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Outline

Consequences of the Data
Deluge

Challenges for HPC / HTC
Infrastructures and
Organizations

Some Use Cases and Examples

ldeas and Opportunities Ahead

The Economist, Feb. 25t 2010
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When Biology Met Information Technologies

Since the pioneering work of

M. Dayhoff biology and medicine
have become computing-intensive
and data-driven sciences

ATLAS of
PROTEIN SEQUENC
and STRUCTURE

http://en.wikipedia.org/wiki/File:Margaret_Oakley_Dayhoff_cropped.jpg

3 | High Throughput Scientific Computing in Vaccine Research | R. Beltrami | Dec. 101, 2014 U NOVARTIS



Data, data and... data

Growth of genomic data across thirty years

Cumulative sequenced genomes
1000000 -

”
'
-

100000 P
Prokaryotes -,

10000 / __,__.»
1000 y//
Eukaryotes
100 -+ /
10

1997 _

1999 _

2001

2003

2005

2007 -

2009

2011 -

2013

2015

2017

2019

2021

2023

1995
2025

fraction of NR, %

60

50

40

30

20

10

eukaryota

bacteria

viruses

archaea
f .....

| LI T L o e e e e e S L e P L
1995 2000 2005 2010

number of sequences

http://sulab.org/2013/06/sequenced-genomes-per-year

http://www.pnas.org/cgi/doi/10.1073/pnas.1321614111
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Data, data and... data

Cost of sequencing compared to cost of computation

Moore's Law

National Human Genome
Research Institute

genome.gov/sequencingcosts

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

http://www.genome.gov/sequencingcosts/
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HPC/HTC Infrastructures Objectives

".. hanos gigantus humeris insidentes.”

“The five 'S'
*Speed-up

- Store

*Secure
- Study
*Share

6 | High Throughput Scientific Computing in Vaccine Research | R. Beltrami | Dec. 10t, 2014 U) NOVARTIS



The Problems Space

Thousands of genomes to be processed and analyzed
along with an exponential growth of reference
databases

Hundreds of in-silico experiments to be performed
Diverse, changing, growing datasets

Evolving algorithms, analysis workflows and handling of
hundreds of different data formats

Complex, interconnected computing infrastructures

Efficient archival and sharing of data and visualization of
results
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Today HPC/HTC Infrastructure Challenges

" Fast innovation of wet-lab technologies
= Data handing is the key point

= Computation and networks are not big issues,
usually

" Open (stable) standards and interoperability
= Distributed and complex architectures

= [ntertwined wet-lab and computational
experiments
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HPC/HTC Storage Systems

An example of current challenges on computing hardware

= Adapt to find the right trade-off

= Multiple storage tiers

= Storage is getting smarter
= Data life-cycle management

= Ease of management
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Challenges for Scientific Computing Teams
Processes, policies and organizations

Open Hardware | Source | Standard | Data
Collaborative Efforts / Governance Schemas
Bring Life and Computer Scientists Closer

Ease of Data Sharing and Information Exchange

Quality and Reproducibility of Results
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Extracting Information
The end goal of our endeavor
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Some examples of what we did with our HTC scientific
infrastructure

REAL USE CASES
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DSU Scientific Computing Infrastructure
By the numbers

Built from scratch in 1999

Two HPC Clusters (~1K cores) + dedicated servers
10/40Gb Ethernet and 40Gbp IB Networks
~1PByte of Storage (HT scale-out, DAS & DRS)

(Mostly) Open and standard operating systems and
software

Up to 100 users, 15% advanced users

Max 90KVA power consumption
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1. PHN FAMILIES
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Protein Homology Network Families

= More than 4 millions of bacterial proteins have been identified
= “Similar” proteins could be grouped together

= Function of unknown genes products could be inferred from the
most similar protein family
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(doi:10.1371/journal.pcbi.0020173)
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Protein Homology Network Protein Families
High level process description

Measure distance between network elements
(proteins)
Measure of topological similarities to rewire the
network
N -
Obtain the connected components
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PHN Families Results

Number of connections

2o perior organisms | from BLAST alignments Number of families

2010

[1,083,231,114 |

2009
971 Bacteria

2006 251 Bacteria

3195228
3925116
4914771

Number of Number of

Number of genomes Year

proteins families**
971 Bacteria 2009 3195228 92720 27
1190 Bacteria + H.Sapiens 2010 3925116 135001 31
1217 + 44 superior
organisms 2011 4914771 167839 36

* 84 Intel Xeon E5660 processors, frequency 2.67 GHz, 6-cores; ** E-value= 103, 6=0.5
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Case Study: T4SS

remaesft| 8| 8 8] & BEEB| 8 |3
weiomcassB| 8 | 8 |8 & RER|E| £ |3 '
Ss|s|s| $ BSE8IS| S |$ TYPE IV Secretion System
ramyio 8B EREEEEEEREEREEREREER involved organisms
Famiysze ERLFFFFFFEFEE FERER

| ] Tegionella pneumophila sir. Lens

Legionella pneumophila str. Paris
Legionella pneumophila subsp. pneumophila str. Philadelphia 1
Mesorhizobium loti MAFF303099

Nitrobacter hamburgensis X14

Oligotropha carboxidovorans OM5

Helicobacter pylori 26695

Helicobacter pylori B8

Helicobacter pylori G27

Helicobacter pylori HPAGT

Helicobacter pylori J99

Helicobacter pylori P12

Helicobacter pylori PeCand

Helicobacter pylori SJM180

Helicobacter pylori Shi470

Campylobacter jejuni subsp. jejuni 81-176

Campylobacter lari RM2100

Bordetella parapertussis 12822

Bordetella pertussis Tohama |

Neorickettsia sennetsu str. Miyayama

Candidatus Hamiltonella defensa 5AT (Acyrthosiphon pisum)
Edwardsiella tarda E1B202

Variovorax paradoxus S111

Verminephrobacter eiseniae EF01-2

Vibrio fischeri ES114

Bordetella bronchiseptica RB50

Bartonella tribocorum CIP 105476

Bartonella grahamii asdauj

2006

WM H.pylori J99 [Cag)
o ylori 26695
a (Trb/Tra]

TR R [VirDd

Comp. appar:
P. profundum
W. succinogenes

C.jejuni |

R. prowazekil
R.felis

R. conorii |

. loti
L. pneumophila Philadelphia
L. pneumophila Paris
L. pneumophila Lens

E 5
A8
5 % |8
£ ruminantium Welg. . x| »| Aggregatibacter actinomycetemcomitans.
E. ruminantium Welg. * xfx[x #|Citrobacter rodentium ICC168
E ruminantium Gardel * X1 | Dickeya dadanti 3937
E. canis . x| #|Erwinia tasmaniensis Et1/99
A marginale . xfx[x »|Escherichia coli O157:H7 str. EC4115
B. pertussis [Ptl] x x|« x| Escherichia coli UMNO26
B. parapertussis * x| +|Proteus mirabilis
X. campestris ATCC 33913 * x| »|Pseudomonas syringae pv. phaseolicola 1448A
X. campestris 8004 * xfx[x | Rhizobium leguminosarum bv. trifolii WSM2304
onopodis x ©fx|x #| Shigella boydii CDC 3083-94
Plasmid pSB102 x o] » | Vibrio harveyi ATCC BAA-1116
Plasmid pIPO2T % o[« *{Xanthomonas campestris pv. vesicatoria str. 85-10
Bisuis 1] < o | Salmonella enterica subsp. enterica serovar Agona str. SL483
B. melitensis - x| x|= * | Stenotrophomonas maltophilia K279a
5‘:;1'5‘3@@@.5 x DR * | Stenotrophomonas maltophilia R551-3
d . x| #{ Xanthomanas axonopodis pv. citr str. 306
Y. pestis x x| * [ Xanthomonas campestris pF:, campestris str. B100
E.carotovora * x| *| Xanthomonas campestris pv. campestris str. 8004
g-:'u?:‘caf::;eﬁ:f’? x x| x| = | Xanthomonas campestris pv. campestris str. ATCC 33913
g o, 0 . X[« »{Burkholderia cenocepacia AU 1054
IB"C";':':::;&T'R":JG = . . x| e x| Agrobacterium vitis S4
Ineh plasn . * x| . ilnorhlzoblurg memdca(: w419 sorn
B x| xfx [« \naeromyxobacter dehalogenans 2CP- .
«|x x|« #|Bordetella petrii DSM 12804
e || i L e 1 8 9 Bacteria
A thizogenes . x| | xfx [« »{Burkholderia cenocepacia HI2424
sl B quimna VirB] «|x I x|« #{Nitrosomonas eutropha C91
[a] B Renselae VirB] | | x| *|Xanthomonas albilineans
X.fastidiosa x| xfx[x #{Xylella fastidiosa 9a5c
=] A punctata = | ©fx |« Brucella ovis ATCC 25840
= «|x x| Burkholderia cenocepacia J2315
H HU x| x| #{Burkholderia cenocepacia MCO-3
Ommo | xfx[x #|Burkholderia phytofirmans PsJN
ooo «|x xfx[x #{Burkholderia vietnamiensis G4
[S]ula] x| x| »|Burkholderia xenovorans LB400
oog x| xfx[x #{ Leptothrix cholodnii SP-6
oo v «|x x|« Brucella abortus $19
Dooo 3 x| xl x| Brucella abortus bv. 1 str. 9-941
oooo B E.amylovora pEU30 «|x *f e Brucella canis ATCC 23365
0oo P. syringae pPSR1 x| x wfx [ Brucella melitensis ATCC 23457
oo P. syringae phaseolicola x|x xlx [ Brucella melitensis biovar Abortus 2308
ooo P. syringae maculicola xfx wf x| x Brucella melitensis bv. 1 str. 16M
ogog H.influenzae pF3031 |x x| x| = Brucella microti CCM 4915
oog H.influenzae pF3028 x|x x| x[x Brucella suis 1330
ooo A.actinomycetemcornitans __| «|x wf e Brucella suis ATCC 23445
9983 e B e[ #{Rhodobacter sphaeroides ATCC 17025
g < x HER | Sphingobium japonicum UT26S
ggges IS B |= EIEIE x| Sphingomonas wittichii RW1
x| B wfx[x +|Phenylobacterium zucineum HLK1
x| 0 o[x xfx[x »| Agrobacterium radiobacter K84
x| w |« x|« #|Bradyrhizobium sp. BTAI1
x| x|« e[ | Mesorhizobium sp. BNC1
x| 0 o[x x[x[x #| Ochrobactrum anthropi ATCC 49188
x| ® [« x|« +|Rhizobium etli CIAT 652
e | x| e[ +{Rhizobium sp. NGR234
x| % [« x| »| Sinorhizobium meliloti 1021
x| ® |« x|« #{ Xanthobacter autotrophicus Py2
x| -\= xfxfx +|Bartonella henselae str. Houston-1
x| x| x| »|Bartonella quintana str. Toulouse.
clmElm |x |- x|« #| Agrobacterium tumefaciens str. C58
B e o x| + | Rhizobium etli CFN 42
Ele | o (@ ~ ]
F 8|8 8| B BR g
5|5 |5 5 S B
=

20 | High Throughput Scientific Computing in Vaccine Research | R. Beltrami | Dec. 101, 2014 U NOVARTIS



PHN Protein Families

Computational challenges

O(n?)
Find the "optimal" parameters of the algorithm
Large single image memory

Large number of relatively small files generated
during execution

Highly influenced by storage performances (metadata
1/0)

Browsing and visualization of results
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2. DEEP SEQUENCING
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Deep Sequencing Data Analysis

Genomics pillars

1. Sequencing & Assembly
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1. The Assembly Phase

How to get from one to the other with no instruction manual
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2. The Annotation Phase

Metadata rule
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2. From Sequences to Genes
Automatic annotation pipeline

Assembly
quality D Contigs
assessment reordering

\/ Annotation process:

» Finds transfer RNAs
BLAST) . Predict ribosomal RNAs
PropbicaL | * ldentify coding regions

f « Spot signal peptide motifs
« Search similar proteins for
functional annotation
Explore protein families
Predict non coding RNAs

% 2 BioPerl

Quokka (Setonix brachyurus) from "Mammals of Australia”
by John Gould, 1863. ‘
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2. Atlas of Gene Products

gM (UL100)

aN (ULT3) gB (UL55)

e

Nucleocapgid P ".‘A‘"/'V:H' a ; ' \ gH (UL75)
MCP (pUL86) / S gL (UL115)

mCP (pUL85) ¢ , ; gO (UL74)
pUL104 .

GPCR (US27, UL33)

Adapted from Streblow D. et al. and Kalejta R., Gibson W.
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pUL47 (HMWP-Binding Protein)
pUL48 (HMWP)

GENE EXPRESSION:
pp71 (UL82)

ppUL35

ppUL69

IMMUNE EVASION:
pp65 (UL83, Lower Matrix Protein)
pIRS1/pTRS1

ASSEMBLY AND EGRESS:
ppUL97

pp150 (UL32)

pp28 (UL99)

OTHER TEGUMENT PROTEINS:
ppUL25
pUL26
pUL36
pUL38
pUL45
pUL76
pUL77
pUL88
pUL94
puUS24
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2. Comparative Genome Analysis
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3. RNA-Seq

A genome-wide transcriptional activity snapshot

Expression level
quantification by
normalized counts of
reads in specific
genomic regions

Differential gene expression

Annotation-independent detection of

transcription
(large and small RNAs, novel transcripts, novel CDS, ncRNA,
operons, untranslated regions)
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3. RNA-Seq Process Overview

Generate cDNA,

, Extract RNAs :
Samples of interest T fragment, size
s — > BE= T L T T T F
.;\ 2, > [T Fom I [ [ o
G I S I I B
R R N E R T T T+ —
Condition 1 Condition 2
(normal colon) (colon tumor)
transcriptome, reads
d redicted Rlllizl ...... i 14 1
an p : \ A Bl Bl o ]
exonJunctlonS 1 b1 [ ll ........ |
1 -1 g 111
-1 -1 g1
1 Hundreds of millions of paired reads
, Tens of billions bases of sequence
Downstream analysis (Error rate = 0.1%)
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3. Differential Gene Expression
A hard "spot the differences” game

The question we are trying
to answer is:

Which genes are being
expressed at different levels
in different conditions ?

Conditions can be
environment, time, genetic
background, etc.
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The question we are trying
to answer is:
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3. An Example of Actual Results

Adapted from: Thumma et al., BMC Genomics 2012, 13:364

Color Key

O O O N 0 N
X o s o = X
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Deep Sequencing Data Analysis

Computational challenges

Very large amount of data

Relatively new algorithms, quickly changing and
evolving

Conflicting software stacks required by analysis
pipeline

Highly influenced by storage performances (1/0
throughput)

Biological samples, data and experiment management

Browsing and visualization of results

]
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ldeas and Opportunities

New Discoveries on How to Prevent and Cure Diseases
Foster Interdisciplinary Collaborations

New Innovative Computing Technologies

HPC / HTC as an Everybody's Tool

Applied Computer Science Research

Environment-friendly Computing

,V\'V

%m

Help a Sustainable Economy
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Summary

Biotech innovation is shaping scientific
computing infrastructures and organizations

Computational Biology and Life Sciences in
general are data-intensive research areas

undergoing a “data deluge”

Openness, scalability, flexibility and
collaborative efforts are the keys to sustain
innovation

Learn from experience and look for creative
research to the ultimate goal of extracting
information and building knowledge
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