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" Memorial Sloan-Kettering Cancer Center

Biomedical Data Sciences Group
Facts
o Cost of collecting data drops, amounts increase exponentially.
o We have more data than accurate models. Need better models!
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Biomedical Data Sciences Group
Facts
o Cost of collecting data drops, amounts increase exponentially.
o We have more data than accurate models. Need better models!

Group's research

o Data Science Algorithms, Models & Tools
~» Machine Learning,
~> Bioinformatics.

o Biology & Medicine Problem Setting & Goals
~» RNA processing regulation,
~> Clinical data analysis.
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- _ Memorial Sloan-Kettering Cancer Center
Learning About the Central Dogma

RNA

transcript mRNA — mRNA protein inactive
)

DNA y
protein

NUCLEUS CYTOSOL
Goal: Learn to predict what these processes accomplish:

o Given the DNA, ..., predict all gene products
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transcriptional RNA
control processing

control

NUCLEUS CYTOSOL
Goal: Learn to predict what these processes accomplish:

o Given the DNA, ..., predict all gene products
f(DNA, 1 2 3) = RNA g(RNA, 4 5) = protein

© Gunnar Ritsch (cBio@MSKCC) Modern Challenges in Biomedicine @ Early Detection Research Network 2


http://cbio.mskcc.org
http://www.mskcc.org

- _ Memorial Sloan-Kettering Cancer Center
Learning About the Central Dogma

RNA . protein
transport  translation  activity
control control control
RNA 3 4 5 g .
DNA transcript __ mRNA = mRNA —. protein— . inactive
1 2 M protein
transcriptional RNA
control processing

control

NUCLEUS CYTOSOL
Goal: Learn to predict what these processes accomplish:
o Given the DNA, ..., predict all gene products
f(DNA, 1 2 3) = RNA g(RNA, 4 5) = protein

o Estimating f, g amounts to cracking the codes of
transcription, epigenetics, splicing, ...
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RNA protein
transport  translation  activity
control control control
RNA 3 4 5 m -
DNA _____ transcript __ mRNA - mRNA —.. protein— . inactive
1 2 M protein
transcriptional RNA
control processing

control

NUCLEUS CYTOSOL

Three things are crucial:

o Biological insights (a.k.a. prior knowledge)
o Many observations of the system: (DNA, 1 2 3 RNA)Y
o Learning methods to estimate ©: fo(DNA, 1 2 3) = RNA
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RNA-seq based Transcriptome Characterization

N .
. reads Accurate spliced
Sequencing alignments
[Bona et al., 2008, Jean et al., 2010]
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RNA-seq based Transcriptome Characterization

@ Quantitative studies: Isoform quantitation
What is expressed? and bias modeling

[Bohnert et al., 2009, 2010]

. reads Accurate spliced
Sequencing alignments
[Bona et al., 2008, Jean et al., 2010]

© Gunnar Ritsch (cBio@MSKCC) Modern Challenges in Biomedicine @ Early Detection Research Network 4



http://cbio.mskcc.org
http://www.mskcc.org

" I Vemoral Sioan-Kettering Gancer Genter
RNA-seq based Transcriptome Characterization

@ Quantitative studies:
What is expressed?

o Differential analyses:

Are there differences
between conditions?
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Isoform quantitation
and bias modeling
[Bohnert et al., 2009, 2010]
Tests for differential

isoform expression
[Drewe et al., 2013]

Accurate spliced
alignments

[Bona et al., 2008, Jean et al., 2010]
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RNA-seq based Transcriptome Characterization

o Quantitative studies:
What is expressed?

o Differential analyses:
Are there differences
between conditions?

o Discovery: Are there

N\

any new alternative w

splicing events or
transcript isoforms?

\
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Isoform quantitation
and bias modeling
[Bohnert et al., 2009, 2010]
Tests for differential
isoform expression
[Drewe et al., 2013]

Identify novel
alternative splicing
[Kahles et al., i.P., 2014]
Simultaneous transcript

identification & quantitation
[Behr et al., 2013]

Accurate spliced

alignments
[Bona et al., 2008, Jean et al., 2010]
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RNA-seq based Tran

@ Quantitative studies:
What is expressed?

Differential analyses:
Are there differences
between conditions?

Discovery: Are there
any new alternative
splicing events or
transcript isoforms?

De novo annotation:
Where are the genes?
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Memorial Sloan-Kettering Cancer Center

scriptome Characterization

Isoform quantitation

and bias modeling
[Bohnert et al., 2009, 2010]

rQuant

Tests for differential
isoform expression

[Drewe et al., 2013]

Identify novel

alternative splicing

[Kahles et al., i.P., 2014]
Simultaneous transcript
identification & quantitation
[Behr et al., 2013]

Gene finding with

RNA-seq evidence
[Behr et al., 2010, 2013, Gan et al., 2011]

mGene.ngs

iR

. d

Accurate spliced

alignments
[Bona et al., 2008, Jean et al., 2010]
Biomedicine
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RNA-seq based Transcriptome Characterization

@ Quantitative studies:
What is expressed?

o Differential analyses:
Are there differences
between conditions?

o Discovery: Are there
any new alternative
splicing events or
transcript isoforms?

o De novo annotation:
Where are the genes?

o)
o

--(_wime )

mGene.ngs

oqtans

online
quantitative
transcriptome
analysis

[Sreedharan et al., 2014]

http://galaxy.cbio

.mskcc.org
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Nucleic Acids Research, 2013, Vol. 41, No. 10
Accurate detection of differential RNA processing

Philipp Drewe'?*, Oliver Stegle®*, Lisa Hartmann®®, André Kahles'2, Regina Bohnert?,
Andreas Wachter®, Karsten Borgwardt>*® and Gunnar Ratsch’?*

"Computational Biology Center, Sloan-Kettering Institute, 1275 York Avenue, New York, NY 10065, USA,
2Friedrich Miescher Laboratory of the Max-Planck Society, Spemannstrasse 39, 72076 Tiibingen, Germany,

3Machine Learning and Computational Biology Research Group, Max Planck Institute for Intelligent Systems,
. Spemannstrasse 38, 72076 Tibingen, Germany, “Department of Molecular Biology, Max Planck Institute for

i Developmental Biology, Spemannstrasse 38, 72076 Tiibingen, Germany, “Center for Plant Mol. Biology,
University of Tiibingen, Auf der Morgenstelle 28, 72076 Tiibingen, Germany and °Center for Bioinformatics,
University of Tiibingen, Sand 14, 72076 Tibingen, Germany

Novel non-parametric statistical test for differential transcript ex-
pression that even works when annotations are incomplete.
http://bioweb.me/rdiff
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Philipp Drewe'?*, Oliver Stegle®*, Lisa Hartmann®®, André Kahles'2, Regina Bohnert?,
Andreas Wachter®, Karsten Borgwardt>*® and Gunnar Ratsch’?*

"Computational Biology Center, Sloan-Kettering Institute, 1275 York Avenue, New York, NY 10065, USA,
2Friedrich Miescher Laboratory of the Max-Planck Society, Spemannstrasse 39, 72076 Tiibingen, Germany,

3Machine Learning and Computational Biology Research Group, Max Planck Institute for Intelligent Systems,
. Spemannstrasse 38, 72076 Tibingen, Germany, “Department of Molecular Biology, Max Planck Institute for
i Developmental Biology, Spemannstrasse 38, 72076 Tiibingen, Germany, “Center for Plant Mol. Biology,
University of Tiibingen, Auf der Morgenstelle 28, 72076 Tiibingen, Germany and °Center for Bioinformatics,

University of Tiibingen, Sand 14, 72076 Tibingen, Germany

Novel non-parametric statistical test for differential transcript ex-
pression that even works when annotations are incomplete.
http://bioweb.me/rdiff

Nature, 2014 Sep 4; 513(7516):65-70

ARTICLE

d0k:10.1038/nature13485

Application

RNA G-quadruplexes cause elF4A-
dependent oncogene translation in cancer

Q
A Andrew L. Wolfe'"*, Kamini Singh'*, Yi Zhong®, Philipp Drewe?, Vinagolu K. Rajasekhar*, Viraj R. Sanghvi',
i KonstantinosJ. Mavrakis't, Man Jiang', Justine E. Roderick®, Joni Van der Meulen", Jonathan H. Schatz'’t, Christina M. Rodrigo®,
Chunying Zhao', Pieter Rondou®, Elisa de Stanchina’, Julie Teruya-Feldstein'’, Michelle A. Kelliher, Frank Speleman®,

John A. Porco Jr®, Jerry Pelletier'™'?*, Gunnar Ritsch’ & Hans-Guido Wendel'

Application & extension of techniques to Ribosome footprinting
and analysis of effect of drug Silvestrol on translation (+ biology).
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- _ Memorial Sloan-Kettering Cancer Center
Detecting Differential RNA processing

Compare the read distributions in two conditions

Transcript 1 Mixture of transcripts
Condition A
] *
j=2)
&
@
g 20% * observed
© ——
g
o
B

Transcript 2
— T

read coverage

genome position 5’ -> 3’
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Detecting Differential RNA processing

Compare the read distributions in two conditions

Transcript 1
T e

read coverage

Transcript 2
— T

read coverage

genome position 5’ -> 3’

/V\/V\ 50%
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Mixture of transcripts
Condition A

*
*

Condition B

{'/\ * observed

genome position 5’ -> 3’
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- _ Memorial Sloan-Kettering Cancer Center
Detecting Differential RNA processing

Compare the read distributions in two conditions

Transcript 1 Mixture of transcripts
Condition A
] *
g
@
g 50% * bserved
s —_— observe
§ [\
o
B
Y
Transcript 2 0%
- — Condition B
>
S . observed
el
A
genome position 5’ -> 3’ genome position 5’ -> 3’

Goal: Design a test to detect differential RNA processing:
(Alternative splicing, promotor usage, NMD, ...)
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- _ Memorial Sloan-Kettering Cancer Center
Testing Strategies

Known Transcripts:

o Two-step approach

@ Quantification
@ Testing

[ Mappedreads] [ Annotation ]

Quantification

[ Detect differential RNA processing )

[Wong et al., Bioinformatics, 2009]
[Yaspo et al., Nucl. Acids Res., 2010]
[Bohnert et al., BMC Bioinf., 2010]
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Testing Strategies

Known Transcripts:
o Two-step approach

@ Quantification
@ Testing

o Avoid quantification?
o One-step region testing
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[ Mapped reads [ Annotation ]

Quantification

[ Testing ] [ Region testing ]

l —

(

Detect differential RNA processing )

[Wong et al., Bioinformatics,
[Yaspo et al., Nucl. Acids Res.,
[Bohnert et al., BMC Bioinf.,
[Stegle et al., Nat. Prec.,
[Anders et al., Genome Res.,
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Testing Strategies

Known Transcripts:
o Two-step approach
@ Quantification
@ Testing
o Avoid quantification?
o One-step region testing
Unknown transcripts:

o Include transcript
identification in analysis.
@ Detection
@ Region testing
= Complex!
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Testing Strategies

Known Transcripts:
o Two-step approach
@ Quantification
@ Testing
o Avoid quantification?
o One-step region testing
Unknown transcripts:

o Include transcript
identification in analysis.
@ Detection
@ Region testing
= Complex!

o One-step testing on the
read densities!

Memorial Sloan-Kettering Cancer Center

4( Mappedreads)—b[ Annotation ]

Quantification

[ Density testing ] [ Testing ] [ Region testing ]

~ l —

[ Detect differential RNA processing j

[Wong et al., Bioinformatics,
[Yaspo et al., Nucl. Acids Res.,
[Bohnert et al., BMC Bioinf.,
[Stegle et al., Nat. Prec.,
[Anders et al., Genome Res.,

[Drewe et al., Nuc. Acids Res.,
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Density Testing Without Gene Structure

Condition A

Read density

_/‘”NM M MW’“\ w0
el 1\ T PRl

© Gunnar Ritsch (cBio@MSKCC) Modern Challenges in Biomedicine @ Early Detection Research Network 8


http://cbio.mskcc.org
http://www.mskcc.org

- Memorial Sloan-Kettering Cancer Center

Density Testing Without Gene Structure

el
AT

Condition A

Wl
W Y
?;:fsi::;;t?:sjﬂﬂ !M
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- _ Memorial Sloan-Kettering Cancer Center
Non-parametric Test for High-dimensional Data

o Represent the density of reads
N A/B
8 = 3P o(x)

[Gretton et al., 2008]
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Non-parametric Test for High-dimensional Data

o Represent the density of reads
N A/B
8 = 3P o(x)

o Compute the distance
between p” and p5:
D(A, B) = [|[n* — 11®|ln
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Observed density
difference between
conditions

»
»

Density difference between random samples
[Gretton et al., 2008]
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Non-parametric Test for High-dimensional Data

o Represent the density of reads

A/B _ \~N A/B
H /B = Zi:l (D(Xi) Observed density
difference between
o Compute the distance conditions

between p” and p5:
D(A, B) = || = Bl

o Permute reads between
samples to compute p-value

»
»

0
Density difference between random samples

[Gretton et al., 2008]
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Non-parametric Test for High-dimensional Data

o Represent the density of reads

A/B _ \~N A/B
H /B = Zi:l (D(Xi) Observed density
difference between
o Compute the distance conditions

between p” and p5:
D(A, B) = [|[n* — 11®|ln

o Permute reads between
samples to compute p-value

o Trick: Match observed 3 >

- . . Density diff I
d|sper5|on by su bsampllng ensity difference between random samples
[Gretton et al., 2008]

Drewe et al. (2013) contains proper comparison with other
state-of-the-art methods (e.g., CuffDiff, Miso).
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Other Applications

o RNA transcript expression
o Ribosome footprinting

o Protein expression (RPPA, Mass-Spec)

[Drewe et al., NAR, 2013]
[Wolfe et al., Nature, 2014]

[possible/need collaborator]

o ChlP-seq peak analysis [Schweikert et al., BMC Genomics, 2013]

o CLIP-seq peak analysis

o RNA secondary structure probing
o Protein structure probing (NMR?)

o Probing of repetitive polymorphisms
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[possible/need collaborator]

[ongoing]

[possible/need collaborator]

[Chae et al., Cell, 2014, i.p.]
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Memorial Sloan-Kettering Cancer Center

Application to Ribosome Profiling

Silvestrol

or control / Total RNA™ \ Identify
treatment
' . RNA Seq==» silvestrol
: p Purify - ~ targets

Ribosome-
KOPT-K1 protected RNA

© Gunnar Ritsch (cBio@MSKCC) Modern Challenges in Biomedicine @ Early Detection Research Network
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Application to Ribosome Profiling

Silvestrol

or control Total RNA™ :
treatment \dentify
) . RNA Seq==» silvestrol

> = targets
Ribosome-
protected RNA

KOPT-K1

Compound Silvestrol extracted from plant has anti-cancer activities:
Aglaia silvestris

From Wikipedia, the free encyclopedia

Aglaia silvestris is a species of plant in the Meliaceae family. It is found in Cambodia, India, Indonesia, Malaysia, Papua New Guinea, the Philippines, the
Solomon Islands, Thailand, and Vietnam.

w9

W00 o MMH)GLqu
Source [edi) pos 0 el
o] @)
o Pannell, C.M. 1998. Aglaia silvestris&. 2006 M ome o ome
Silvestrol (#)-CR-31-8
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Application to Ribosome Profiling

Silvestrol m
or control / Total RNA \ Identify
treatment )
. RNA Seq==» silvestrol
' ) Purity - targets

Ribosome-
KOPT-K1 protected RNA

Investigated effect of Silvestrol on translation using rDiff in T-ALL:

5'UTR Coding 3'UTR
Changes in ribosomal distribution along mRNAs

[Wolfe, Sing, Zhong, Drewe et al., Nature, 2014]
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Application to Ribosome Profiling

Silvestrol =~ o S

or control Total RNA \ Identify

treatm)ent buri RNA Seq=3» silvestrol
: @ urify = _p targets

Ribosome-
KOPT-K1 protected RNA

Investigated effect of Silvestrol on translation using rDiff in T-ALL:

Normalized read coverage

5'UTR Coding 3'UTR
Changes in ribosomal distribution along mRNAs

5 UTR Coding region 3'UTR
Normalized transcript length

[Wolfe, Sing, Zhong, Drewe et al., Nature, 2014]
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Application to Ribosome Profiling

Found a motif that was strongly in enriched in detected genes:
G-quadruplex structures
C,

Motif (TE down)

o
<S>
P

0 A
12 3 4 5

[Wolfe, Sing, Zhong, Drewe et al., Nature, 2014]
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Application to Ribosome Profiling

Found a motif that was strongly in enriched in detected genes:
G—quadruplecx structures

Motif (TE down)

o
<S>
P

0 A
12 3 4 5

[ |

1.
2
GQs &
o
or: ©
w
w

0.5+
control I
and: 2
©
°
4

0=

Silv. (25 nM) + -+

HCV IRES GQs control

[Wolfe, Sing, Zhong, Drewe et al., Nature, 2014]
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Silvestrol’s Anti-Cancer Activity

TE down (n=281)
Super-enhancers TE down/
in T-ALL rDiff genes
0 ‘llllllllllllllllll"

Transcrlpts

0.001 rDIff (n=847) Includes: BCL2
CCND3
CDK6

0.0005 ETS1

MYB

NOTCHA1

RUNX1

o
Q
()

o
o
=

Change in translational
efficiency (p-value)
%
“‘%

Change in ribosomal
distribution (p—value)

0
g, §§$b é@~
Transcnpts

[Wolfe, Sing, Zhong, Drewe et al., Nature., 2014]
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Silvestrol’s Anti-Cancer Activity via elF4A

500
400
300

200

Tumor volume (%)

100

(#}-CR-31-B

T 1 rr
2 4 6 8 10 12 14 16 18 20

frititf e

& &
5 UTR Coding JUTR

5’UTR accumulation and reduction in RF 1

l AKT targets
- |— Rapamycin

Loss of elF4A dependent translation: Sllveslrol

MYC MDM2

NOTCH1 CCND3

MYB BCL2 X

CDK8é ETS1 @ g

cap mRNA

[Wolfe, Sing, Zhong, Drewe et al., Nature., 2014]
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(in preparation, 2014)

SplAdder: Integrated Quantification, Visualization and

Differential Analysis of Alternative Splicing

André Kahles ! Cheng Soon Ong,? Kjong-Van Lehmann ! and Gunnar
Ratsch '*
!Memorial Sloan-Kettering Cancer Center, Computational Biology Center, 1275 York Avenue, New

York, NY 10065, USA
2NICTA, Canberra Research Laboratory, Tower A, 7 London Circuit, Canberra ACT 2601, Australia

Novel tool for identifying novel splicing variants, differential analysis
and visualization. http://bioweb.me/spladder
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(in preparation, 2014)

SplAdder: Integrated Quantification, Visualization and

Differential Analysis of Alternative Splicing
André Kahles ' Cheng Soon Ong,” Kjong-Van Lehmann* and Gunnar

Ratsch '*
!Memorial Sloan-Kettering Cancer Center, Computational Biology Center, 1275 York Avenue, New
| York, NY 10065, USA
I

2NICTA, Canberra Research Laboratory, Tower A, 7 London Circuit, Canberra ACT 2601, Australia

Novel tool for identifying novel splicing variants, differential analysis
and visualization. http://bioweb.me/spladder

(Submitted to PSB"15)

Integrative Genome-wide Analysis of the Determinants of RNA Splicing in

Kidney Renal Clear Cell Carcinoma
| Kjong-Van Lehmann!*#, Andre Kahles!# Cyriac Kandoth! William Lee}

Application

Nikolaus Schultz! and Oliver Stegle2? and Gunnar Riitsch!
1 Computational Biology Center, Memorial Sloan-Kettering Cancer Center, New York, NY 10044, U.S.A
2 European Bioinformatics Institute, Hinzton, Cambridge, CB10 1SD, United Kingdom
i Both authors contributed equally.

Integrative splicing analysis of Kidney Renal Clear Cell Carcinoma.
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SplAdder: Detection of Novel Splicing Events

Building the Splicing Graph

o Take all annotated transcript isoforms of a gene

TIE1 TIE2 TIE3 T1E4
Isoform 1

T2E1 T2E2 T2E3
Isoform 2

T3E1 T3E2 T3E3
Isoform 3

T4E1 TaE2
Isoform 4
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SplAdder: Detection of Novel Splicing Events
Building the Splicing Graph

o Take all annotated transcript isoforms of a gene

Isoform 1

Isoform 2

Isoform 3

Isoform 4
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- _ Memorial Sloan-Kettering Cancer Center
SplAdder: Detection of Novel Splicing Events

Building the Splicing Graph

o Take all annotated transcript isoforms of a gene
o Resolve redundencies by graph representation

Isoform 1

Isoform 2

Isoform 3

Isoform 4

Splicing Graph
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Splicing Graph Augmentation

Criteria for Augmentation

o Support from exonic coverage
o Splice junction evidence from split alignments

I e

coverage

split alignments
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Splicing Graph Augmentation

Criteria for Augmentation

o Support from exonic coverage
o Splice junction evidence from split alignments

s HF_V—I

coverage

split alignments
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Splicing Graph Augmentation

Criteria for Augmentation

o Support from exonic coverage

o Splice junction evidence from split alignments

Il e HI—_W-—I

coverage

split alignments —oliiooTriiz

l—_—mHl=7l

coverage
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Extract Alternative Splicing Events

o Define alternative splicing events as minimal subsets of nodes in
the graph

http://bioweb.me/spladder
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Extract Alternative Splicing Events

o Define alternative splicing events as minimal subsets of nodes in
the graph
o Extract one sub-graph per event — genelets

- A5
[ e I

http://bioweb.me/spladder
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Extract Alternative Splicing Events

o Define alternative splicing events as minimal subsets of nodes in
the graph
o Extract one sub-graph per event — genelets

l— a5/ A
[ e Do o

http://bioweb.me/spladder
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Extract Alternative Splicing Events

o Define alternative splicing events as minimal subsets of nodes in
the graph
o Extract one sub-graph per event — genelets

l— a5/ A
[ e Do o

- .
e

Exon Skip

http://bioweb.me/spladder
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Extract Alternative Splicing Events

o Define alternative splicing events as minimal subsets of nodes in
the graph
o Extract one sub-graph per event — genelets

l— a5/ A
[ e Do o

- .
e

|
I

Exon Skip

Intron Retention >

http://bioweb.me/spladder
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Computing the Splicing Index
Utilize RNA-Seq Evidence

http://bioweb.me/spladder
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Computing the Splicing Index
Utilize RNA-Seq Evidence

o Count read evidence for each intron edge in the graph

http://bioweb.me/spladder
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Computing the Splicing Index
Utilize RNA-Seq Evidence

o Count read evidence for each intron edge in the graph

o Compute splicing index as count ratio between the two isoforms

at+b
a+b+2c

http://bioweb.me/spladder
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Computing the Splicing Index
Utilize RNA-Seq Evidence

o Count read evidence for each intron edge in the graph
o Compute splicing index as count ratio between the two isoforms
0 62.5% of isoforms have the cassette exone spliced in

a+b N 6+4 _
a+b+2c > Toratre 062

http://bioweb.me/spladder
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Visualizing Splicing with SplAdder

Condition 1

-
o]
3

Read Covera
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% 100

00 300
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2 400

00 600
+1.099988e8

Read Coverage
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200
150
100
50|
0 T
0 100 200 300 400 500 600
Position on contig +1,099988e8

Aggregated coverage information of over multiple conditions.

PSI Distribution

0.8} j
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K
0.4] EI 1

4
02| A
- |:|
0.
Condition 1 Condition 2 Condition 3

Distribution of Splicing Indexes.
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Splicing Graph for a gene.
http://bioweb.me/spladder
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Splicing Analysis Across Multiple Cancer Types

@ Identify cancer-specific splicing patterns

@ Identify variants regulating splicing in same gene (cis)

@ Identify variants regulating splicing in other cancer genes (trans)
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Splicing Analysis Across Multiple Cancer Types

@ ldentify cancer-specific splicing patterns

@ Identify variants regulating splicing in same gene (cis)

@ Identify variants regulating splicing in other cancer genes (trans)

TCGA provides RNA-seq and matching exome-Seq data
o RNA-seq ~~ Find & quantify splicing events
o Exome ~~ Identify variants in exons & flanking intronic regions

B ) e et i T T S - —
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Splicing Analysis Across Multiple Cancer Types

@ ldentify cancer-specific splicing patterns

@ Identify variants regulating splicing in same gene (cis)

@ Identify variants regulating splicing in other cancer genes (trans)

TCGA provides RNA-seq and matching exome-Seq data
o RNA-seq ~~ Find & quantify splicing events
o Exome ~~ Identify variants in exons & flanking intronic regions

B ) e et i T T S - —

Problem: Non-uniform processing (alignments & variant calling)
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RNA-Seq Data Sources

rial Sloan-Kettering Cancer Center

> 4,000 TCGA Samples

LUAD (355/57)

LAML(173)

© Gunnar Ritsch (cBio@MSKCC) Modern Challenges in Biomedicine

UCEC (318/4)
READ (77)
OV (420)
LUSC (310/25) \
——

BLCA (122/16)
BRCA (843/105)
COAD (199)
GBM (170)
HNSC (302/37)

KIRC (499/71)
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RNA-Seq Data Sources

> 4,000 TCGA Samples
UCEC (318/4) BLCA (122/16)
READ (77) BRCA (843/105)
QV (420) COAD (199)
LUSC (310/25) GBM (170)
LUAD (355/57) 4\/ HNSC (302/37)

LAML(173) KIRC (499/71)

Computing at cluster colocated with CGHub

= Re-mapping (STAR): ~ 6 CPU years
= Splice variant quantification (SplAdder): ~ 1.5 CPU years
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RNA-Seq Data Sources

> 4,000 TCGA Samples
UCEC (318/4) BLCA (122/16)
READ (77) BRCA (843/105)
0OV (420) COAD (199)
GBM (170)

wsc @102 ——— |
LUAD (355/57) / HNSC (302/37)
LAML(173) \

KIRC (499/71)

TCGA UNC
Normals
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RNA-Seq Data Sources

rial Sloan-Kettering Cancer Center

> 4,000 TCGA Samples

LUAD (355/57) HNSC (302/37)

LAML(173) KIRC (499/71)

UCEC (318/4) BLCA (122/16)

READ (77) BRCA (843/105)

OV (420) COAD (199)

LUSC (310/25) \ \ GBM (170)
X/

TCGA UNC
Normals

ENCODE
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]
RNA-Seq Data Sources
> 4,000 TCGA Samples
UCEC (318/4) BLCA (122/16)
READ (77) BRCA (843/105)
0OV (420) COAD (199)

GBM (170)

tsce0r2s) ——— |

LUAD (355/57) /
LAML(173) x

e Geuvadis

HNSC (302/37)

KIRC (499/71)

TCGA UNC
Normals

ENCODE
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]
RNA-Seq Data Sources
> 4,000 TCGA Samples
UCEC (318/4) BLCA (122/16)
READ (77) BRCA (843/105)
0OV (420) COAD (199)

GBM (170)

wsc 1025 ——— | \
LUAD (355/57) /
LAML(173) x

Total: > 5,200 Samples

HNSC (302/37)

KIRC (499/71)

Geuvadis

TCGA UNC
Normals

ENCODE
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Splicing Variation Across ~4,000 Cancer Samples

60000

50000

40000
& exon skip

30000 ¥ intron retention

20000 alt 3 prime
Halt 5 prime

10000 -

0
Annotated Annotated SplAdder  SplAdder
(High conf.) (High conf.)

High Confidence:
More than 10 spliced reads.
Each isoform is observed in at least 10 samples.
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Annotation vs. SplAdder & Tumor vs. Normal

Event statistics exon_skip

I SplA - tc (272)
14000 Il SplA - tn (272)
Il Anno - tc (272)

El Anno - tn (272)||

Confirmed events

5.0 10.0
Confirmed in % samples
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Qualitative Differences: Cancer-specific Splicing

TCGA/
SplAdder
Splicing
Events

~4000 TCGA
Tumor RNA-
Seq

Identify
Splice variants

=500
Geuvadis

7]
b2}
c
g8 RNA-Seq
= ©
c >
S
(& _g Tumor
=3 g ) Q g 2 g 8 Q 2 2
(%) E & < E El E & M E] E

MMP11
DNM1 0.64
@ ARTN 0.56
2
c KIF1A
© THBS1 0.48
] SLC6A3
2
Q> 0.40
O o HORMAD1
2 (_J SLC17A4 0.32
=3 ENPP3 0.24
2 MTCLY
CNIH2 016
NPW/ 0.08
RABL6
0.00
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Quantitative Differences: Shift in Abundances

10 Tumor TPM1
 —— |
o8y = (B3
_ 0.6} NL -
[%2]
o L
0.4f —
02} i
0.0 :
10 ‘ ' Norma_IIPMl '
08l = -
& 06 Eﬂ T = —F
Soaf T ]
0.2} l::l T
0.0 - -
¥ ¥ < Y &
& & & S g

Example: TPM1 - Tropomyosin 1
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Comprehensive Clinical Decision Support Systems

Aim 1: Data Aim 2: Knowledge Aim 3: Action
Computable patient representation Predict clinical phenotypes Select optimal therapy
Distill Data Embed Data Connect Data "2\ Clinical
Trial Design
Health Records m s . N
—
p(phenotype| X, ) %W %\‘
Pathology Images \ %
— \ ’
Genomic Data % %
e Ay A

TT 7 Precision % %

H A Medicine % %

| H
‘! K- argmax__ p(survival | x,==)
= =={Z}

phenotype

LY Drugs
c® —

Visualize Data Predict clinical phenotype Predict Treatment
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15* Steps: Topic Models & Molecular Pathology

cell ToP MUTATION-TOPIC CORRELATIONS BETWEEN POSITIVE MUTATION

xdenp\:g“xer‘(r\eﬂ)&rg 5 mhgg‘c‘f TESTS AND IMPRESSIONS & PLAN 20 TOPIC GROUP.

non_small
u n g brain Mutation Topic words T p-value
NRAS-Q61 melanoma, trials, options 0.31 3.8E-05
BRAF-V600 melanoma, trials, options 0.29 1.6E-07
linical  wesks EGFR-EXON-19 mutational, lung, testing 0.27 4.4E-05
metastatic é,f;g!geoq,;;gﬁgs BRAF-V600 thyroid, disease, PET 0.21 | 1.6E-07
testingtC EGFR-L858 mutational, lung, testing 0.16 1.8E-19
mutational NRAS-Q61 thyroid, disease, PET 0.16 | 3.8E-05
EGFR-T790 mutational, lung, testing 0.16 4.8E-25
PIK3CA-H1047 breast, cancer, positive 0.14 5.0E-20
me(?‘t‘ﬁ"i‘é‘““é.r bone EGFR-EXON-20 mutational, lung, testing 0.11 4.5E-07
cancelase Chan etal., ., Gard atsch, 2013
disease an et al,, ..., Gardos, Artz, Ratsch,
Karaletsos et al., ..., Rdtsch, 2013
THPRESSION & FLAN The patient 1s 2 AGE_yer-old voren wiihout nistory of Patient De-ID
Smoking now with recently diagnosed stage Iv honsmall cell luig
with mali Teural effusion. During this visit w .
Giocusses tre cxtont of B1dessh 3nd ot of pailiarivg systemc HHHHIHO Negative
e Ter® iower TS mass 1o oviotn more.esue for EGFR mitaEjopat ool A
EENEDE S Sk coeiias fo il sl ey, X0 Card o HHHHHEL Negative
frer inal tr X e ~
Sistusees the prognonis relstesto Tisse IV pan-ensil cell Lons ESREATORS. HitHH1 Positive

Statistical  g#####2 |
@7 Association guuuuus Positive
HHHHHA Negative

Text summary in terms of topic presence ' .
HHHHIHA Negative

Data: ~200k text notes (/6500 patients) + small mutation panel
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Next Steps: Language Model & Normalization
o Summarization works for standardized vocabulary

o Challenging for diverse texts from many MDs

o Google: Nonlinear embedding to vector space (word2vec, 2013)

QUEENS Expression Nearest token
Paris - France + ltaly Rome
bigger - big + cold colder
KINGS \ 9% 9
sushi - Japan + Germany bratwurst
QUEEN Cu - copper + gold Au
/ Windows - Microsoft + Google Android
KING Montreal Canadiens - Montreal + Toronto | Toronto Maple Leafs

Data: ~2M text notes (~~290k patients)
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- _ Memorial Sloan-Kettering Cancer Center
Next Steps: Language Model & Normalization
o Summarization works for standardized vocabulary

o Challenging for diverse texts from many MDs

o Google: Nonlinear embedding to vector space (word2vec, 2013)

QUEENS Expression Nearest token
Paris - France + ltaly Rome
bigger - big + cold colder
KINGS \ 9% 9
sushi - Japan + Germany bratwurst
QUEEN Cu - copper + gold Au
/ Windows - Microsoft + Google Android
KING Montreal Canadiens - Montreal + Toronto | Toronto Maple Leafs

o Use all of MSKCCs text data to learn cancer language model

o “Normalize” documents for subsequent analysis

Data: ~2M text notes (~~290k patients)
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Patient Time Lines with EHR Summaries
Summarized text can be visualized and computed on:
o Text notes can be categorized (e.g., good news/bad news)
o Data integration w/ lab tests for summary of patient ‘fitness'

o Predictive models of patient/disease progression

Radiation CF (localized) — Metastasis Ketoconazole & — p—
L Casodex __ Hydrocortisone Abiraterone

Hormone <& g *

e -
Chemo Docetaxel & Carboplatin &

Prednisone Etoposide

r T T T T T 1
1year 2 years 3years 4 years 5years

Clinical notes < >0 < o X @ <o
Lab tests o o e o e ° °
Fitness T

Data: ~2M text notes (~290k patients) + ~<15k genomic panels
per year

[Future of] http://cbioportal.org
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Summary

o rDiff detects differentially covered regions & has many
applications

o Application: Ribosome footprinting revealed RNA G-Quadruplex
elements in 5" UTR that interacts with compound via elF4a
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Summary

o rDiff detects differentially covered regions & has many
applications

o Application: Ribosome footprinting revealed RNA G-Quadruplex
elements in 5" UTR that interacts with compound via elF4a

o SplAdder identifies and characterizes alternative splicing events

o Application: Characterize tumor/normal splicing differences;
major splicing reprogramming; transmembrane proteins
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- _ Memorial Sloan-Kettering Cancer Center
Summary

o rDiff detects differentially covered regions & has many
applications

o Application: Ribosome footprinting revealed RNA G-Quadruplex
elements in 5" UTR that interacts with compound via elF4a

o SplAdder identifies and characterizes alternative splicing events

o Application: Characterize tumor/normal splicing differences;
major splicing reprogramming; transmembrane proteins

o Topic models & word embeddings allow document
summarization to abstract knowledge of patients

o Application: Association study between patient characteristics
and somatic/germline variants of patients
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From Methods to Biomedical Data and Back!

il 4———mmmmm - - -

) Biomedical
Application

Molecular Biology
Health Informatics

Analysis
Tool

Learning
Algorithms

Machine Learning Bioinformatics

Strategies:
@ Know your methods well. Develop & Extend. Publish.
@ Develop usable tools. Publish.
@ Identify challenging, relevant applications. Collaborate, publish.

@ Changed problem formulations, limitations, new analysis
approaches, new data types or ideas? Go back to 1.
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