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What is Caleydo?

Software for visualizing biomolecular data

tabular data
numerical & categorical

e.g., mMRNA, microRNA, copy number variation, methylation,
mutation status, etc.

clinical data

pathways
KEGG, WikiPathways

e CALEYDO



Caleydo Core Features

Multi-Dataset Analysis. Want to see....
...relationships between multiple datasets?

...relationships between tabular and graph data?
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What is Caleydo?

Software for doing research in visualization
developed in academic setting

platform for trying out radically new visualization
ideas

Quest for compromise between academic
prototyping and ready-to-use software

N CALEYDO



What is Caleydo?

Open source platform for developing
visualization and data analysis techniques

easily extendible due to plug-in architecture
you can create your own views

you can plug-in your own algorithms
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Who is Caleydo?

Marc Streit Johannes Kepler University Linz, AT
Alexander Lex Harvard University, Cambridge, USA
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Outline

14:00 - 15:15 ntro

Data Format & Loading

Data Assignment, Clustering
Tabular Data & Subtype
Visualization |

15:15-15:30 Break

15:30-16:30 Tabular Data & Subtype
Visualization Il
Pathway Visualization

Marc Streit & Alexander Lex Marc AI ex 7



DATA FORMAT &
LOADING

Marc Streit & Alexander Lex



Data Example

Comma-separated text files

. Column ldentifiers (Samples)
various types of separators

—
Al e ﬁ"“l'l. z - w1.2
B |
Header

2 500 490

3 |Name Description TCGA 02.000101C 01R.0177.01 TEGA 02 0003014 01R.0177.01

2 LTF LTF w—— w—

5 |POSTH POSTH 0.982 0.9933333333

6 |TMSLE THMSLE 0.068666666T 0. 1046666667

7 |FP11-3BMG.1 FP11-35ME.1 0.062 0.0583333333

8 |HLA-DQAL HLA-DQAL 0.234 09986666667

9 |SThMMZ SThMZ 0.1246666667 0.0526666667

. 10_|DCX DCX 0.166 00886666667

Row ldentifiers (Genes) m— | L 13RAZ IL13RA2 0.098 0.1593333333

12 [sLN SLN 0.1306666667 0.114

13 |AGXT2L1 AGXT2L1 0.122 00513333333

14_|MEOX2 MEOX2 0.1386666667 0.3253333333

15 |COL11A1 COL11A1 0.6793333333 04953333333

16 _|CXCL14 CXCL14 0.0753333333 0.2553333333

17T NHT 07946666667 0.744

18 |[F13A1 F13A1 0.6186666667T 0.948

19 |MEF WEF 0.2173333333 0.1393333333

Irrelevant Column

¥
[=]

GABRE1

*FF

GABREL

0. 1686666667
n.0zz2

0.0546666667
0.0093333333

22 |SLAI SLPI 0.8266666667 0.9893333333

23 |PLA2GS PLAZGS 0.2013333333 0.1506666667

24 |KCHJ1G KICMI16 0.09 0.1006666667

25 0.2373333333 0.136

D 3 t 3 0.996 0.9973333333
*_ 27 MOXD1 WMOXD 1 0.59B6666667 0678

;| 28 |AQP1 AQP1 0.072 0614

© 29 |JARDID JARID1D 0.682 0. 1966666667

Marc Streit & Alexander Lex 30 |PROM1 FROM1 0.1213333333 03233333333
31_|PTX3 PTX3 0.0646666667 0.0453333333

32 |CHI3LZ CHIZLZ 0.12266EE66T 0.12266EE6ET



Data Format

€ o
Load Dataset

Specify the dataset youwant to load,

Data Import Wizard

Input

File

Dataset Mame

D

CALCYDO

Open Daka File

Row ID Class

fhome/falexsb/Desktop/mrna.gct

Row Configuration

>

v

Separated by (delimiter)

wTAE! UJU‘U'UEMCEUN“'—

[ ] ‘

| New |

|New | | Define Parsing |

mr

na

Column 1D Class

Column Configuration

|| Columns use same Scale

| SAMPLE w |

Column ID Type | SAMPLE v |
N el
Row with Column IDs 1 W

| Mew |

| Mew | | Define Parsing |

Column Selection

| Select All| | Select None |

Use column

LTF
POSTM
TrsLE
RP11-35M6.1
HLA-DQAT
STMMZ
DX
IL13RAZ

- ey

0,332
0,982
0.06BEREE6666E
0.062
0.234
0124666666666
0166
0.098

4 o e o e

0957333333333
0993333333333
010466666666E
0.059333333333
099866666666
0.05266666666E

0.0BBEGOO66666E

0159333333333

a4 oA

0.985333333333
0.994
0.477333333333
0.00266666666E
0.966
0.06133333333%3

0.00933333333:2

0.96

[P——

011
0,138
0.266

(o] EEEIEIEEEIEE
0.25666666666E
0.14066666666E

e e

0.089333333333
0.061333333333

0075333333333
099266666666
0047333333333
0.07Z66666666E
0.9BB60666666E
0149333333333
0.091333333333
005266666666

o

0.5
0.11266666666E
0.523333333333
0.0684
0.381333333333
0.104

0.21933333333:2

0.82

.~ 4 oA A

0079333333333
0.068
0138
011066666666
0,332
0.176E66666666E
0.24933333333:2
0.14666666666E

e

0.002
0,996
0.973333333333333
0.528
0.714
1
0.7B266666666666T

i

0.0033333333333333

[ —

&




Data Format

Multiple heterogeneous tables

Matching based on IDs

-l Sample 1 | “=mple 2 | Sample 3

— | ‘
Gene 1 gl
Gene 2 ’

0.5

I Gene 3 ll. 0.z

CEHERS 0.3

Marc Streit & Alexander Lex

[——
—I Gene 3 || Gene 87 | Gene 2

Sample 2

Sample 6

1.4

0.5
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Data Format

Caleydo has many genetic identifiers built-in

ID Classes group ID types

ID types in a class are different but can be
mapped

e.g., RefSeq ID maps to gene short name

Marc Streit & Alexander Lex 12



Data Format

{ "N
Load Dataset

Specify the dataset you want ko load,

Data Impork Wizard

Input File

Cratasek Mame

CALEYDO

Open Data File

Jhome/alexsb/Desktop/mrna.gck

Row Configuraktion

Row ID Class | GENE

> |

Row ID Type | GENE_SYMBOL

™|

Column with Rew IDs

Separated by (delimiter)

[ ] ‘

L=} TAB I\Jl‘l Lo )L SPACE L) Other

| New |
lo)

| New | |Define Parsing

mrna

Column 1D Class
Column ID Type

Row with Column IDs

Column Configuration

v

v

| New |
alo)

|Mew | | Define Parsi

Column Selection

| select All| | select M

Use column v 2

4 LTF 0.332
& POSTM 0.982
& THASLE 0.06B66666666E
7 RP11-35M6.1 0.062
HLA-D QAT 0.234
9 STMMZ 0.12466666666€
10 DX 0.166

0957333333333
0,993333333333
0.10466666666E
0.0593333333332
0.99866666666E
0.05266666666E
0.0BB66066666E

0985333333333
0.994

0.477333333333
0.00266666666E
0.966

0.061333333333
0.009333333333

0.089333333333
0.061333333333
0.11

0.138

0.266
0.231333333333
0.25666666666€E

0075333333333
0.992660666666E
0.047333333333
0.07266666666E
0.98866666666E
0.149333333333
0.091333333333

0.5
0.11266666666E
0.523333333333
0.064
0.381333333333
0.104
0.219333333333

0.079333333333
0.068
0.138
0.11066666666E
0.332
0.17666666666E
0.249333333333

0.00333333333333
0.002
0.996
0.97333333333333
0.526
0.714

iy



Transformations

How to transform your data to
make sense for visualization?

Marc Streit & Alexander Lex



Scale Transformation

Cirr_01 Cirr 02 Cirr 03 Cirr 08 Cirr 05 Cirr 06 Cirr 07 H3B_Ort H3B_Ort H38_Ort H3B_SC_H3B_SC H3B_TC_H38_TC_HCC_01 HCC_03 HCC 04 HCC_05 HCC_06 HCC_07 HCC_08 HCC_09 HCC 10 HCC_11 HCC_12 HCC_13 HCC_14 HCC_15 HUH7_O HUH7_S HUH7 S HUH7_S HUH7_T HUH7_T NNL_01 NNL_02 NNL_03 NNL_04 NNL_05
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Scale Transformation - LOG

Cirr 01 Cirr 02 Cirr 03 Cirr 04 Cirr 05 Cirr 06 Cirr_07 H3B_Ort H3B_Ort H38_Ort H3B_SC_H3B_SC_H3B_TC_H3B_TC_HCC 01 HCC_03 HCC_04 HCC_05 HCC_06 HCC_07 HCC 08 HCC_09 HCC_10 HCC_11 HCC_12 HCC_13 HCC_14 HCC_15 HUH7_O HUH7_S HUH7_S HUH7_S HUH7_T HUH7_T NNL_01 NNL_02 NNL_03 NNL_04 NNL_0S

T 227

646

%,

484

473

.06

P9 999979999 99999 7999999 9999999999999 9Y99FP9¢97¢Y
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Scale Transformation

[‘ﬁ' N Daka lmport Wizard

Transform Data

Specify the data transfFormations to be performed.

I Daka Scale

Specify the way every data point should be scaled.

Scaling Method Mone
[vore ]
Logi0 Dakta Clipping

Log2
Specify Ehe value : asek, Every data point " xceeding this range will be clipped to Ehe lower and upper limil

Ivlax

Aim

Daka Transposition

Caleydo assumes a limited number of dimensions and a lok of records, You Eypically want to observe a variation in record
example points in time, and records expression values of genes, Dimensions do nok necessarely map ko columns ina sou
in your File, IFyou seleckt this option you choose to show Ehe rows in the file as dimensions and the columns in the File as

Swap Rows and Columins

I Actention: the large number of columns (491) may lead to an impaired visualization quality in some views

Attention: Inyour dakasek the choice of dimensions is nok obvious, Please choose whether you wank to keep tEhe coll
Marc Streit & Alexar “ whetheryou want o use the rows as dimensions.

MNaks TaskFar



Switch Columns with Rows

Transpose data

Gene 1

- Sample 1 | Sample 2 | Sample 3

Gene 2 P

Gene 3 R

eELER 0.3

1.1 0.4
0.5 1.2
0.2 0.5
0.5 0.7

Marc Streit & Alexander Lex
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Columns & Rows as in Source

Cirr 01 Cirr 02 Cirr 03 Cirr 04 Cirr 05 Cirr 06 Cirr_07 H3B_Ort H3B_Ort H38_Ort H3B_SC_H3B_SC_H3B_TC_H3B_TC_HCC 01 HCC_03 HCC_04 HCC_05 HCC_06 HCC_07 HCC 08 HCC_09 HCC_10 HCC_11 HCC_12 HCC_13 HCC_14 HCC_15 HUH7_O HUH7_S HUH7_S HUH7_S HUH7_T HUH7_T NNL_01 NNL_02 NNL_03 NNL_04 NNL_0S

T 227

646

%,

484

473

.06

P9 999979999 99999 7999999 9999999999999 9Y99FP9¢97¢Y
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Columns & Rows Switched

Marc Streit & Alexander Lex 20



Switch Columns with Rows
ﬁ.

Genes = Rows
Samples = Columns

Genes = Columns
Samples = Rows

Marc Streit & Alexander Lex



Switch Columns with Rows

€ Data Import Wizard ) o) (X

Transform Data

Specify the data kransformations to be performed.

CALEYDO

Data Scale

Specify the way every data point should be scaled.

Scaling Method Mone w

Data Clipping
Specify the value range For the dataset. Every data point exceeding this range will be clipped ko the lower and upper limits respectively.

| Max

Min

Data Transposition

Caleydo assumes a limited number of dimensions and a lot of records. You typically wank to observe a variation in records over dimensions, where dimensions would be, For example
points in time, and records expression values of genes. Dimensions do nok necessarely map to columns in a source File and equally records musk nok be Ehe rows in your File, IFyou
: . . . : : lurmnns in £he File as records.

+| Swap Rows and Columns

1 Attention: the large number of columns (1503) may lead to an impaired visuall skion qualiky in some views

Diaka Center

The data centeris a balue that, if set, determines a neutral center point of the data, A common example is that 0 is the neutral value, lower values are in the negative and larger
values are in the posiktive range. IF the data centeris sek it is assumed that Ehe extend into bokh, positive and negative direckion is the same, For example, For a dakasek [-0.5, 0.7]
with a center set at 0, the value range will be set ko -0.7 ko 0.7,

Igl Use data cenker 0

Marc Streit & 22



Data Center

ata not centered
hite-red color map

Imd ¥ SORCRRIARNT Y i | TN O B

a

ata centered (at 0)
lue-white-red color ma
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Switch Columns with Rows

8 o Data Import Wizard ) o) (X

Transform Data

Specify the data kransformations to be performed.

CALEYDO

Data Scale

Specify the way every data point should be scaled.

Scaling Method Mone w

Data Clipping
Specify the value range For the dataset. Every data point exceeding this range will be clipped ko the lower and upper limits respectively.

Ivlax

Min

Data Transposition

Caleydo assumes a limited number of dimensions and a lot of records. You typically wank to observe a variation in records over dimensions, where dimensions would be, For example
points in time, and records expression values of genes. Dimensions do nok necessarely map to columns in a source File and equally records musk nok be Ehe rows inyour File, IFyou
seleck this option you choose ko show the rows in the File as dimensions and the columns in the File as records.

+| Swap Rows and Columns

1 Attention: the large number of columns (1503) may lead to an impaired visualizakion quality in some views

Diaka Center

The data centeris a balue that, if set, determines a neutral center point of the data, A common example is that 0 is the neutral value, lower values are in the negative and larger
values are in the positive ranage. IF Fhe datba centeris sek it is assumed that Ehe extend into bokh, positive and negative direckion is the same, For example, For a dakasek [-0.5, 0.7]

Igl Use data cenker

Marc Streit & 24



Data Successfully loade

A

Caleydo "

000

Tool Bar 232 = a8 ;fJ;J Data-View Integrator £ | & StratomeX

98, 3w

General

.' Selection Info 32| = O

\= Dataset Info 23 = d

Name: mRNA
Genes: 1500
Tecga_samples: 529

m

- ]
-7.88 0 7.88
|

| Colormap

Marc Streit & Alexander Lex

Layout: (e)Bipartite () Spring-Based | [ | Show Data Connections | = B8

Ungrouped/U

Pathway Data

:

25



Start exploring your data

Load another dataset

Save as project

Marc Streit & Alexander Lex

What's next?
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GUI-
Curr

Altel

use
dat:

Scripted Data Loadin

private DataSetDescription setUpMRMADatal) {

DataSetDescription mrnaData = new DataSetDescription(ECreateDefaultProperties NUMERICAL) ;
mrnalata.setDataSetNamel "mRNA") ; u S

mrnalData.setDataSourcePath( MANA ) ;
mrnabData.setMumberOfHeaderLines( 3);

ParsingRule parsingRule = new ParsingRulel():
parsingRule.setFromColumn( 2) ;
parsingRule.setParselUntilEnditrue) ;
parsingRule.setColumnDescriptoninew ColumnDescription());
mrnaData.addParsingRulelparsingRule) ;
mrnalData.setTransposeMatrix(true) ;

IDSpecification genelDSpecification = new IDSpecificationi];
genelDSpecification.setI0TypeGene(true) ;|

genelDSpecification, setIdTypel "GENE_SYMBOL")

mrnaData.setRowIDSpecification(genellbSpecification) ;
mrnabData.setColumnIDSpecification(samplelDspecification); ]\/

GroupingParseSpecification firehoseClustering = new GroupingParseSpecificationd
MANA _GROUPING)

firehoseClustering.setContainsColumnIDsi false) ;

firehoseClustering.setRowIDSpecification(sampleIDSpecification);

mrnaData.addColumnGroupingSpecificationl firehoseClustering) ;

DataProcessingDescription dataProcessingDescription = new DataProcessingDescriptioni):
ClusterConfiguration clusterConfiguration = new ClusterConfiguration():
clusterConfiguration.setDistanceMeasure(EDistanceMeasure  EUCLIDEAN DISTANCE)
KMeansClusterConfiguration kMeansAlgo = new KMeansClusterConfigurationi);
kMeansAlgo.setMumberOfClusters(5);
clusterConfiguration.setClusterAlgorithmConfiguration(kMeansAlgo) ;
dataProcessingDescription. addRowClusterConfiguration(clusterConfiguration) ;
mrnalData.setDataProcessingDescription(dataProcessingDescription)

return mrnaData:

Marc Streit & Alexander Lex 27



Projects contain

the data you loaded

the views you opened

your clustering results and filters
your color codes

etc.,

Stored in .cal files

Marc Streit & Alexander Lex 28



 y Caleydo - Choose Data Source & ) 2

Project Wizard

What data do you want to load?

CALEYDO
2 Sadm p | e d ata Sets i Try Caleydo | Load Genetic Data | Load Other Data | Load Project

. Load sample projeck
| | N b I t This sample project loads Five linked datasets From Ehe TCGA GBW dakasek made
CO I I I p ex g I O a S O I I I || available by the Broad Institute's Genome Daka Analysis Center (GDAC).
d t t d I t F The datasets are mRMNA expression data, microRMNA expression, mekhylakion and
a a Se S a n C u S e rl ‘ copy-number data. Additionally some clinical data is available, The projeckt conkains

300-550 samples For each dataset, The expression datasets contain abouk 1,500 pre-
selected values, copy number status is availiabe For about 5,000 genes.

Si m p | e m R N A d ata Se The ideal choice if you wank Eo Ery eut multi-dakaset analysis in Calyedo.
o, Start with sample gene expression data
and other conditions .,

This opkion loads a single sample mRMNA expression dataset with samples For
hepatocellular carcinoma (about 4000 genes and 39 experiments) Ehrough Ehe
standard loading dialog. The dataset is made available by the Inskitute of Pathology at
the Medical University of Graz,

Datasek: htkp:/fwww.ncbi.nlm.nib.gov/pubmed/1 7241 883

Einish Cancel

Marc Streit & Alexander Lex



HANDING OVER TO MARC
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DATA ASSIGNMENT,
CLUSTERING

Marc Streit & Alexander Lex



Data-View Integrator

Challenge 1

Manage complex setup of
multiple datasets,
multiple stratifications &
multiple views

Challenge 2

Visualize complex
interdependencies
between multiple,
heterogeneous, large
datasets

32

StratomeX



MRNA Dataset:
Data assignment + heatmap + color

mapping

GETTING STARTED

33



Selection Info &2 Ii

g Dataset Info &3 = 0

Name: mRNA
Genes: 1500
Tcga_samples: 529

||
-7.88 0 7.88
[ Colormap J

9;49 Data-View Integrator &3 | & StratomeX

Layout: (@) Bipartite (_) Spring-Based | [_| Show Data Connections | (2 = O

=

—

Loaded data at the bottom — available views on the top

34



€ Tool Bar %2 = O || .~ Data-View Integrator 52 | = StratomeX Layout: (#) Bipartite (_) Spring-Based | [_] Show Data Connections | 2 = O

Selectiun Info 52 = O

@ Dataset Info &2 = 0

Mame: mRNA
GCenes: 1500
Tcga_samples: 529

_J

|
-7.88 0 7.88
( Colormap |

Use drag-and-drop to add data to StratomeX view

35



Data-View Integrator | & StratomeX &2
(M Switch Connections ON/OFF || Dynamic Connection Highlight Focus -

@Selection Info 2| © B

a Dataset Info 53 =

Name: mRNA
Genes: 1500
Tcga_samples: 529

I

7.88 0 7.88
( Colormap |

Switch to StratomeX view: heatmap rows = samples, columns = genes -



J{J Data-View Integrator «# StratomeX 32

@Selecﬂon Info x| = O

g Dataset Info 52 = B8

Name: mRNA
Genes: 1500
Tcga_samples: 529

Use interactive

histogram to update color mapping

37



Cancer

Cancer types are not homogeneous

They are divided into Subtypes
different histology
different molecular alterations
Subtypes have serious implications

different treatment for subtypes

prognosis varies between subtypes

38



Cancer Subtype Analysis

Done using many different types of data,

for large numbers of patients.

39



The Cancer Genome Atlas ( vnaerstanaing genomics

0 improve cancer care

Large-scale project to catalogue genetic
mutations responsible for cancer

20 tumor types

500 patient samples each

Extensive molecular profiling for each patient

40



The Cancer Genome Atlas € e TCGA Data

sequencing microRNA
data expression

clinical mRNA
parameters expression

methylation mutation
levels status

copy
number

status

41



Our goal is to support
tumor subtype characterization

through integrative
visual analysis of cancer genomics data sets.

42



Subtype ldentification

Proneural Neural Classical Mesenchymal
-—'—“
\dentmes Clinically
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Subtype ldentification Process
Step 1: Determine candidate subtypes

Step 2: Find supporting evidence



Tatatlfcddedn

dmmm—= Cindidate Subtypes

A —— Patients

Genes, Proteins, etc.
45



tratification of a Single Dataset

Cluster Al
Proneural Neural Classical Mesenchymal

TP53  mut

IDH1 mut

ge

cn

I
PDGFRA c¢n
mut
ge
EGFR
Cluster A2
mut
ge
NF1 cn
mut
-2

WT mut

Copy Number

(=)
[+

Gene Expression Mutaton  TP53LOH  EGFRuIII high level amplification
low level amplification

normal copy number
hemizygous deletion
homozygous deletion
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Subtype ldentification Process
Step 1: Determine candidate subtypes

Step 2: Find supporting evidence



Stratification of Multiple Datasets

Evaluate whether stratifications support each other

Tabular Categorical,
e.g., mMRNA e.g., mutation status 48

Cluster A1




Stratification of Multiple Datasets

Cluster A1

Cluster A2

Tabular Categorical,
e.g., MRNA e.g., mutation status 49



Stratification of Multiple Datasets

B1
Cluster A1

Review effect of stratification

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



Cate-
gorical
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stra
Copy
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ed by
mber

ratified by
Clustering
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Columns = Genes




Survival

Y

54



MRNA Dataset:
Stratification loading / clustering / heatmap

comparison

LIVE DEMO

55



VW —_—

T — .

e £, °% o

General

Selection Info 2| — O

GTON Bar &% = 0

=/ Dataset Info & = B

Mame: mRMNA
GCenes: 1500
Tega_samples: 529

4k

-7.88 0 7.88

[ Colormap ]

g’% Data-View Integrator 2 | & StratomeX Layout: (#)Bipartite () Spring-Based | [_| Show Data Connections | @ = O

Rename Dataset

Load Grouping for TCGA_SAMPLE
Load Grouping for GENE
Create Grouping for TCGA_SAMPLE using Clustering

Create Grouping for GENE using Clustering

Right-click on data set box to load a stratification
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800

Import Grouping
Input File Grouping Name
[ Open Grouping File JUsers /nils/Dropbox/TCCGA GDAC/Omics Integrati CMNMF
Row Configuration
Row ID Class TCCA_SAMPLE
Row ID Type | TCGA_SAMPLE .
Number of Header Rows |1 @
Column with Row 1Ds 1 @
Separared by (delimiver) Column Selection
®TAB (); (), (). (JSPACE () Other | Select All | | Select None
Use column O 2 ™ 3 ™~ 4 ™ 5 O 6 O 7
membership _—_ membership.4 |membership.5
2 1 1 1
3 1 1 1
4 1 2 1
5 2 1 1
6 1 1 1
7 2 1 1
8 2 1 1
9 2 3 2
10 2 3 3
11 3 4 4
12 2 1 1
13 3 4 4
14 2 1 1
15 1 2 1
16 2 3 2
1= 1 ha | q
7 of 7 Columns shown | v/ Show all Columns
@ Cancel ] M

Choose one or more stratifications
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@ Tool Bar 2 = B g’.ég Data-View Integrator 3 | & StratomeX Layout: (#) Bipartite () Spring-Based | [ | Show Data Connections |(Z = O

Selection Info &3 = O

g Dataset Info 23 = 08

Name: mRMNA
Tcga_samples: 529 |
Genes: 1500 &
T

-7.88 0 7.88

[ Colormap J

Click arrow on data set box to see new stratifications and drag onto StratomeX.view



Selection Info 22 Ii

g Dataset Info &3 = 0

Name: mRNA
Tecga_samples: 529
Genes: 1500

e

-7.88 (4] 7.88

[ Colormap J

Q;J;J Data-View Integrator |« StratomeX I3 = O
(¥ Switch Connections ON/OFF [_| Dynamic Connection Highlight Focus ) @
ngroup -4 CNMF/Un

A

Switch to StratomeX view
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Selection Info &2 Ii

g Dataset Info &2 = 8

Name: mRNA

Tcga_samples: 529

Genes: 1500

| |
-7.88 0 7.88
[ Colormap J

g’% Data-View Integrator 3 | & StratomeX Layout: () Bipartite () Spring-Based | [ | Show Data Connections | (2} = O

Load Grouping for GENE

Load Grouping for TCGA_SAMPLE

Create Grouping for GENE using Clustering
Create Grouping for TCGA_SAMPLE using Clustering

Rename Dataset

Right-click on data set box to cluster genes
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Run with defaults

@00 Clustering

Cluster: | Genes

Distance Measure: | Euclidean Distance

m Affinity Propagation  Tree Clusterer |

Wumber clusters for clustering genes

Modify selected or add new grouping

Select whether you want to add a new grouping, or
whether you want the selected grouping to be changed.

M Add new Grouping

@ | Cancel | [ oK
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Selection Info 52 Ii

@ Dataset Info &3 = 0

Name: mRNA
Tcga_samples: 529
Genes: 1500
“ Tega_samples
|| g
=
-7.88 0 7.88 3
[ Colormap ]

A new column “K-Means 5” appears in the gene dimension

62

Drag stratification with 4 clusters to view



Selection Info 23 = 0

g Dataset Info 23 = 0

Name: mRMA
Tcga_samples: 529
GCenes: 1500

e

-7.88 0 7.88
[ Colormap J

(™ Switch Connections ON/OFF [_| Dynamic Connection Highlight Focus

ngroup -4 CNMF/Un -4 CNMF/K-

LA Ao

Compare heatmaps
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Selection Info 2| — O

Ytcga_samples - 529 of 529 (:

@ Dataset Info &3 = O

Name: mRNA

Tcga_samples: 529

Genes: 1500

[ |
-7.88 a 7.88
[ Colormap ]

Hover over header brick and click on “X” in menu bar below to remove the column



@Tool Bar 2 - d ,j'{J Data-View Integrator |« StratomeX &3
(™ Switch Connections ON/OFF || Dynamic Connection Highlight Focus

4 CNMF/K- 5 CNMF/K-

Selection Info 3 l:

vtcga_samples - 157 of 529 (&

@ Dataset Info 5% = 0

Name: mRNA

Tcga_samples: 529

Genes: 1500

[ S|
-7.88 [v] 7.88
[ Colormap ]

Compare clusterings with 4 and 5 clusters

65

Click on brick to highlight all patients in this set



g’% Data-View Integrator | = StratomeX &%

Selection Info 3 Ii

¥tcga_samples - 23 of 529 (4.

@ Dataset Info 2 = 08

Name: mRNA
Tcga_samples: 529
Genes: 1500

(™ Switch Connections ON/OFF [_| Dynamic Connection Highlight Focus

A n

Click on band to highlight all patients in the intersection of two sets

Use “Selection Info” view to see the list of patient ids
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Components of the StratomeX view

Header
Header Toolbar summary
=N >
A Block/
I “Brick”
Remove stratum
Clustering
Heatmap
rows = patients
Switch columns = genes
. T— Row order independent
Visualization Ty pE of band configuration!
Sync Types
Collapse Detail Selector »
l Vertical Aligner »
v

A 4

Brick Toolbar

Column

stratification
MRNA -4 CNMF/K-

L

MRNA - 5 CNMF /K~

Header Menu

Set Name/ Rename
Remove column

Export Data
Export Identifiers

Brick Menu

Set Name/ Rename
Remove column

Export Data
Export Identifiers

< Column Color
color represents data type

Bands

patients
overlapping
between strata < Size Indicator
in neighboring . relative size of set
columns

67



GETTING MORE DATA



Import your own data

o/
Load Dataset

Specify the dataset you want to load.

Input File

Data Import Wizard

e W

=

Dataset Name

CALEYDO \)x/

L)

|:Ch005e Data File... | |

Row Configuration

| GBM.medianexp

Column

Input File Grouping Name

&

| Open Grouping File || ) |

Configuration

Row ID Class |GENE

Row ID Type |GENE_SYMBOL

Number of Header Rows

Column with Row IDs |1

~
v

Separated by (delimiter)

(& TAB (i (0, (. () SPACE () other |

Row with Column IDs

EI Columns use same Scale

Column ID Class

Column ID Type

Row Configuration

TCGA_SAMPLE

|
Row ID Class TCGA SAMPLE

TCGA_SAMPLE

‘, = Row ID Type | TCGA_SAMPLE
1 —
' = Number of Header Rows |1

<3 23

Column with Row IDs |l

Separated by (delimiter)
(o) TAB () () SPACE () Other |

(Y, )
HILS B

Use column

2 Signal

2 0.5141497264
4 27432607737
B -0.475039624¢(;
6 -1.103449251¢
7 4,9983821656
8 1.5487908925
9 2,6876081283
10 -0.853850001¢
11 -1.275431526%
12 -0.8778238907

Signal
0.4083453003
36635003116
0.0830813038
-1.2946236287
4,6803448505
0.8670330481
3,2176903345
-1,103938250¢
-0.803166248%
-1,.782294132¢

Signal
1.0383928087
5.7200949805
0.7122830511
-0.227010846¢
4,0969186092
2.7926044547
4,9090056741
-0.7803309641¢
1.9287820058
-2,28707BL16C

Use column [v] 2 .EI 3 .EI 4 [v] 5 .E\ 6 .EI 7

1 membership.1 i membership.2{ membership.3 ! membership.4 { membership.5 | membership.&
Signal Signal

2 1 1 1 1 1 1
1.08360972281: 1,4622804132

) 1 1 1 2 2 2
-1.1581416317F 4,6273377963

4 2 2 2 3 3 3
-0.8727501044 0.4079185628

5 1 ) 2 4 4 2
-0.2845884812 -0.879544579¢4

[ 2 2 2 3 5 4
4,3741099540; 4.4245101714

7 2 2 2 2 1 5
2,2529230516 0.7301441750

8 1 3 3 4 4 3]
-1.6736736037 3,2394738023; -1.599095

S 1 ) zJ 4 4 3]
-0.927255830C -1.047843453¢ -1.130685

10 1 3 3 4 4 3]
B Fa
1.6627241164 -1.260549821¢ 2.538145 a9 7 7 2 2 2 1
-1.279010842¢ -2.008152704¢ -1.371138 12 1 3 3 4 4 5

n = —

>

» e

B of 8 Columns ¢ [ show all Columns

| oK Cancel

| nea> ][

Finish

Import data matrices

Import stratifications
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The Cancer Genome Atlas @

20 tumor types

Understanding genomics
to improve cancer care

500 patient samples each

clinical
parameters

methylation

levels

TCGA Data

microRNA
expression

MRNA
expression

mutation
status

copy
number

status
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FIREHOSE

Broad GDAC

Analysis
Results




FIREHOSE

Broad GDAC

Analysis
Results
Cluster Al
+ Cluster A2
mRNA (array & sequencing) clustering (CNMF & hierarchical)
microRNA (array & sequencing) gene mutation status (binary)
methylation gene copy number status (5 class)

reverse phase protein array
clinical parameters



FIREHOSE

Broad GDAC

Analysis
Results

StratomeX
Data Packaging
(1x per month)

http://tcga.caleydo.org



FIREHOSE

Broad GDAC

Analysis
Results

StratomeX
Data Packaging
(1x per month)

Java Web

@ CALEYDD —

StratomeX

http://tcga.caleydo.org



i A=
i '(
/ L
4l
L
4

Broad GDAC

Instead of downloading and
dealing with over a dozen

archives, a single click is
required to load and visualize
the data for a tumor type.

&= CALEYDO

StratomeX

—

Analysis
Results

StratomeX
Data Packaging
(1x per month)

Java Web
Start

http://tcga.caleydo.org



StratomeX
G

The data packages are automatically generated based on the cutput of monthly analyses performed by the Firehose pipeline of the TCGA Genome Data Analysis Center at the Broad Institute.

View Data Run StratomeX Read FAQ

Firehose Analysis Run

24 October 2012 r

800
600
400
200

L}

BLCA CESC DLBC
BRCA COADREAD GEM

@ Data Type | Clear Al
" mRMA
" mRNA-seq
" microRNA
" microRNA-seq
wl Mutations
" Copy Number
" Methylation
7 RPPA

N I Y I I S Y I S I C YR C SR Y YR YR C YR YRR C YR Y ]

HNSC

KIRC

KICH
Tumeor Type | Clear | All
BLCA
BRCA
CESC
COADREAD
DLBC
GBM
HNSC
KICH
KIRC
KIRP
LAML
LGG
LIHC
LUAD
LUSC
ov
PAAD
PAMCANE
PRAD
SKCM
STAD
SARC

http://tcga.caleydo.org

LAML LHC LUsC
KIRP LGG LUAD

Bladder Urothelial Carcinoma

Breast invasive carcinoma

Cervical squamous cell carcinoma and endocervical adenocarcinoma
Colon adenocarcinoma / Rectum adenocarcinoma
Lymphoid Mecplasm Diffuse Large B-cell Lymphoma
Glioblastoma multiforme

Head and Neck squamous cell carcinoma

Kidney Chromophobe

Kidney renal clear cell carcinoma

Kidney renal papillary cell carcinoma

Acute Myeloid Leukemia

Brain Lower Grade Glioma

Liver hepatocellular carcinoma

Lung adenocarcinoma

Lung squamous cell carcinoma

Ovarian serous cystadenocarcinoma

Pancreatic adenocarcinoma

All samples from: BRCA, COAD, GBM, KIRC, LUSC, OV, READ, UCEC
Prostate adenocarcinoma

Skin Cutaneous Melanoma

Stomach adenccarcinoma

Sarcoma

» StratomeX is a wisual exploration tool for identification and characterization of tumeor subtypes in cancer genomics data. This website provides StratomeX users with direct access to data for over twenty tumor types studied by the The Cancer Genome Atlas.

FAAD FRAD

av PANCANS
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StratomeX

Caleydo StratomeX is a visual exploration tool for identification and characterization of tumor subtypes in cancer genomics data. This website provides StratomeX users with direct access to data for over twenty tumor types studied by the The Cancer Genome Atlas.

The data packages are automatically generated based on the output of monthly analyses performed by the Firehose pipeline of the TCGA Genome Data Analysis Center at the Broad Institute.

View Data Run StratomeX Read FAQ

Firehose Analysis Run
24 October 2012

Molecular Data Types

Data Type
mRNA
mRNA-seq
microRNA
Mutations
Copy Number
Methylation
RPPA

Other Data Types

Data Type

Clinical

Park Lab at Harvard Medical School

#Patients

565

Tumor Type
v GBM - Glioblastoma multiforme v
#Patients #Patient Stratifications
529 14
161 16
491 14
276 0
563 0
124 7
214 14

Parameters

yearstobirth; daystodeath; daystolastfollowup

i Contact

http://tcga.caleydo.org

data usage and publications

#Genes
1500
1500
150
17848
24174
7783
150

#Gene Stratifications

- o o =
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USE CASE / LIVE DEMO

Using TCGA Glioblastoma Multiforme

BROAD

M INSTITUTE

{4
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@ Selection Info §3 e

Name: mRNA
Tecga_samples: 529
Genes: 1500

e

i=] Datasetinfo & ]

,{'3‘, Data-View Integrator 53 | wg® Stmomex'

Layout: () Bipartite () Spring-Based | (| Show Data Connections | () =

g

Glioblastoma Multiforme
MRNA clustering CNMF and hierarchical with 4 clusters

79



M switch Connections ON/OFF | | Dy

4, Data-View Integrator | @@ StratomeX 23;

t Hierarchic
|

L

@&lmion mo 8 = 0

=) Datasetinfo 83 o)

Glioblastoma Multiforme
MRNA clustering CNMF and hierarchical with 4 clusters

80



5 Tool Bar 2 = B || A, bata-view hugrator‘ @ StratomeX 53 4 switch Connections ON/OFF ¥ Dy

@ Selection Info £3 = a
Vicga_samples - 172 0;3?575

=) DatasetInfo 53 L]

Name: mRNA
Tecga_samples: 529
Genes: 1500

~7.88 0 7.88

( Colormap ]

Glioblastoma Multiforme

Use “Dynamic Connection Highlight Focus” .



ﬁm—mmwlosmmex 82

@ Selectioninfo 53— O
Vicga_samples - 190 of 585 (5{.

=) Datasetnfo 2 =

Name: mRNA
Tcga_samples: 529
Cenes: 1500

0 7.88

S
~7.88

(¥ switch Connections ON/OFF ¥ Dy

Glioblastoma Multiforme
Reorder bricks within column to detangle bands

82



0006 Caleydo ol
GTool Bar 82 | =0 H ‘!;é‘t. Data-View Integrator  «§#® StratomeX ‘ ,/Q Search 53 | =0
Search query
E - =
(= RPN et “search |
X H

Search filter
™ Pathways ™ Gene symbol M Gene name (full) o RefSeq ID M Entrez Gene 1D (¥ David ID

‘ Gene results:
Selection Info £ = [=] Copy Nun " mRNA Methylati M a ( R@fSeq”IVD David ID EmrezCene ID Gene Symbol 'Gene Name
ecron o ) Found Found  Not found Found ~ NM_201282 NM_201283 NM_201284 NM_005228 2867328 1956 EGFR Truncated epidermal growth factor receptor (Fragment)

Vicga_samples - 190 of 585 (32. Found Not found Not found Found  NM_002019 2859059 2321 FLT1 Vascular permeability factor receptor
Found Not found Not found Found NM_175080 3026959 161198 CLECL4A C-type lectin domain family 14, member A
Found Not found Not found Found NM_002253 2860130 3791 KDR kinase insert domain receptor (a type Il receptor tyrosine kinas
Found Found Not found Found NM_201282 NM_201283 NM_201284 NM_005228 2867328 1956 EGFR - Truncated epidermal growth facter receptor (Fragment)
Found Found Not found Found NM_201282 NM_201283 NM_201284 NM_005228 2867328 1956 &Fl. - Truncated epidermal growth factor receptor (Fragment)
Found Found Not found Found NM_201282 NM_201283 NM_201284 NM_005228 2867328 1956 ECFR Truncated epidermal growth factor receptor (Fragment)
Found Not found Found Found NM_182925 NM_002020 2865775 2324 FLT4 fms-related tyrosine kinase 4
Found Not found Found Found NM_182925 NM_002020 2865775 2324 FLT4 fms-related tyrosine kinase 4
Found Not found Not found Found NM_002253 2860130 3791 KDR kinase insert domain receptor (a type Il receptor tyrosine kinas
Found Not found Not found found NM_002019 2859059 2321 FLT1 Vascular permeability factor receptor
Found Not found Not found Found NM_175060 3026959 161198 CLECL4A C-type lectin domain family 14, member A
Not found Not found Not found Not found NM_030796 2873723 81552 ECOP CDNA PSECOOBI ﬁs. clone NTZRPZOMBO
Not found Not found Not found Not found <No Mapping> 2945551 653930 LOC653930 s ‘and o
Not found Not found Not found Not found <No Mapping> 2947972 651866 <Unknown> | to \ growth
Not found Not found Not found Not found NM_030796 2873723 81552 ECOP 'CONA PSEC0081 ﬁs. clone NT2RP2004130

() Show only genes contained in any pathway

i= Datasetinfo 82 ) |

{

Name: Mutations Pathway results: Pathway containing selected gene: Found
Tega_samples: 276 ‘Database Pathway Name ‘Database Pathway Name
Cenes: 17841 KECG Clioma

KECG Bladder cancer

KECG Melanoma

KEGG Endometrial cancer

KEGC Pancreatic cancer

KEGG Adherens Junction

KEGG ErbB signaling pathway
KEGG Dorso-ventral axis formation
KEGG Endocytosis

KECG Epithelial cell signaling in Helicobacter pylori infection
KECG Non-small cell lung cancer
KEGG Gap junction

KEGG Calcium signaling pathway

~7.88 0 7.88 KEGG Cytokine-cytokine receptor interaction
KEGG Pathways in cancer
| Colomap | KEGG  Focal adhesion

KEGG CnRH signaling pathway
KECC MAPK signaling pathway
KECG Regulation of actin cytoskel
KEGCGC Hepatitis C

KECG Prostate cancer

Glioblastoma Multiforme
Add EGFR copy number and mutation status
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B rm

@ Selectioninfo 83— O
Vicga_samples - 190 of 585 (3_2?

=) Datasetinfo =

Name: Mutations
Tecga_samples: 276
Cenes: 17841

0
S —

%, Data-View Integrator 33 | @ StratomeX £ Search

Layout: (3) Bipartite () Spring-Based | (| Show Data Connections | (@) = O

TCGA_SAMPLE; GENE™ = ~ = 7 T _
TCGA SAMPLE = = =~ = "~

Glioblastoma Multiforme
Add EGFR copy number and mutation status

84



BE xa

@) selectioninfo 8 = O
Vicga_samples - 54 of 585 (9_23

\=) Datasetinfo 3 =0

Name: Mutations
Tega_samples: 276
Cenes: 17841

-7.88 0 :
[ Colormap. ]

| ____—a—
7.88

., Data-View Integrator | @ stratomex 3 [ Search @ switch Connections ON/OFF (| Dynamic C:

Glioblasto

ma Multiforme
85

Mutated EGFR almost always means amplified EGFR



@) selectioninfo 8 = O
Vicga_samples - 54 of 585 (9_23

., Data-View Integrator | @ Stratomex &3 [ Search

M switch Connections ON/OFF || Dy
EGFR

W

Create Small Pathway Multiples Group

Select the pathways for the group.

_ DﬂtﬂhﬂS'EIGEHE Occurences
. o
|| Fanconi anemia pathway KECG 3
|| Fat digestion and absorption KEGG 4
[ | Fatty acid elongation KEGG 2
|| Fatty acid metabolism KEGG 5
|| Fc epsilon RI signaling pathway KEGG 10
[ | Fc gamma R-mediated phagocytosis KEGG 20
|| Focal adhesion KECGC 46
|| Folate bicsynthesis KEGG z
[ Datsetinfo 8 T || GABAergic synapse KEGG 18
ST || Gap junction KEGG 14
g [ | Gastric acid secretion KEGG 12
PR M Glioma KEGG 10
[ | Glutarmatergic synapse KEGG 18
_ [ Glutathione metabolism KECGC 6
|| Glycerolipid metabolism KECGC 5
|| Glycerophospholipid metabolism KEGG 7
|| Glycine, serine and threonine metabolism KEGG ]
|| Glycolysis [ Gluconeagenesis KEGG 3
[ | Glycosaminoglycan biosynthesis - chondroitin sulfate KEGG 5
_‘ || Glycosaminoglycan biosynthesis - heparan sulfate KEGC 4
ELES [ | Glycosaminoglycan biosynthesis - keratan sulfate KEGG 2
e Colormap. ] || Glycosphingolipid biosynthesis - ganglio series KEGG 3
|| Glycesphingolipid biosynthesis - globe series KEGG 2
|| Glycosphingolipid biosynthesis - lacto and neolacto series KEGG 3
[ | Glyoxylate and dicarboxylate metabolism KEGG 2
L Calld_cianaling narbaa L= af £
| cancet | [ ok |

Glioblasto

ma Multiforme

86

Richt-click on mRNA header brick and add glioma pathway



(¥ switch Connections ON/OFF [ | Dy

],féymn-mmum & swatomex 82 [ search

NA - 4 CNMF Clu

i 0L

Vicga_samples - 54 of 585 (9.23

=) Datasetinfo 2 =

Name: Mutations
Tcga_samples: 276
Cenes: 17841

[ ]
~7.88 0 7.88
—

Glioblastoma Multiforme
MRNA mapped to glioma pathway - even distribution of EGFR mutations




B rm

=

@) selectioninfo &3 = O
Vicga_samples - 245 of 585 (41.

i= Datasetinfo & ]

Name: Copy Number
Tcga_samples: 560
Cenes: 2308,

[____—aaa— |
~7.88 0 7.88

e

., Data-View Integrator | @@ StatomeX & Qs.mh

4 CNMF Clu

A

Glioblastoma Multiforme .y
MRNA mapped to glioma pathway - high amplification frequent in 3rd cluster



5 Tool Bar 2 = B || A, Data-View Integrator | @@ Stratomex 83 | £ Search @ switch Connections ON/OFF (| Dy

=l DatasetInfo 53 20

Name: mRNA
Tcga_samples: 529
Cenes: 1500

Glioblastoma Multiforme

View pathway map for glioma and 3rd cluster in detail -



066 Caleydo

GTool Bar £2 ‘ il = ;’;{) Data-View huqmor} & StratomeX 3 Q Searthi ¥ switch Connections ON/OFF | | Dy C ghlight Focus
@i e
ﬁ !l Glioma
Secondary pathway
@ seiecioninto 3| = O S s Glial progenitor cell
Vicga_samples - 245 of 585 (41. phpipe— - I
: |
S ———— |
o | [ EGF ]~
e | o
ES | a TGFo: | |
oy - |
e
|
|
|

v

i=! Datasetinfo &3 = ‘ -~ S
me: m | | FEOX - s = rade glio
::ga_;a::l::: 529 ] B~ i (V\’H6 u)
Cenes: 1500
Tistogram & |
!
Anwlﬁstic astrocﬁbma
{ Ol Grade III)
__-
~7.88 *
{ Colormap ] l\dﬁ!y GBM
(WHO Grade IV)

Glioblastoma Multiforme

View pathway map for glioma and 3rd cluster in detail - zoomed into map 90



000 Caleydo
G Tool Bar §3 | = B || .7, bata-View integrator | @ Stratomex 53 | {3 Search

@8 @
% B

General

# Switch Connections ONJOFF (| Dynamic Connection Highlight Focus

Glioma @9
= LU LD VLALLM Lllmmullllﬁ)

= al=semr—
@ Selection Info &3 =B == LR I
Ticga_samples - 245 of 585 (41.

= | ondary pathway
rhial progerator cell

1 g ¥

la EGF |
TGFo
[t
[BIGF-1_

=l patasetinfo & =0

Name: mRKNA [ TR
Toga_samples: 529

I
I
I
I
I
I
|
Cenes: 1500 I
T — I
e *
-
=7.88 1] 7.88

Colormap

F-

Glioblastoma Multiforme 5
View pathway map for glioma and 1st cluster in detail - EGFR down regulated



%, Data-View Integrator | @@ StratomeX £3 JQ&M @ switch Connections ON/OFF (| Dy c

@ SelectionInfo 83 = O
Vicga_samples - 245 of 585 (41.

Create Kaplan Meier Small Multiples Group

Select the clinical variables you want to see in the Kaplan-Meier plots.

= bansetinfo 2. = O [ | yearstohirth

Name: Clinical

Tega_samples: 564 || daystolastfollowup
Clinicals: 3

Glioblastoma Multiforme

o = o o 92
Add clinical variable: survival



%, Data-View Integrator | @@ StratomeX £3 JQ&M @ switch Connections ON/OFF (| Dy c

@ SelectionInfo 83 = O
Vicga_samples - 245 of 585 (41.

& bansetinfo 3 T O

Name: Clinical
Tcga_samples: 564
Clinicals: 3

Glioblastoma Multiforme

o = o o 93
Add clinical variable: survival



0086 ; Caleydo

G Tool Bar §3 | = B8 | ‘-f{-“, Dara-View hugﬂmr- & StratomeX £3 Qj Search | [ Switch Connections ONJOFF || Dynamic Connection Highlight Focus
ey o=
% on
General 100 =

{11

@) seiection info 12 = B
¥icga_samples - 245 of 585 (41,

=! Dataset Info 13 =0

Name: Clinical
Teoga_samples: 564
Clinicals: 3

Percentage of Patients

] i i t }
0 776 1552 2328 3104
Time (Days)

I R
;

Glioblastoma Multiforme

Add clinical variable: survival - EGFR amplification is worse 94



ﬁom Mhmm&orlp Seth' StratomeX £

IR

@) selectioninfo 2 = ]
Vicga_samples - 245 of 585 (4 (4!

=l DatasetInfo 53 20

Name: mRNA
Tcga_samples: 529
Cenes: 1500

-‘”W II

@ switch Connections ON/OFF (| Dy

ic C

hlight Focus

Glioblastoma Multiforme

Add IDH1 mutation status - IDH1 mutation is strongly associated with Cluster 4



5 Tool Bar 2 +f* Data-View Integrator 53 | £ Search | & StratomeX Layout: () Bipartite () Spring-Based | (| Show Data Connections | (2 = 0

@8 "k @

@ Selectioninfo 53 = O
Vicga_samples - 245 of 585 (41.

I=) Datasetinfo 3 20

N / - s
T~ . GENE TCGA SAMPLE TCGA SAMPLE i o / ;
TCGA™SAMPLE ™ * ICGATSAMPLE, GENE — e ‘
ST~ GENETCGASAMPLE -~ T --T S
gl i oene-------=""""  ___ o
T T T T TcoR SAaMPte - - - T

Glioblastoma Multiforme

96
Add unclustered methylation data



5

4%, Data-View Integrator 9 Search | & StratomeX 53 (¥ switch Connections ON/OFF [ | € G ghlight Focus

o yT——

@8 "k @

@ Selectioninfo 53 = O
Vicga_samples - 257 of 585 (4?.

I=) Datasetinfo 3 20

Name: Mutations

Tcga_samples: 276
Cenes: 17841
L
._—.1J—
[ Coloman |
. . Split Right Brick
Glioblastoma Multiforme -

97

Create methylation cluster based on IDH1 status



,f'é,j Data-View Integrator p Search & StratomeX 53 (¥ switch Connections ON/OFF [ | €

|

@ Selectioninfo 53 = O
Vicga_samples - 257 of 585 (4?.

=) Datasetnfo 2 =

Name: Methylation
Tcga_samples: 287
Cenes: 1139

N

||
~7.88

Colormap

Glioblastoma Multiforme

Create methylation cluster based on IDH1 status: striking pattern emerges ”



@ SelectionInfo 83 = O
¥tcga_samples - 257 of 585 (43.

I=) Datasetinfo 3 20
Name: Methylation

Tcga_samples: 287
Cenes: 1139

L

L
||
~7.88

Glioblastoma Multiforme
Add CNMF methylation clustering with 3 clusters

99



@ SelectionInfo 83 = O
Vicga_samples - 172 ol 585 (29.

L

) oaasetinfo 3. T

Name: Mutations

Tecga_samples: 276

Cenes: 17841
__—
~7.88 0

[ Colormap ]

Glioblastoma Multiforme
Add CNMF methylation clustering with 8 clusters



@ Selection Info £3 =
Vicga_samples - 172 of 585 (29.

& bansetinfo 3 T O

Name: Clinical
Tcga_samples: 564
Clinicals: 3

Glioblastoma Multiforme
Add survival data

101



@ Selection Info §3
Vicga_samples - 172 of 585 (29.

& bansetinfo 3 T O

Name: Clinical
Tcga_samples: 564
Clinicals: 3

Glioblastoma Multiforme
Export data

Set Name/ Rename
Remove column
Export Data
Export Identifiers

102



¥ switch Connections ON/OFF || €

4%, Data-View Integrator p Search | & StratomeX 53

@ Selectioninfo 53 = O
Vicga_samples - 172 of 585 (29.'

Name: Clinical
Tcga_samples: 564
Clinicals: 3

{=) Datasetinfo 3 20
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Glioblastoma Multiforme
Export data
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PEHOGH® %

g-cimp-subtype.csv

LBe o e 2 % @A

i K K
(Q~ ( Search in Sheet

) »

i # Home | Layout Tables i C harts | Smartart | Formulas _ Data | Review “ JEv

Bl = fx| 27172483 -
- A B | C D E F G H I J K
Il Identifier Feb-83106-0128 06-0129 Jun-70 12-0818 12-0827 14-1458 14-1821 16-0850 19-2629
2 |[PAX3 -0.1417856 0.11425937 -0.3375288 -0.2687174 041211167 0.025824534  0.28384444  -0.09335512  0.18420377 -0.191
3 |FsD1 -0.08075345 -0.2783441 -0.40741664 -0.44710270 .333594808 -0.013799776 -0.21355914 -0.4125057  -0.47387525 0.214
4 |HOXB1 -0.17056336 -0.256667  -0.42307656  -0.4563B507 -0.32255564 -0.05438675 -0.10711608 -0.07605512 -0.4616507 -0.28
5 |LRTM1 -0.26256612 -0.087532535 -0.3923521 -0.4137606  -0.35225746  0.20410466 0.114409215 -0.49363517  -0.24358872 -0.293
6 [MRI1 0.52148366 -0.29675996 -0.2756883  (0.0B2104345 0.5361%486  -0.34041375 -0.3065707  0.010070764 0.5537861 0.432
7 |ARPP-21 0.020761115 ) -0.31807184 -0.42144486 -0.4305186  -0.42485714 -0.1244007 -0.30161503 -0.37284482 -0.46528018 -0.261
8 |DEFB123 -0.1923641  -0.25150253 -0.4641215  -0.26961613 -0.1000148  -0.28770006  0.283401%94 0.2653647 0.0059945942 0.0613
9 |SLC17A4 -0.31467038 -0.27672243 -0.431508 -0.41168833 -0.36524487 -0.061333654  0.26783326 -0.09931746 -0.43470803 -0.150
10 |LIPE -0.16355085 -0.2057257 -0.40440673 -0.3B160163 .29892504 0.122576095 01004104 0.20973328 -0.39580178 -0.205
11 |MYL4 -0.102354544 | -0.19977987  -0.45640662 -0.30327543 .32728568  0.24600082  0.37093848 -0.48242703 -0.106535340 0.080
12 |PCOLCE 0.16873473 -0.060603883 014316115  0.36524142 016061684 -0.3404151  -0.24301422 03602322 -0.379274%6 0.127
13 |C180RF21 03087737 016148421 0.27055407 03561273 0.35662952  0.20585556  0.31406486 0.355822503  0.25179705 0.2
14 |SERPINBT -0.12861061 0.037382588 -0.3850514 0.1519851 0.28578508 -0.23642868  0.315258913 0.22680324  0.13706173 0.137
15 |LRRC4 -0.334159588  -0.40355664 -0.4558562 -0.4762344 -0.45512238 -0.036328483  -0.4B565387 -0.5082524 -0.2696056 0.107
16 |RIMS3 -0.0551132 -0.06975174 -0.30765577  0.26118245 0.45369178 0.38B229224 0.2668557 0.26791584  -0.30687025 -0.020
17 |GMAS 030027902 -0.027930172 -0.17651857 0.002783225 0.4111265  0.36731106  0.40524366 0.38852462 -0.10159501 0.314
18 (IPH4 -0.22371887  -0.1142015%8 -0.31415784 -0.32766497 .25521133 -0.10835368 -0.2B655214 -0.3721775 -0.4428355 -0.123
19 |FAMI12B -0.23671702 -0.16780111 -0.32869387 -0.36372742 -0.3418818  0.22051738  0.15340273 -0.048124313 -0.2654656 0.210
20 |ANK3 -0.11880265 -0.2569762 -0.283780% -0.41483262 0065270714 018258645 -0.37288272 -0.2372556  -0.36835268 -0.182
21 |SLC34A1 -0.2081686  -0.30003256 -0.41136366  -0.34525614 -0.39861625 -0.1022281%  0.35125035 -0.32485%61 -0.22747482 0.0846
22 |TMA4ASF1 -0.1327866 0.06710029 0.15667441  -0.17B77707 .23100285  0.25099244  0.28077552 -0.1562967  0.34177822 -0.032
23 [NUPR1 0.23173398 -0.35026714 -0.25457463 -0.033180553 038761973 0.14017034 0.3422673 0.14158  0.20451283 -0.09
24 (7P4 -0.23404218  -0.05524534  -0.39515772 -0.29391825 -0.36461675 -0.24992053  0.35541556 0.28570224  0.07766051 0124
25 |KALRN -0.025574567 016688342 0.22365151 0.263183 0.2751145 0.011530072  0.21209803 -0.17756058  0.26628804  0.211
26 |MPPY 0.12534429 0.026598634 -0.121055435  0.27216002 029677257 011272653 0.32750252 0.26103535  0.34128648 0.282
27 [C100RF11 0.21831873  -0.05703577 -0.34773836  0.23048413 26528006  0.07502882  0.35189787 0.3401315 -0.10411584 0.0473
28 [CCL16 -0.1704086  -0.21435413 -0.48918238 -0.24238631 -0.2367581  0.07165758  0.30762985 0.20658514  0.21251778 0.098
29 [OR1G1 -0.26554856 -0.19975024 -0.3487445  -0.31132045 -0.2778506 -0.15856531  0.07690581 -0.14481743 -0.391059546 0.174
3!] APOD -0.31046536  -0.19764517  -0.31000727 -0.32856318 .231592082 -0.008822635  0.07476304 -0.25185557 -0.43233263 -0.254
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StratomeX strong for hypothesis validation
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The Cancer Genome Atlas € e TCGA Data
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Guided Exploration

Visually guide analyst through analysis

Pinpoint to possibly interesting
patterns and correlations

Tour Guide




Tour Guide Approach

Q: Which stratifications are most similar to this mRNA
clustering?

Q: Which stratifications contain a subset with the same

patients who also have a homozygous deletion of this
gene?

Q: What are the top pathways containing genes with
copy number alteration or mutations?
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Combine Complex Queries
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PATHWAY
VISUALIZATION

Marc Streit & Alexander Lex



Experimental Data and Pathways

Pathways represent consensus knowledge for a
healthy organism or specific disease

Cannot account for variation found in
real-world data

Branches can be (in)activated due to
mutation,
changed gene expression,
modulation due to drug treatment,
etc.

Marc Streit & Alexander Lex 116



Why use Visualization?

§ ) Efficient communication of

information
A -3.4
B 2.8
C 3.1
D -3
E 0.5

£ |e F 0.3

Marc Streit & Alexander Lex



Experimental Data and Pathways
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Composite Ele

AACS
FSTL1
ELMO2
CREB3L1
RPS11
PNMA1
MMP2
SAMD4A
SMARCD3
AAGNT
C9orf39
PKNOX2
RALYL
ZHX3
ERCC5
RXFP3
APBB2
BBOX1
PRO0478
GCSH
XDH
EDN1
MTERF
PDCL3
CLK4
KCNG1
CXCR4
DECR1
SALL1
PTPRR
CADM4
IRAK1

O
Lipoamide

Signal
0.51414972642765
274.326.077.373.904
-0.47503962404922
-110.344.925.188.626
499.838.216.564.566
154.879.089.253.498
268.760.812.835.858
-0.95385000100184
-12.754.315.263.248
-0.8779238907219
-119.755.123.311.627
-0.95454191801256
-163.237.829.190.046
-0.92856964251013
0.95243371908686
-206.267.250.950.005
-101.794.466.906.032
-219.765.356.842.015
-208.735.486.814.708
214.667.175.620.209
-140.335.573.729.949
-0.27265835556173
0.334560496873088
0.22161805747679
0.11771672245876
-145.735.076.947.667
187.536.247.744.716
267.353.839.615.507
-131.231.146.088.135
-175.072.128.842.408
-159.091.940.638.954
315.954.017.145.736

Signal
0.408345300354386
366.350.031.165.199
0.083081303877976
-129.462.362.872.386
468.034.485.053.486
0.867033048134666
321.769.033.459.614
-110.393.925.981.711
-0.803166248235193
-178.229.413.280.745
-199.689.453.294.211
-129.980.559.337.036
-223.568.546.117.929
-111.244.404.270.456
0.957680305439156
-247.628.615.578.476
-139.226.919.342.780
-216.619.193.833.608
-201.266.491.273.900
214.425.000.089.483
-154.352.054.860.075
0.0601082045242967
0.602787120981156
192.980.867.583.586
0.837990640842366
-154.967.690.506.818
263.335.862.066.286
243.484.300.334.252
-206.830.763.066.117
-215.050.278.107.699
-196.549.713.788.350
299.254.943.418.361

[Lindroos2002]

Signal
103.839.280.872.892
572.009.498.050.765

0.71228305118261
-0.227010846693110
409.691.860.929.175

27.926.044.547.714
490.900.567.411.305
-0.780339641097821
192.878.200.580.422
-22.870.781.160.139
-170.879.710.400.263
-129.725.303.429.725
-202.107.025.240.506
0.0565663009364497
0.99553222244338
-258.794.340.437.298
0.7396843984963
189.217.944.622.057
-264.514.012.419.739
282.468.317.897.215
-195.598.156.263.592
-0.686221828128451
116.205.672.714.072
171.282.568.732.192

0.48153932013633

-173.914.329.989.365
228.888.923.555.987
340.595.900.405.511
-167.501.082.187.998
-201.907.311.040.685
-224.919.487.589.083
356.221.429.575.433

Signal
108.369.722.813.568
-115.814.163.115.937
-0.872750104404229
-0.284588481211029
437.410.995.409.265
225.292.305.165.001
-167.367.360.374.371
-0.927255839038269
-166.272.411.648.149
-127.901.084.268.365
-197.903.696.598.943
-117.863.280.467.411
-167.211.920.052.532
-0.794043792350179
0.238642819120941
-243.076.988.610.523
-160.525.972.599.955
-223.116.920.533.355
-183.469.408.961.363
379.400.938.009.765
-164.927.258.900.381
-0.0703902946165886
0.290137408663012
129.218.742.469.691
0.101190616384591
-168.541.602.431.989
-145.426.654.150.337
332.766.227.083.077
-196.742.986.889.255
-0.618976507439188
-163.188.842.517.916
368.207.420.675.573

Signal
146.228.041.324.369
462.733.779.632.644
0.407918562894304
-0.879544579484095
442.451.017.149.714
0.730144175027465
323.947.380.237.154
-104.784.345.382.755
-126.054.982.166.486
-200.815.270.464.235
-184.196.451.349.235
-169.952.892.104.581
-226.223.976.628.069
-101.938.096.745.295

153.006.779.612.285
-261.197.965.543.047
-129.292.861.167.009
-242.172.086.385.896
-228.483.271.853.159

234.157.818.929.887
-153.786.759.540.717

0.241048141573394

0.339834697015724
183.026.664.772.145

0.461222798318555

-196.875.877.389.228
277.993.551.197.589
300.755.122.393.034
-226.876.961.736.839
-0.453120032708616
-202.074.958.245.880
332.140.514.206.449

Signal
189.518.994.867.335
283.075.033.965.805
145.159.574.522.917

-0.0134788669146966
490.071.296.665.235
194.355.497.056.736

-159.909.546.919.508
-113.068.517.857.268
253.814.516.975.109
-137.113.826.496.947
-123.143.505.917.242
-0.914002701548987
-180.973.590.502.948
-0.413263822075167
-0.071226896339307
-216.635.887.704.531
-153.166.942.410.299
-172.405.872.547.507
-222.688.943.536.626
305.821.981.214.471
-150.754.123.452.277
-0.681241448310897
0.376698230530083
211.448.961.587.135
0.547200380309174
-109.608.188.831.993
32.964.742.520.002
195.692.044.856.851
-0.851620028342527
166.423.598.869.425
-179.879.615.356.428
197.043.270.833.661
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[Lindroos 2002]

[Junker 2006]

Visualization Approaches
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CDP-4-dehydro- CDPglucose
6-deoxy-D-ghuccse 5422

alpha-D-Glucose 2.7.1.2

beta-D-Fructose 6-phosphate

Layout Adaption
Marc Streit & Alexander Lex

[Meyer 2010]

Separate Linked Views
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REQUIREMENTS FOR
VISUALIZING PATHWAYS
AND EXPERIMENTAL DATA

Marc Streit & Alexander Lex



What to Consider when Visualizing
Experimental Data and Pathways

Conflicting Goals
Preserving topology of pathways

Showing lots of experimental data

Five Requirements

ldeal visualization technique addresses all

Marc Streit & Alexander Lex



R |: Data Scale

Large number of experiments

Large datasets have more than 500 experiments

Multiple groups/conditions

Marc Streit & Alexander Lex 122



R Il: Data Heterogeneity

Different types of data, e.g.,

MRNA expression numerical
mutation status categorical
copy humber variation ordered categorical

metabolite concentration  numerical

Require different visualization techniques

Marc Streit & Alexander Lex 123



R [lI: Multi-Mapping

Pathways nodes are biomolecules

CA3 C

Proteins, nucleic acids, lipids,

KJ2
RAF

metabolites

Experimental data often
on a ,gene” |evel

El

Multiple genes can produce protein = c

Multiple genes encode one protein £3

E4

Result: many ,,gene” values map

to one pathway node

Marc Streit & Alexander Lex



R IV: Preserving the Layout

Pathways are available in
carefully designed layouts

e.g., KEGG, WikiPathways, Biocarta
Users are familiar with layouts

Goal: preserve layouts as much as possible

Two approaches:
Emulate drawing conventions

Use original layouts

Marc Streit & Alexander Lex 125



R V: Supporting Multiple Tasks

Two central tasks:

Explore topology of pathway

Explore the attributes of the nodes
(experimental data)

Need to support both!

Gene 1 | 11 0.4
Gene 2 - 0.5 1.2
LN 1.4 0.z 05

Gene 4 R 0.5 0.7
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Visualization Approaches
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Concept

Pathway View enRoute View
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Pathway View

On-Node Mapping
Path highlighting with Bubble Sets s

Selection
Start- and end node

Iterative adding of nodes
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enRoute View — Path
Representation

* Desigh of KEGG s
e Abstract branch nodes

— Additional topological
information

— Incoming vs. outgoing
branches

— Expandable
* Branch switching
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Experimental Data Representation

Gene Expression Data (Numerical)
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Copy Number Data (Ordered Categorical)
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enRoute View — Putting All Together
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Demo Video: http://enroute.caleydo.org

Live Demonstration!
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http://enroute.caleydo.org/

Glioblastoma Multiforme Example
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Glioblastoma Multiforme Example
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Please cite the enRoute paper
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CONCLUSION
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Caleydo — Multi-Dataset Analysis

For relationships of

multiple datasets and tabular and graph data

Free to use for all

Feedback and help welcome anytime!
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Resources

Project website http://caleydo.org
Caleydo help http://help.caleydo.org
Pre-packaged TCGA data http://tcga.caleydo.org
Contact caleydo@icg.tugraz.at
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