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The purpose of computing is insight, not numbers. 
- Richard Wesley Hamming

visualization pictures

- Card,  Mackinlay, Shneiderman
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Date 
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Arabidopsis thaliana  
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[D’Hont et al., Nature, 2012]



Good  
Data  

Visualization

… makes data accessible 

… combines strengths of         
     humans and computers 

… enables insight 

… communicates



Why Visualize?

To inform humans: Communication 
How did the unemployment and labor force develop over the last years? 

When questions are not well defined: 
Exploration 

Which combination of gene mutations is a good cancer marker?  
Which drug can help patient X?



Can We Trust Statistics?
I

x y

10 8.04

8 6.95

13 7.58

9 8.81

11 8.33

14 9.96

6 7.24

4 4.26

12 10.84

7 4.82

5 5.68

II
x y

10 9.14

8 8.14

13 8.74

9 8.77

11 9.26

14 8.1

6 6.13

4 3.1

12 9.13

7 7.26

5 4.74

III
x y

10 7.46

8 6.77

13 12.74

9 7.11

11 7.81

14 8.84

6 6.08

4 5.39

12 8.15

7 6.42

5 5.73

IV
x y

8 6.58

8 5.76

8 7.71

8 8.84

8 8.47

8 7.04

8 5.25

19 12.5

8 5.56

8 7.91

8 6.89Mean x: 9 y: 7.50 
Variance x: 11 y: 4.122 
Correlation x – y: 0.816  
Linear regression: y = 3.00 + 0.500x 



Anscombe’s Quartett

Mean x: 9 y: 7.50 
Variance x: 11 y: 4.122 
Correlation x – y: 0.816  
Linear regression: y = 3.00 + 0.500x 



Interacting with Data

The Future of Data Analysis  
is (also) Interactive

Human
Insight 
Actions 
Context 
Reasoning

Data
Informative,  
Incomplete,  
Noisy, Conflicting

Computation
Algorithms 
Statistics 
Recommendations 
Classifications 
Aggregation

Interaction

Visualization

Communicates 
Interfaces Selected &  

Derived Data



Visualization

Human Data Interaction
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Research Areas



Large, Multivariate (Biological) Networks



Multidimensional Data

Set Visualization

Multivariate Rankings



Genomic Data

Cancer Subtypes / Omics 
Clustering and Stratification

Alternative Splicing  / 
mRNA-seq



Pathfinder:  
Visual Analysis of  Paths in Graphs

[EuroVis ‘16]	
Honorable Mention Award



Intelligence	Data:	How	are	two	suspects	connected?



Intelligence	Data:	How	are	two	suspects	connected?



Biological	Network:	How	do	two	genes	interact?



Coauthor	Network:	How	is	HP	Pfister	connected	to	Ben	
Shneiderman?

Photo	by		John	Consoli



Pathfinder

Visual	Analysis	of	Paths	 
in	Large	Multivariate	Graphs



Challenge 1: Graph Size

Image	Source:		
http://www.thenetworkthinkers.com/2013/03/big-data.html

How	can	we	deal	with	graphs	too	large	 
to	sensibly	render	at	once?	

Approach:	(Path)	Queries



Challenge 2: Multivariate Attributes

[McDonnel2009]
[Gehlenborg2010]

How	can	we	deal	with	graphs	that	contain	rich	attribute	data?	



Approach: Attribute Visualization for Paths

[Partl2012]

EnRoute			http://enroute.caleydo.org	

http://enroute.caleydo.org


The Data



Network Data

Attributes

Sets

Nodes Edges



The Approach



Pathfinder Approach
Query	for	paths



Pathfinder Approach
Show	query	result	only……	as	node-link	diagram



Pathfinder Approach

1.

2.

Path	Score…	and	as	ranked	listUpdate	ranking	to	identify	important	paths



Pathfinder Approach

1.

2.

Path	ScoreUpdate	ranking	to	identify	important	paths



Coauthor Network

Generated from TVCG and 
CHI publication data in DBLP 

34k Nodes, 45k Edges

Nodes:	Author

Attributes	
#	Publications	
#	Citations	
…
Sets	
CHI/TVCG	Publications

Edges:	Co-author-  
ship



Biological Network

Generated from  

KEGG Pathway Data 

11k Nodes, 71k Edges

Gene

Attributes	
Gene	Expression	Data	
Copy	Number	Data

Sets	
Biological	Pathways

Compound

Attributes	
-

Sets	
Biological	Pathways



Example: KEGG Metabolism Overview



Analysis Questions

Two genes are co-expressed. What is their underlying 
connection? 

What are alternative routes connecting A to B? 

How is gene A connected to Pathway B? 

Is the connection from A to B the same in many pathways? 

Is the route connecting A and B active?



Pathfinder Views



Path	List	View Path	Topology	ViewPath	Statistics	View



Path Query and Search



Query and Search

Specify	start	and	end
Start/end	can	be	node	lists
Start/end	can	be	defined  
through	set	membership



Query and Search

Specify start and end	

K-shortest path search 

k

Continue	until	all	path	of	 
length	of	k-th	path	are	found



Query	Interface



Query Interface

Simple 

Advanced





Path Topology View: 
Getting an Overview



Path	Topology	View



Path List View:  
Investigating Paths in Detail



Path Representation

Numerical	Attributes

Sets



Pathways

Grouped	Copy	Number	
and	Gene	Expression	Data	



Path Ranking: 
Identifying Relevant Paths



Rank	Column



Rank	by	Average	Set  
Connection	Strength
Rank	by	Journal	Set  
Connection	Strength



Case Study: 
Biological Network



ERK-MAPK signaling cascade 
Search	Paths	from	KRAS		
to	MAPK3	

Ranking	by	set	connection		
reveals	ERK-MAPK		
signaling	cascade	



ERK-MAPK signaling cascade 

This	cascade	is	important	in	many	pathways.	



pathfinder.caleydo.org 



Vials 
Visualizing Alternative Splicing 

[InfoVis’15]



Scalable solution  
for isoform / 

alternative splicing  
analysis

Visualize measures for 

isoform abundance,  

base-pair/exon expression,  

junction reads  

for a large set of samples



IntronExon ExonIntronExon

Splicing



IntronExon ExonIntronExon

Omitted Exons



IntronExon ExonIntronExon

Truncated Exons



Isoforms

Isoform 1

Isoform 2

Isoform 3



Reads

Reads from mRNA-seq data tell us about expression of exons

Junction reads tell us about which (parts of) exons are spliced out 



Junction  Information

10

8

157



Goals Explore differences between samples 
and groups of samples 

Quality control 

Discover novel isoforms 



The Competition: Sashimi Plots

[Katz et al, 2010]

[Sheng et al, 2014]



Data & Visualization

Isoform abundance 

Exon expression 

Junction reads 

…for hundreds of samples 

…for multiple groups
Isoform  
View

Expression  
View

Junction  
View



Expression View



Isoform View



Junction View



Junction View - Group Comparison



Junction View - Group Comparison



Junction View - Group Comparison



Case Study: Leukemia vs Glioblastoma

average expression for exon 4

exon 4 exon 8

(p1) (p2)

(p3)



http://vials.io



http://caleydo.org

HTML,	
JavaScript Python

Client Server Database

SQL,	etc.

http://caleydo.org/


The Theme
Use the best visual channel for the key 
data 

Use color sparingly, primarily for 
highlighting 

Deal with big data through: 

definable queries 

dynamic, interactive ranking
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UpSet 
Visualizing Intersecting Sets[InfoVis’14]



[D’Hont et al., Nature, 2012]
[Wiles et al., BMC Systems Biology]

 [Neale et al., BMC Genome Biology, 2014]

[Gibbs et al., Nature, 2004]



[created with EulerAPE]
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[created with EulerAPE]



Set Vis Goals

1. Efficient visual encoding

3. Visualize attributes 

2. Creating complex  
slices of a dataset 

vs.



Visualizing Intersections Visualizing Properties

Attribute Details

Element List & Queries

[Movie Lens Dataset]



Visualizing  
Intersections



A B C Universal Set
A

B C



A B C Universal Set
Must 

Must Not
A

B C



A B C Cardinality

5

17

7

10

14

20

7

5

5

17

7 10

14 20

7

5



Plotting Attributes



A B C

Additional Plots

Deviation Attributes

How surprising is the size of an intersection?What’s the distribution of an  
attribute in an intersection?



Action-
Comedy

Drama-
Comedy



Sorting



A B C

Which is the biggest intersection?
Sort By: Cardinality





Aggregation



A B C Are many items shared between  
two sets?
Aggregate By: Degree



A B C

 Degree 0

 Degree 1

 Degree 2

 Degree 3

Are many items shared between  
two sets?
Aggregate By: Degree

Sum of children



A B C
How are the elements of ‘B’ distributed?
Aggregate By: Set

 Degree 0

 Degree 1

 Degree 2

 Degree 3



A B C

 None

 A

 B

 C

Must 

May 

Must Not

How are the elements of ‘B’ distributed?
Aggregate By: Set

A

B C



 C

A B C

 None

 A

 B

How are the elements of ‘B’ distributed?
Aggregate By: Set





Queries



A B C

Must 

May 

Must Not





Elements & Attributes



How do documentaries compare to adventure movies?



How do documentaries compare to adventure movies?



Applications



Applications

Genetics 

Economics 

Pharmacology 

Social Networks



R-Version: UpSetR

Developed at HMS 

Some design adaptions



The Banana Chart Redesigned



caleydo.org/tools/upset

http://caleydo.org/tools/upset




Lineup:  
Visualizing Multivariate Rankings

[InfoVis ‘13]	
Best Paper Award



Rankings 
are  

Popular



University

Harvard,	USA

Oxford,	UK
Cambridge,	UK
Princeton,	USA

MIT,	USA

Rank

2.

5.
4.
3.

1.

Score

84.2

44.0
64.3
73.8

89.4

Score



Support Multiple 
Attributes



Combiner functions: f(A,B,C)

(Weighted) sum  
   Score = wa A + wb B + wc C 

Maximum 
   Score = max(A, B, C) 
Product 

Nesting 

…

àSerial	

àParallel	

àComplex  
	Combiners	



Serial Combiner

University

Harvard,	USA

Oxford,	UK
Cambridge,	UK
Princeton,	USA

MIT,	USA

Rank

2.

5.
4.
3.

1.

A B C

						wa	A								+								wb	B							+							wc	C

(as Stacked Bar)



Serial Combiner

University

Harvard,	USA

Oxford,	UK
Cambridge,	UK
Princeton,	USA

MIT,	USA

Rank

2.

5.
4.
3.

1.

A B C

(as Stacked Bar)

wa	A + +wb	B wc	C



Serial Combiner

University

Harvard,	USA
MIT,	USA

Rank

2.

5.
4.
3.

1.

Oxford,	UK
Cambridge,	UK
Princeton,	USA

A B C

(as Stacked Bar)

wa	A + +wb	B wc	C





Flexible Mapping of  
Attributes to Scores



Min Max0 100

0 1Transformed

Input



0 100

0 1Transformed

Input



0 100

0 1





Compare Rankings



Bump Charts

Rank

2.

5.
4.
3.

1.

ScoreUniversity

Harvard,	USA

Oxford,	UK
Cambridge,	UK
Princeton,	USA

MIT,	USA

Rank

2.

5.
4.
3.

1.

Score Score

(+1)

(-2)

(+1)



Bump Charts

Rank

2.

5.

3.

1.

ScoreUniversity

Oxford,	UK
Cambridge,	UK
Princeton,	USA

MIT,	USA

Rank

5.
4.
3.

1.

Score Score

(+1)

4.

Harvard,	USA2.

(-2)

(+1)

4.

Harvard,	USA2.

(-2)





Applications



Applications
General Purpose Web Tool 
Integrated by Microsoft into  PowerBI 

Part of Genomics Data  
Analysis Platform



http://lineup.caleydo.org

134





Pathways
[Partl, BioVis ‘12]
Best Paper Award

[Lex, InfoVis ‘13]
[Partl, BMC Bioinf. ‘13]



Experi-
mental 

Data and 
Pathways 

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.[Partl, BioVis ‘12]



Many Node Attributes

Pathway A

A

F

B

CE

D

G

Node Sample 1 Sample 2 Sample 3 …

0.55

0.12

0.33

…

0.95

0.42

0.65

…

0.83

0.16

0.38

…

…

…

…

A

B

C

…

Node Sample 1 Sample 2 Sample 3 …

low

normal

high

…

low

low

very low

…

very high

high

normal

…

…

…

…

A

B

C

…

C

How to visualize experimental data on pathways?



Good Old Color Coding

A -3.4 

B  2.8 

C 3.1 

D -3 

E 0.5 

F 0.3

C

B

D

F

A

E

4.2 5.1 4.2 

1.8  1.3 1.1 

-2.2  2.4 2.2 

-2.8  1.6 1.0 

0.3 -1.1 1.3 

0.3 1.8  -0.3 

[Lindroos2002]



Challenge: Supporting Multiple Tasks

Two central tasks: 
Explore topology of pathway 

Explore the attributes of the nodes  
(experimental data) 

Need to support both!

C

B

D

F

A

E



Pathway View

A

E

C

B

D

F

enRoute View

Concept

Group 1 
Dataset 1

Group 2 
Dataset 1

Group 1 
Dataset 2

B

C

F

A

D

E

D

A

E

Non-Genetic Dataset



enRoute



Video





Case Study: CCLE Data

22





http://entourage.caleydo.org





Heterogeneous Data 
Cancer Subtypes

[EuroVis ‘12]	
3rd Best Paper Award 
[Nature Methods ‘14]



Cancer 
Subtypes

Cancer is not homogeneous 
different histology 

different molecular alterations 

Subtypes have serious implications 
different treatment for subtypes 

prognosis varies between subtypes



Comparing & Evaluating 
 Patient Groupings (Stratifications)



Pa
ti

en
ts

Genes

Candidate Subtype / 
Heat Map

Header / 
Summary of  
whole Stratification



Comparing Stratifications

Cluster A1

Cluster A2

Cluster A3

B1

B2

Tabular 
e.g., mRNA

Categorical, 
e.g., mutation status



Comparing Stratifications

Cluster A1

Cluster A2

Cluster A3

B1

B2

Tabular 
e.g., mRNA

Categorical, 
e.g., mutation status

[Parallel Sets, Kosara]



Clustering of  
mRNA Data

Stratification on  
Copy Number Status

Many shared Patients



Other Data – Same Stratification

Cluster A1

Cluster A2

Cluster A3

B1

B2

Dependent Data, 
e.g. clinical data

Dep. C1

Dep. C2

Tabular 
e.g., mRNA

Categorical, 
e.g., mutation status



Survival data in  
Kaplan Meier plots



Detail View



Integrating 
Computation

Query column Result column

Ranked Stratifications

Data Visualization

Algorithm Output  
Visualization

Algorithms



More Information:

http://stratomex.caleydo.org

http://entourage.caleydo.org/
http://entourage.caleydo.org/

