get contigs from the graph?

Intuitively we walk and visited all edges and node
of the graph, but how?



De Bruijn graph is a directed multigraph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



Eulerian walk definitions and statement

https://en.wikipedia.org/wiki/Eulerian_path

1.A directed graph is a graph in which each edge has a
direction, usually represented as an arrow from a
node v to a node w.

2.Graph is connected if each node can be reached by
some other node.

3.Node is balanced if indegree equals outdegree Node is
semi-balanced if indegree differs from outdegree by 1

4.A directed, connected graph is Eulerian if and only if it
has at most 2 semi-balanced nodes and all other nodes
are balanced

Yes

Yes



Eulerian walk definitions and statement
A directed, connected graph is Eulerian if and only if it has at most 2
semi-balanced nodes and all other nodes are balanced

balanced

Semi-balanced

Then we can search for Eulerian path from the graph:
Eulerian walk visits each edge exactly once ****



Eulerian walk

https://en.wikipedia.org/wiki/Eulerian_path

In graph theory, an Eulerian trail (or Eulerian path) is a trail in a graph which visits every edge exactly 
once. Similarly, an Eulerian circuit or Eulerian cycle is an Eulerian trail which starts and ends on the 
same vertex. They were first discussed by Leonhard Euler while solving the famous Seven Bridges of 
Königsberg problem in 1736. Mathematically the problem can be stated like this:

Given the graph in the image, is it possible to construct a path (or a cycle, i.e. a path starting and ending 
on the same vertex) which visits each edge exactly once?

PS. This graph is 
Not Eulerian

https://en.wikipedia.org/wiki/Graph_theory
https://en.wikipedia.org/wiki/Trail_(graph_theory)
https://en.wikipedia.org/wiki/Edge_(graph_theory)
https://en.wikipedia.org/wiki/Vertex_(graph_theory)
https://en.wikipedia.org/wiki/Leonhard_Euler
https://en.wikipedia.org/wiki/Seven_Bridges_of_K%25C3%25B6nigsberg
https://en.wikipedia.org/wiki/Cycle_(graph_theory)


De Bruijn graph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



De Bruijn graph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



De Bruijn graph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



De Bruijn graph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



De Bruijn graph with actual data

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



When k-mer is repeat

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



When k-mer is repeat (in practice)

Kingsford et al., 2010



Impact of changing kmer size

http://www.homolog.us/Tutorials/index.php?p=2.4&s=1

Example of a kmer of 1 basically
means A,C,T,G are all repeats..

Larger kmer will span more small
repeat less than kmer size, but
likely to have less overlap



Low coverage = disconnected graph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



Coverage difference = not Eulerian

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



De Bruijn graph

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf

Gaining assembly as Eulerian walk is appealing, not many practical cases impede
this:

• Uneven coverage, sequencing errors, make graph non-Eulerian
• Repeats produces many possible walks

But there is one major advantage of De Bruijn graph over OLC
• Computationally efficient



Efficiency

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf

Assume you have 5 billion reads to assemble
• Not uncommon nowadays in some plant species

OLC: 12.5 quadrillion overlaps to compute first
Even 1 million overlap per sec will equate to 400 years

DBG: depends on genome size



Size of De Bruijn graph depends on genome size 

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf

Usually ~50X paired end reads in coverage



Size of De Bruijn graph depends on genome size 

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf



Schatz M C et al. Genome Res. 2010;20:1165-1173

Summary



Summary

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf

Advantage of DBG:
Time to build based on Genome size (G) or total length of reads (N)
For OLC: time to build overlap graph is based on number of reads

But:
DBG not flexible: only overlap of fixed length (=kmer)

can’t solve repeat with repeat > kmer

Read information is lost: All reads are split into kmers.
(A lot of work on later DBG assemblers are put in this)

Tradeoff between DBG and OLC needed
Some improve over existing approach: Spades
Some combine both: Masurca



OLC and DBG assemblers

Overlap

Layout

Consensus

Error correction

de Bruijn graph

Refine

Scaffolding



Error in graphs

DBG from perfect reads (10X)

As you can see all weighted
edges have high coverage

Some higher than the other; 
this is obviously repeat

DBG from reads with some errors

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/error_correction.pdf



Kmer coverage

Kelley et al., (2010)

Unique 15mers occurred exactly ~41X

Variance = 77X 
Almost twice of mean suggest it’s Poisson distribution

Some 15mer occurred at >80X ; repeat

Indeed most erroneous kmer
has kmer = 1



Choosing the right kmer

Chikhi and Medvedev et al., (2014)



Error correction: rationale 

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/error_correction.pdf



Error correction: rationale 

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/error_correction.pdf



Error correction: rationale 

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/error_correction.pdf



Localize error and correct

Kelley et al., (2010)

Correct 1st !
(highest likelihood)

Correct 2nd!



Velvet: first de Bruijn graph assembler

• Cited 8812 times
• Still being used in some 

metagenomics dataset



Summary

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/assembly_dbg.pdf

Error correction will definitely improve assembly

But, for it to work well:
Sequenced coverage should be high enough
Choose kmer wisely otherwise we can’t distinguish erroneous kmer from

frequent kmers



Summary I

http://www.nature.com/nrg/journal/v14/n5/full/nrg3433.html



Summary II



Long read technologies



Credit: Michael Schatz

Short reads

Long read



New tools continue to be 
developed

Amarasinghe et al (2020) Genome Biology



Simpler graphs

Roberts et al., 2013



Long reads can also resolve haplotypes (with 
sufficient coverage)



Read length and capacity go beyond

https://twitter.com/GrandOmics_Intl/status/1188724248480608257/photo/1

https://twitter.com/GrandOmics_Intl/status/1188724248480608257/photo/1


What you can do with long reads:
Resolving haplotypes

Credit: Jason Chin 
Two genomes. One 
assembly. Two colors. 
Many bubbles. Game 
against entropy. 
http://t.co/uCPmxCRiZ6



Current limitation of long reads..

Credit: Jason Chin 
What are those blobs in the 
genome assembly graph? 
Intriguing repeats that have 
no NCBI blast hit. 
http://t.co/2y7stBGs4W



Scaffolding



OLC and DBG assemblers

Overlap

Layout

Consensus

Error correction

de Bruijn graph

Refine

Scaffolding



Scaffolding

OLC and DBG attempt to construct longest and most accurate contigs (contiguous
stretch of assembled bases)

Scaffolding is to order and orient contigs with respect to each other

Various data types:
Paired ends / Mate pairs
Genetic map
Additional long range information

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/scaffolding.pdf



Scaffolding

Ghurye and Pop (2019) PLOS Computational Biology



Scaffolding: Paired end sequencing

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/scaffolding.pdf

Because of technology limitation (usually
~150bp at each end), whole fragment is not
sequenced. But the distance between two
mates equals to length of fragment (insert
size)



Scaffolding: Paired end sequencing

• DNA fragment (200-800 bp)
==============================

• Single end
-------->=====================

• Paired end (up to 800 bp span)
----->==================<-----

• Mate pair (up to 40 kbp span)
---->========/+/=========<----



Examples 5kb

8kb

3kb

12kb

How to check insert size?

Remap the data back to the
assembly

Problem can arise in larger
insert sizes



Scaffolding (Illumina; obsoleted)

http://www.cs.jhu.edu/~langmea/resources/lecture_notes/scaffolding.pdf



http://www.cs.jhu.edu/~langmea/resources/lecture_notes/scaffolding.pdf

Does the distance equal to the insert size distribution
mapped to the rest the genome?

Yes = Accept and Contig1NNNNContig2
No = Reject 

Scaffolding (Illumina; obsoleted)



http://www.cs.jhu.edu/~langmea/resources/lecture_notes/scaffolding.pdf

Scaffolding (Illumina; obsoleted)



Ghurye and Pop (2019) PLOS Computational Biology

The genomic span covered by different technologies



Free DNA solution DNA in a microchannel DNA in a nanochannel

Gaussian Coil Partially Elongated Linearized

Optical map: DNA linearized in nanochannel array



Workflow of an optical mapping procedure

DNA stretching & 
imaging in 

nanochannels

Applications:
Genome scaffolding;
Structural variation 
(SV) detection; …

Convert image into 
optical molecules

Fluorescence 
labelling

Nicking 
enzyme 

digestion
e.g. Nt.BspQI

DNA 
extraction

Assemble 
molecules into 
whole genome 
map/ larger contigs

5’…GCTCTTCN▼…3’
3’…CGAGAAGN…5’

99



Optical mapping-assisted scaffolding principles

100

…TAAATAAATTTATATAGCT
AAAAACACGAGGGAATGA
ATTAATCAT…

…CAATAAAGGCGCGACGTGGTG
CTCAACATCATCGCCCATTAAGCA
TGAGA…

…CTGCTCAGCATTCATCTCGCC
CAGACCTTTACACGAGTGGATC
ATCAT…

In silico 
digestion

Optical molecules (up to 2 Mbps)

Sequence contigs Predicted optical maps

Nanochannel-array 
fluorescent imaging

De novo optical map assembly

Assembled reference optical map

Long scaffold

High molecular 
weight DNA

Sequence-specific 
nicking & 

Fluorescence 
labelling

Signals (nicking 
sites)

Alignment



https://bionanogenomics.com/technology/platform-technology/

https://bionanogenomics.com/technology/platform-technology/


https://bionanogenomics.com/technology/platform-technology/

https://bionanogenomics.com/technology/platform-technology/


https://www.nature.com/articles/nbt.3432

• Long range 
information from short 
reads using 14bp 
barcodes

• Very low input DNA (ng) 
and 20 mins 
preparation time

• 1ng of DNA is split 
across 100,000 Gel 
coated beads

• Single-cell available

https://www.nature.com/articles/nbt.3432


10X Genomics

https://www.youtube.com/watch?v=aUyFzwRFWJQ

https://www.youtube.com/watch%3Fv=aUyFzwRFWJQ


Summary



Summary



Scaffolding using Chromosome conformation capture 



Chromosome conformation capture techniques (often abbreviated to 3C technologies or 3C-based 
methods) are a set of molecular biology methods used to analyze the spatial organization of chromatin in a 
cell. These methods quantify the number of interactions between genomic loci that are nearby in 3-D 
space, but may be separated by many nucleotides in the linear genome





Lieberman-Aiden (2009) Science 10.1126/science.1181369 ~Cited 3000 times 

We describe Hi-C, a method that probes the three-dimensional architecture of whole genomes by 
coupling proximity-based ligation with massively parallel sequencing. We constructed spatial 
proximity maps of the human genome with Hi-C at a resolution of 1 megabase. These maps confirm the 
presence of chromosome territories and the spatial proximity of small, gene-rich chromosomes. We 
identified an additional level of genome organization that is characterized by the spatial segregation of 
open and closed chromatin to form two genome-wide compartments.



Lieberman-Aiden (2009) Science 10.1126/science.1181369



Lieberman-Aiden (2009) Science 10.1126/science.1181369



Hi-C at single cell level







Case studies



Would you understand everything in this paper?



Why sequence a genome? (2020 version)

• Genomics advance our understanding of organisms across tree of life
• All previous published genomes that were fragmented are being redone again

• To reveal greater insights and ease of use for community
• New genomes are expected to be of good quality

• Reveal more variations within species
• Population genomics is not just remapping anymore
• More accurate inference of structure variation

• Gene level

• Better analysis power in a  genomics world



Lower quality genomes are getting improved



Correcting misassemblies

New genomes are expected to have
high quality



… ARS1 comprises just 31 scaffolds and 649 gaps covering 30 of the 31 
haploid, acrocentric goat chromosomes (excluding only the Y chromosome), 



…. This report generates sighs of relief 
from researchers frustrated with the 
highly fragmented genome sequences 
available for most species….

… The lower costs and greater 
accessibility of these methods bring 
potential for wider impact….



Jain et al (2018) Nature Biotechnology

Difficult regions are being targeted



• long-read sequencing to 
generate end-to-end 
genome assemblies for 
12 strains representing 
major subpopulations of 
the partially domesticated 
yeast Saccharomyces 
cerevisiae and its wild 
relative S. paradoxus. 

Nature Genetics volume 49, pages 913–924 (2017)

Population genomics



• enable precise definition of chromosomal 
boundaries between cores and subtelomeres

• S. paradoxus shows faster accumulation of 
balanced rearrangements (inversions, reciprocal 
translocations and transpositions), S. cerevisiae
accumulates unbalanced rearrangements (novel 
insertions, deletions and duplications) more 
rapidly. 

• Such striking contrasts between wild and 
domesticated yeasts are likely to reflect the 
influence of human activities on structural 
genome evolution.

Nature Genetics volume 49, pages 913–924 (2017)



• Hundreds of thousands of human genomes are now being 
sequenced to characterize genetic variation and use this 
information to augment association mapping studies of 
complex disorders and other phenotypic traits. 

• Genetic variation is identified mainly by mapping short 
reads to the reference genome. However, these 
approaches are biased against discovery of structural 
variants and variation in the more complex parts of the 
genome. 

• report de novo assemblies of 150 individuals (50 trios) 
from the GenomeDenmark project. 



We found that 16.4% of the called SNVs were 
novel (not in the Single Nucleotide Polymorphism 
database 142 (dbSNP142) or 1000 Genomes 
Project phase 3 structural variant call-set), 
whereas as many as 91.6% of insertions 
≥50 bp were novel (Fig. 2b). 

The fraction of novel variants increased 
rapidly with variant length, especially for 
insertions (Fig. 2d), with most longer variants 
contributed by the assembly-based 
approach…

For instance, …we called 33,653 deletions 
≥50 bp, whereas the 1000 Genomes Project 
identified 42,279 such variants in 25 times 
more individuals who were more diverse than 
our study population.

https://www.nature.com/articles/nature23264
https://www.nature.com/articles/nature23264


• long reads are superior to short reads with regard 
to detection of de novo chromothripsis
rearrangements. 

• long reads also enable efficient phasing of 
genetic variations, which we leveraged to 
determine the parental origin of all de novo 
chromothripsis breakpoints and to resolve the 
structure of these complex rearrangements. 

Long reads lead to better SV



Hess et al., 2011 Science

• 268Gb of metagenomics data
• Identified 27,755 putative carbohydrate-

active genes from a cow rumen metagenome
• Expressed 90 candidates of which 57% had 

enzymatic activity against cellulosic
substrates

• Assembled 15 uncultured microbial genomes

Example of metagenomics



• 800 Gb of sequence data derived from 43 Scottish 
cattle

• Using metagenomic binning and Hi-C techniques

• Assembly of 913 draft bacterial and archaeal 
genomes

• Most of these genomes represent previously 
unsequenced strains and species. 

• The draft genomes contain over 69,000 proteins 
predicted to be involved in carbohydrate 
metabolism, over 90% of which do not have a 
good match in public databases.

Stewart et al (2018) Nature Communications



• The draft genomes contain over 69,000 proteins 
predicted to be involved in carbohydrate metabolism, 
over 90% of which do not have a good match in public 
databases.



• Inclusion of the 913 genomes presented here 
improves metagenomic read classification by 
sevenfold against the study’s own data, and by 
fivefold against other publicly available rumen 
datasets.

• dataset substantially improves the coverage of 
rumen microbial genomes in the public databases 
and represents a valuable resource for biomass-
degrading enzyme discovery and studies of the 
rumen microbiome



Stewart et al (2019) Nature Biotechnology

• 6.5 Tb of sequence data derived from 283
ruminant cattles

• Using metagenomic binning and Hi-C 
techniques

• Assembly of 4,941 draft bacterial and 
archaeal genomes

• Long read is being used: “We also present a 
metagenomic assembly of nanopore (MinION) 
sequencing data (from one rumen sample) that 
contains at least three whole bacterial 
chromosomes as single contigs”

282 Illumina vs. nanopore assembly



Summary and opinions



Summary and opinions
Advances in sequencing technology have dramatically 
improved genome contiguity over the last two decades

Todd and VanBuren (2020) Current Opinion in Plant Biology



Summary

• Expectation is higher in assembly of a genome

• Population genomics is moving from a mapping (resequencing) to 
assembly approach

• Long read technologies are improving rapidly fast so every standard 
lab can generate a high quality assembly 

• Assembly processes need to scale up to accommodate the advancing
technologies and changing biological questions



Overview of a sequencing project

Credit: Aureliano Bombarely



Things to consider
• $$$$$$$$$
• Project type

virus, bacteria, eukaryote, meta-genome
• Goals

Just an assembly to showcase the world?
Sequence pandemic species = conservation? (No right or wrong answer)

Any biological question?
Why de novo sequence a species?

• Hardware
• You need CPUs, but RAM is more important 

• Imagine storing all the hashes or kmers
• This may change depending on nature of data (all long reads within n years?)



Consider technologies and experiments
• Use multiple techniques to answer your questions

• Long read only
• Long read + Hi-C
• Long read + optical maps + Hi-C
• 10X linked reads
• 10X + Hi-C
• Single cell?
• Experimental advancement?

• Sometimes limitations becomes experiment preparation rather than the technological 
one



Ingredients for a good assembly

Credit: Michael Schatz



Simpson and Green (2015) Annual Review of Genomics and Human Genetics 



Not covered but should be
Alignment method in overlap graph
String graph (reduced overlap graph)
Shortest Superstring Problem (SSP)
Hamiltonian path

Choice of kmers in DBG
Bloom filter



References

shorturl.at/xBC06  



[Announcement]

• Possible changes in lectures 
• May have to cancel practical classes ;

• Or alternative formats, for instance, I will teach R live and go through 
an example

• May have to move presentation forward 

• Please email me for suggestions
• possible topics that you wish to discuss


