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The purpose of computing is insight,  
not numbers. 

- Richard Wesley Hamming

visualization

pictures - Card,  Mackinlay, Shneiderman
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P. dactylifera  
Arabidopsis thaliana  
Oryza sativa 
Sorghum bicolor  
Brachypodium distachyon 



[D’Hont et al., Nature, 2012]



Good  
Data  

Visualization

… makes data accessible 

… combines strengths of         
     humans and computers 

… enables insight 

… communicates



Can We Trust Statistics?
I

x y
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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 



Same Stats, Different Graphs: Generating Datasets with Varied Appearance and Identical Statistics through 
Simulated Annealing, CHI 2017,  Justin Matejka, George Fitzmaurice 

https://www.autodeskresearch.com/people/justin-matejka
https://www.autodeskresearch.com/people/george-fitzmaurice


Visualization in the Data Science Process

Doing Data Science: Straight Talk from the Frontline,

by Cathy O'Neil and Rachel Schutt




Visualization

Human Data Interaction

=



The Vis Vocabulary

How can we 
effectively encode 
data using graphical 
marks? 



Why are quantitative channels different?

S = sensation
I = intensity



How much longer?

A

B

2x



How much longer?

A

B

4x



How much steeper?

A B

~4x



How much larger?

A B

5x



How much larger?

A B

2x
diameter
4x area
area is proportional to diameter 
squared



How much darker?

A B

3x



Other Factors Affecting Accuracy

Alignment
Distractors
Distance
Common scale
…

A B

Unframed 
Aligned

Framed 
Unaligned

A
B

A
B

Unframed 
Unaligned

VS VS VS



Color

Good for qualitative data (identity channel)
Limited number of classes/length (~7-10!)
Does not work for quantitative data!
Lots of pitfalls! Be careful!
My rule: 
minimize color use for encoding data
use for highlights

< <
?????



Integrity Principles

1. Show data variation, not design variation
2. Clear, detailed, and thorough labeling and appropriate 

scales 
3. Size of the graphic effect should be directly 

proportional to the numerical quantities (“lie factor”)



What’s wrong?



What’s wrong?



What’s wrong?



Resources

http://dataviscourse.net
Slides
Videos
D3 Tutorials

http://dataviscourse.net


Research Areas



Large, Multivariate (Biological) Networks



Genealogies & Clinical Data



Multidimensional Data

Multivariate  
Rankings – Lineup

Set Visualization – UpSet



EHRs 



Genomic Data

Cancer Subtypes / Omics 
Clustering and Stratification

Alternative Splicing  / 
mRNA-seq

cTracks – Copy 
Number Browser



Reproducibility, Storytelling, Annotation, and 
Integration in Computational Workflows



Lineage  
Visualizing Clinical Data in Genealogy Graphs

Alexander Lex

Carolina Nobre Nils Gehlenborg

Hilary Coon 



Motivation
Understand Complex Psychiatric 
Conditions 

Discover Genetic Risk Factors 

Dataset: 118k people, 19k suicide cases, 
~2k with genomic data, 550 families 

Based on Utah Population Database



Specific  
Goals

Find familial cases that also have an 
“interesting” phenotype 

e.g., predominantly female, associated 
with rare psychiatric disease, etc. 

Prioritize those cases for analysis of 
shared genomic sequences  

Proofreading the Data!





Age 
Sex 
Race 
Bipolar 
# diagnosis bipolar 
Depression 
# diagnosis depression 
Asthma 
# diagnosis asthma 
Obesity 
Schizophrenia 
Cause of Death 
Weapon Used 



Multivariate Attributes and Graphs

[McDonnel2009]
[Gehlenborg2010]

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




Genealogy with ~400 members rendered with Progeny



1. De-cycle and 
linearize graph

2. Plot attributes 
in table



De-Cycling
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Linearization
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Basic Encoding



Can’t show many people Lots of missing data
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Aggregation

People of Interest
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Aggregation

Others have to share a row

One row for every person of interest



Aggregated Rows



More Aggressive: Hiding

1
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Only data for #6 shown

Empty row



Implicit Encoding of  Family

Parents Children

No Aggregation Aggregation



Search and 
Filter 

Strategies

Find families enriched for a trait 

Scan relevant cases for relationships



Next Steps
Show variants and other genetic data 

Figure mode 

Extend to other datasets 

UPDB Users: Cancer, other psychiatric, 
cardiovascular, etc. 

Genealogical datasets becoming more 
common 

Smaller pedigrees, like trios? 

Phylogenies, …



http://lineage.caleydoapp.org  

Paper: http://vdl.sci.utah.edu/



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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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
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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





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



https://gehlenborglab.shinyapps.io/upsetr/



A new Banana Paper



caleydo.org/tools/upset

http://caleydo.org/tools/upset




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.



Many Node Attributes

Pathway A

A

F

B

CE

D

G

Node Sample 1 Sample 2 Sample 3 …
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…

…

…
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…

C

How to visualize experimental data on pathways?



Good Old Color Coding

A -3.4 

B  2.8 
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Good Old Color Coding

A -3.4 

B  2.8 

C 3.1 
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[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



Visualization Design Strategies



1. Encoding channel primacy 
2. Show relationships explicitly 
3. Use queries  
4. User color sparingly 
5. Enable annotation / provenance 



1. Encoding Channel Primacy 
Most important data is assigned most 
powerful encoding channel (position)



[D’Hont et al., Nature, 2012][Wiles et al., BMC Systems Biology]  [Neale et al., BMC Genome Biology, 2014]

[Gibbs et al., Nature, 2004]

Example: Set Visualization



The Banana Chart Redesigned



2. Show relationships explicitly 
Don’t use highlighting to connect 
different views 
Use smart layouts (position)  
or connectivity







3. Use queries  
especially for big data





4. User color sparingly 
Limit use to encode data 
Primarily use it to highlight items of 
interest  
Pop out effect!



Only one color for primary attribute (suicide, blue)



Another color for highlights, to emphasize parent-child relationship (orange)



Adding a color for an additional attribute  (deceased yes/no, green)



5. Enable annotation / provenance 
What did you see / think when looking 
at this visualization? 

How did I get here? Can I go back? 
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