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De novo whole genome assembly
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Two categories of contiging strategies

Long reads Short reads
overlap-layout—consensus de-bruijn-graph
sequence ATGGAAGTCGCGGAATC
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Celera assembler, 454 assembler Velvet, Soap-denovo, Abyss, Trinity et al

source: http://www.homolog.us/Tutorials/index.php



de-bruijn-graph for contiging short reads
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Kmer counting from sequencing reads
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Impact of kmer-length (1)

Short kmers would collapse paralogous regions, and result in more crossovers

Paralogous regions GGATGGAAGTCG............... CGATGGAAGGAT

GGATTGGA TGGAAGT
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Impact of kmer-length (2)
Read depth vs Kmer depth
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Read depth: 3

Longer kmers could results in too little kmer depth



Sequencing errors and

Tips, bubbles and crosslinks
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Deal with sequencing errors and repetitive regions

1. Sequencing errors
* Remove low depth kmers in a bubble;
* Too long kmers would cause coverage problem;

2. Repetitive region
* Longer kmers
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Examine an assembly software 1. Soap denovo
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Heterozygous genomes

Experimentally:

* Create inbred lines or haploid cell culture.
* Assembly of clonal fragments, merging allelic regions.

Assembly

* SNP: merge bubbles
* Highly polymorphic regions

Highly polymorphic
regions
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Examine an assembly software 2. Platanus
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Rei Kajitani et al. Genome Res. 2014;24:1384-1395

© 2014 Kajitani et al.; Published by Cold Spring Harbor Laboratory Press




Scaffolding strategies 1. Mate-pair reads

Contigs I I
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lllumina mate pair data:
5kb, 8kb or 15kb inserts

Software: Soap denovo, et al



Scaffolding strategies 2. Long reads
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PacBio long reads:
Long but with high error rate

Current size: 10-15 kb

S. Koren, et al. Nature Biotechnology, 20:693 (2012)



Scaffolding strategies 3. lllumina Moleculo
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*Generate synthetic long reads for de novo assembly and
genome finishing applications
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Scaffolding strategies 4. Physical maps

BioNano:

Generating high-quality genome maps
by labeling specific 7-mer nickase
recognition sites in a genome with a
single-color fluorophore
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Hi-C:
Sequence cross-linked and ligated
DNA fragments

Chromasomal DNA
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¢ Cress-linking and digestion
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¢ Biotinylation and ligation

DNA shearing, purification
and paired-end sequencing
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Link pre-assembled contigs: Link separated haplotype
within ‘chromoseme groups’ blocks along chromosome
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Generate kmer file

/programs/jellyfish-2.1.4/bin/jellyfish count -s 1G -m 21 -t 8 -o kmer -C SRR1554178.fastq

/programs/jellyfish-2.1.4/bin/jellyfish dump -c -t kmer > kmer2l.txt

¥

CATTATTGGAGTTGATGAAAA 134 awk '{print $2}' kmer2l.txt |sort -n |uniq -c \

CCGCCACCACCACCACCGCCA 52 | awk '{print $2 "\t" $1}'> histogram
TAATTAATTTCAAATTTATAA 1
CCCTGTAGAAGCCTGTGTACC 1
AAAAAAAAATTTGTAGGGGGG 79

GGCATCTAGGTCATGTATTTA 3 1 14747539
AAATGAAAGTACATCAGCTTA 1 2 798919
AAAATTTGTTCTACCACCGCC 2 3 131160
CGAGGAGAATTGGGAAAAAAA 103 4 39150
CTATTTGTGGAATCATAGATC 1 5 19202
CATCACAAGAACCTATAGAAG 1 6 11755
CGCCAACCATCCATTATCAAA 1 7 8734
AAAGTATCGCCAACTTTTAAT 1 8 6752
CAAAATGAATTTCTTATTTTC 76 9 5795
GGAAATATGGAGTAGTTACCA 1 10 4679
CTGATTTCTCTCTCTATCTCC 1 11 3848
ATTTATCTCGCAAATTTTAGA 1 12 3232
CAAAGAGAGAATCACAACAAA 86 13 2978
14 2819
15 2655
16 2373



Estimate genome size based on kmer distribution

K-mer counts frequency
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Estimate genome size based on kmer distribution

Step 1: convert read depth to kmer depth

M: kmer depth =112
L: read length =101 bp
K: Kmer size =21 bp

75 mer N: read depth =140

Read depth =3
Kmer depth = 2

Step 2: genome size is total sequenced basepairs
devided by read depth

Genome size = T/N

T: total base pairs = 0.505 gb
N: read depth =140
Genome size: 3.6 mb




Estimate genome size based on kmer distribution

R code to fit Poisson distribution

1e+05

data <- read.table(file="histogram",header=F)
poisson_expeact_K=function(file,start=3,end=200,step=0.1){
diff<-1e20
min<-1e20
pos<-0
total<-sum(as.numeric(file[start:dim(file)[1],1] *file[start:dim(file)[1],2]))
singleCopy_total <- sum(as.numeric(file[10:500,1]*file[10:500,2]))
for (i in seq(start,end,step))
{
singleC <- singleCopy_total/i
a<-sum((dpois(start:end, i)*singleC-file[start:end,2])"2)
if (a < diff){
pos<-i
diff<-a

ounts frequency
Be+04 Be+04

4e404

2e404

0e+00

}
}
Total kmer bases: 387 mb print(paste("Total kmer bases: ", total))

. print(paste("Kmer depth: ", pos))
Kmer dEpth' 113 print(paste("Genome size: ", total/pos))

Genome size: 3.4 mb pdf("kmerplot.pdf")
plot(1:200,dpois(1:200, pos)*singleC, type = "I", col=3, Iwd=2, Ity=2,
ylim=c(0,150000), xlab="K-mer coverage",ylab="K-mer counts frequency")
lines(file[1:200,],type="1",lwd=2)
dev.off()
}

poisson_expeact_K(data)



Using short kmer could underestimate genome size (<20)
Low kmer depth could overestimate genome size (<20)
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Exercise: Run kmer analysis tools to estimate genome size

You will be provided with a Fastq file. Using Jellyfish to get the kmer count, then
estimate the kmer depth

/programs/jellyfish-2.1.4/bin/jellyfish count -s 1G -m 21 -t 4 -o kmer -C
SRR1554178.fastq

/programs/jellyfish-2.1.4/bin/jellyfish dump -c -t kmer > kmer21.txt




