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Overview

* Very low (<1X) to low (<5X) Coverage Methods

— Alpha Satellite Detection
* Alpha-centauri (unpublished)

— Generalized Breakpoint Approaches
* MultiGASV

 Medium Coverage (<10X) to High-Coverage

— Tandem Repeat Detection
* PacMonSTR

— Local assembly
— Hybrid Approaches with other technologies



o-Centauri
alpha-satellite and high order repeat
structure (in development)
https://github.com/volkansevim/alpha-CENTAURI

Volkan Sevim, Jason Chin, Karen Miga
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Automatic Alpha Satellite Identifier and Classifier

Higher Order Repeats

(a) Regular Inversions within

(b) Irregular the Satellite Array
(c) Monomeric

Transitions
into Non-Satellite
Sequence




MultiBreak-SV
Breakpoint-based SV Detection with

Long and short-reads
https://github.com/raphael-group/multibreak-sv

Anna Ritz, Suzanne Sindi, Iman Hajirasouliha, Ben Raphael

Ritz et al. Bioinformatics. 2014
Ritz et al. Bioinformatics. 2010
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SV Detection in Human Genomes
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MultiBreakSV expands on conventional
paired-read and split read methods



SV Detection in Human Genomes

Mammalian genomes

contain repetitive regions

Mapsto Repetitive Region
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1. Sequence reads from
individual genome using any
sequencing platform
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2. Align reads to
reference genome; reads
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SV algorithms for paired reads [Sindi2012,Quinlan2010,Hormozdiari2009,. .. ]
SV algorithm for multi-linked reads [Ritz2010]



SV Detection in Human Genomes

Mammalian genomes
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3. Determine SVs from the

individual genome using any reference genome; reads alignments
sequencing platform may map to different and compute novel adjacency
locations probabilities

Mapping M : Select an alignment (or no alignment) for each read
Data D : Read alignments and novel adjacencies
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Benchmark on Simulated Chrl7

Venter Chromosome 17
Inserted 17K of Venter’s variants into a reference Chrl7
Assess 124 deletions = 120bp (112 located in repetitive regions)

Venter Variant Calling Accuracy
T

Venter Variant Calling Accuracy
T T T

100 1 140
21%

124 Deletions(Max.)

120

80 |-
100
2 280
@ i g
S EGO
o H*
& I
— 5X Multi-Linked Reads 20
20 — 30X Paired Reads _
2X Multi-Linked Reads & 0 ‘ ‘ ‘ ‘
_— . 0 50 100 150 200 250
30X Paired Reads 4 Variants
0 | | | | | |
0 5 10 15 20 25 30 35 40

#FP Variants



ATAT

PacMonSTR

Tandem Repeat Resolution
https://github.com/alibashir/pacmonstr

Ajay Ummat, Matthew Pendleton

Ummat and Bashir. Bioinformatics. 2014
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Tandem Repeats Detection Model

TR Interval

ACGGCTAGCGTGTGTGTGTGTGCACAGAGT

GT—> TR Element (multiplicity = 6)




Tandem Repeats Detection Model

TR Interval

ACGGCTAGCGTGTGTGTGTGTGCACAGAGT

GT—> TR Element (multiplicity = 6)
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Any statistically significant deviation between n and m is an
interesting result!

- A number of tools (lobSTR, repeatSeq) have used this
ideas to make robust callers for NGS data



Probabilistic estimation of TR via pairHMM

Problem

q=TCTCTCCTTACTCCCTCTTICC...TCCTIC
tr=TC -2 Repeat element

- Error prone read

Y

Estimate number of ‘tr in ‘g’

Observation

alignment

Sequence alignment of ‘q" and ‘tr’ generates a path or a pairwise

Number of ‘tr' in @’ is related to such a pairwise alignment

A possible solution

pairHMM can assign probabilities to any pairwise alignment

Provide a probabilistic way to estimate the number of ‘tr’ in ‘g’

Ajay Ummat (Bashir Lab)

Durbin et al., 1998
Rabiner, 1989



TR estimation pipeline

Alignments (Blasr .m5)
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Comparing Methods
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Sometimes multiple distinct TR states
are identified

100

This interval clearly appears to
be different (and expanded) in
our sequence relative to the
reference
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NA12878

Sometimes multiple distinct TR states
are identified
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Assembly Based SV calling and
integrating PacBio with other
technologies

Many people, but on the software side:
Andy Pang, Heng Dai, Matthew Pendleton

Pendleton et al. Nature Methods. 2015



De novo analyses Reference-based analyses

lllumina
sequence data

BioNano

molecules PacBio SMRT sequence data

Genome map
construction

Error
correction

Error corrected reads

./~ Structural
"\ variant detection
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Tandem repeat
resolution
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Orthogonal Methods provide many
new calls

PacBio PacBio

Deletions

lllumina

c PacBio PacBio

Mobile Element
Insertions

lllumina



Hybrid Approach Improves Assembly and reveals Iarge SVs
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[ PacBio Assembly (>1Mb)
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[ Flagged Assembly

Bl Scaffold Assembly V1
[ Scaffold Assembly V2
3 N-base gaps

hg19 chr5

Even large (>100kb)
TRs can be resolved! pileup

Molecule
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