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About us

Applications: sequencing
- Distributed pipelines for variant calling
- Depth of coverage analysis, quality control
- Distributed range joins implementation
- Efficient variant data warehousing solutions
- Interpretation tools

That's us

Areas of interest:

- Genomic data analysis
- Distributed solutions for genomics
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Genomics - Big Data Problem

The day when every newborn gets their DNA sequenced is not far away: http://www.nih.gov/news/health/sep2013/nhgri-04.htm.
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With Genomic Data growing rapidly, hospitals and research centers need to access the local data (the ones not shared) and
the centralized public/private data for various analysis and analytics for Genomic Research/Development/Medicine.

Compute has to be done “where data is” and need to be consistent locally and in the cloud.
Energy, Total Cost of Operation are key

Source: Knights Cancer Institute, Oregon Health Sciences University & Intel

Figure: Genomics as big data problem, Source: Knights Cancer Institute, Oregon Health Sciences University & Intel



Performance

Computation intensive steps in
pipelines and painful long lasting
operations in data analysis.

Multi-sample analysis

Data standardization and
merging as additional overhead

Challenges

Optimized algorithms

Ensuring scalability to handle
population-scale analysis

Apache Spark and other Big Data tools

Data size
, - Heavy files, inefficient data access,

O’p\do SO temporary files generation. High
storage cost
Data security

s0 0 3 . .

algips - ‘All or nothing’ approach is not enough
for research projects or clinics

Our solutions
Distributed calculations Unified data model
Reimplementation of algorithms using dp\o}) E’é ﬂg‘#gi;%ANSl SQL-compliant
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Standard technologies
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SeQuiLa (range joins)- scalable intersection of interval sets

e.g: What variants (snps) occur WITHIN genes

christart |end ref alt |af
11 101 101|C i 0.5
chrname |start |end 11 104 105|CT C 0.01
11(Gene1 100] 150 11 134 135|AA TT ]0.01
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11|Gene3 300| 350 12 102 102|T G 0.05
12|Gene4 100 150 13[ 1004| 1005(TA CG (0.04
13| 2004| 2005|TA CG [0.04
chriname |start [end |start|end ref |alt |af
11(Gene1 100 150| 101 101|C il 0.5
11[Gene1 100 150] 104 105|CT |C [0.01
11[Gene1 100 150] 134 135|AA |TT [0.01
11(Gene2 200| 250( 201 201 (A G ]0.05
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SELECT g.chr, g.name, g.start, g.end, s.start,
s.end, s.af

FROM genes g JOIN snps s ON (
g.chr = s.chr AND s.start>= g.start AND s.end
<= g.end)

counting overlaps
additional criterias on overlap (maxGap, minOverlap)

real genomic example: (160 *10°) x (200 *10%) or even:
(2,6 ¥107) x (200 *10°)



SeQuiLa (range joins): methods

Extension of Catalyst (SparkSQL component)

1.

2.

IntervalTree structure is used for efficient overlaps search
a. Interval Forest (one tree for each chromosome)
augmenting IntervalTree with table data if possible

Algorithm for range join table A (small) with table B (big):
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Send to driver node all table A partitions
Build Interval Forest in driver node
Broadcast Interval Forest to all worker nodes
Perform interval search

Join search results with table A if necessary
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SeQuiLa: an elastic, fast and scalable SQL-oriented
i 101 solution for processing and querying genomic
SeQuilLa (range joins) solution

Marek Wiewidrka, Anna Le$niewska, Agnieszka Szmurto, Kacper Stepien,
Mateusz Borowiak, Michat Okoniewski, Tomasz Gambin =

Bioinformatics, bty940, https://doi.org/10.1093/bioinformatics/bty940
Published: 14 November2018 Article history v
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Distributed Depth of Coverage:

@ Distributed calculations

@ Simple event-based algorithm

(&) Low level optimizations

N .
7~ Standalone version

=
overlaps_broadcast

Mg

range_and_tail

read_set_1

=

overlaps_broadcast

worker node

A, OT7TTT] OTTT11]

partial_coverage_1
4y
N 1111

final_coverage_1

events_1

2019

Spark driver

range_and_tail_accumulator

samtools Mimosdepth Ml SeQuiLa-cov

4
EEEEEE

final_coverage_n

=EN

overlaps_broadcast

blocks
10000+ r4
&
L3
I g
@ 7500 wf
&, B
: -
-
5 £
‘§' 5000
i)
L
2500 '( i'f
s & 4‘? ¢
ol & & & & #K b‘f‘
IR B
2 o o D) W
Number of CPU cores
3
overlaps_broadcast 2
range_and_tail
worker node
1
SLITTTT] CITTTT]
reads_set_n events_n partial_coverage_n

Y43
CIGAT ¢

Marek Wiewidérkal:*, Agnieszka Szmurto!*, Wiktor Ku$smirek! and Tomasz

Gambin?t

!Institute of Computer Science, Warsaw University of Technology, ul. Nowowiejska 15/19, 00-665 Warsaw,

Poland,

fixed-length windows

http://biodatageeks.ora/sequild/


https://www.biorxiv.org/content/10.1101/494468v1
http://biodatageeks.org/sequila/

Distributed variant annotation pipeline:

@ Automatic execution

@ Customizations

() Monitoring of task execution

‘):\' Distributed calculations
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Displaying maximum of 1000 rows  Statistics of selected variant calls  Statistics of all variant calls  Population breakdown

NA19399
NA19463

Interpretation tools:
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Tabular view on variants and genotypes

NA19206
NA19401

# of samples=100 NA19197

# of genotypes=464712147 NA19379

Charts, statistics, breakdowns
Fine grained access control

< IGV view of variants and aligned reads
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2 Update View

Displaying maximum of 1000 rows  Statistics of selected variantcalls  Statistics of allvariant calls  Population breakdown

3 Samplefiters e
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| Bioinformatics pipelines

NGS variant calling

.0 (A— (A-
r sequence variant i
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Coverage QC

Data analysis

Interpretation tools
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Further research

Distributed implementations of algorithms for downstream analysis
Security

Assuring data security for in-memory cache solutions

Faster Model

' Fine-tuning of data model to increase query performance

4

More Pipelines

Distributed pipelines for CNV and RNA-seq
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