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research requires
understanding data
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What isimportant?
Where are theconnections?



The Cancer Genome Atlas @ kol

protein
expression

microRNA

publications :
expression

clinical MRNA
parameters expression

methylation mutation
levels status

copy
number

status
sequencing
data




Data Visualization
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THREE TOPICS



Cancer Subtype Analysis




Pathways & Experimental Data
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Managing Pathways &
CrossPathway Analysis
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What is Caleydo?

Softwareanalyzing molecular biology data

Software for doingesearch in visualization
developed in academic setting

platform for trying out radically new visualization
iIdeas

Quest for compromise betweemcademic
prototypingandready-to-use software

& CALEYDO



What is Caleydo?

Open source platforrfor developing
visualization and data analysis techniques

easilyextendibledue to plugin architecture
you can create your own views

you can plugn your own algorithms

% CALEYDO
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Cancer Subtypes

Cancer types are not homogeneous

They are divided Iint&ubtypes
different histology
different molecular alterations
Subtypes have serious implications

different treatment for subtypes

prognosisvaries between subtypes
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Cancer Subtype Analysis

Done usingnany different types of data
for large numbers of patients.

The Cancer Genome Atlas () Urdesiondng gonomics 16



Goal:

Support tumor subtype characterization
through

Integrative visual analysis
of cancer genomics data sets.



Tabular Data Stratification
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Stratification of a Single Dataset

e Subtypes are identified
by stratifying datasets, e.g.,

based on an expression pattern

a mutation status

ClusterA2 :
a copy number alteration

a combination of these
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Patients

Header /
Summary of
whole Stratification

Candidate Subtype /
Heat Map
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Stratification of Multiple Datasets

Bl
Cluster A1

ClusterA2

Tabular Categorical,
e.g., mMRNA e.g., mutation status 22



Stratification of Multiple Datasets

Bl
Cluster Al /

g

ClusterA2

Tabular Categorical,
e.g., mMRNA e.g., mutation status 23



High lev

Clustering of Stratification on
MRNA Data Copy Number Status 24



Stratification of Multiple Datasets
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Tabular Categorical,
e.g., mMRNA e.g., mutation status 25



Stratification of Multiple Datasets

Bl
Cluster A1

Dep. C1

ClusterA2

Tabular Categorical, Dependent Data,
e.g., mMRNA e.g., mutation status e.g. clinical data -5



* Survival data in
Kaplan Meier plots
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Glioma
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Glioma
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Glioma

Stratification based on
clinical variable (gender)

31



How to Choose Stratifications?

~ 15 clusterings per matrix

~ 15,000 stratifications for copy nhumber &
mutations

~ 500 pathways

~ 20 clinical variables
Calculating scores for matches
Ranking the results
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Considered
Datasets
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Algorithms for finding..
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Live-Demo!

http://stratomex.caleydo.org
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http://enroute.caleydo.org/

PATHWAYS &
EXPERIMENTAL DATA



Experimental Data and Pathways

Cannot account forariationfound In
realworld data

Branches can be due to
mutation,
changed gene expression,
modulation due to drug treatment,
etc.



Why use Visualization?
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Experimental Data and Pathways
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Five Requirements

Ildeal visualization technique addresses all

Talking about 3 today
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R I: Data Scale

Largenumber of experiments

Large datasets have more than 500 experiments

Multiple groups/conditions

41



R |I: Data Heterogeneity

Differenttypesof data, e.qg.,
MRNA expression numerical
mutation status categorical
copy number variation ordered categorical

metabolite concentration numerical

Requiredifferent visualizatiortechnigues
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R V: Supporting Multiple Tasks

Two central tasks:

Exploretopologyof pathway

Explore theattributes of the nodes
(experimental data)

Need to support both!
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Pathway View

On-Node Mapping
Path highlighting with Bubble Sets...



enRoute View

Group 1 Group 2 Group 1
Dataset1 Dataset1  Dataset 2

Path Representation
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enRoute View

Group 1 Group 2 Group 1
Dataset 1 Dataset1l Dataset 2

Experimental Data Representation
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Experimental Data Representation

Gene Expression Data (Numerical)

waasleel -
Copy Number Data (Ordered Categorical)

ey [

Mutation Data
=g N
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enRoute View o Putting All Together
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CCLE Cell lines & Cancer Drugs
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Collaboration with AM Wassermann, M Borowsky,
M Glick @NIBR

MANAGING PATHWAYS &
CROSSPATHWAY ANALYSIS



Pathways

Partitioning in pathways iartificial

Purposereduce complexity
awSt SOlFyié adzonaSi 2F y2R
Makes it hard to

understand crossalk
identify role of nodes in other pathways



[Klukas & Schreiber 2006]
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Solution: Contextual Subsets
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Solution: Contextual Subsets
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Levels of Detall

Thumbnaill
showing paths

Experimental
data highlights
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