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Historical Quotes

Imagination or visualization, and in particular the 
use of diagrams, has a crucial part to play in scientific 
investigation. - René Descartes, 1637

The purpose of computing is insight, not numbers.
- Richard Wesley Hamming(Founder of the ACM), 1962

Graphics is the visual means of resolving logical 
problems.   - Jacques Bertin, 1977



Multi-dim. Datasets

Multi-variate Graphs Multi-attribute RankingsHeterogeneous Datasets

Visual Linking Set Visualization



Heterogeneous Data
Cancer Subtypes

[Lex, EuroVis ‘12]
3rd Best Paper Award



Pathways[Partl, BioVis ‘12]
Best Paper Award



[Steinberger InfoVis’11]
Best Paper Award

Visual Links[Steinberger InfoVis’11]
Best Paper Award
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Visualizing Hidden Content[Geymayer CHI’14]
Honorable Mention Award





Rankings[Gratzl, InfoVis ‘13]
Best Paper Award



Rankings are 
omnipresent
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Goal
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Intuitive
Interactive

Multi-Attribute

Ranking Visualization
To Create

Refine
Explore
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Combiner functions: f(A,B,C)

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

Maximum
Score = max(A, B, C)

Product

Nesting

…
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Serial

Parallel

Complex
Combiners



Serial Combiner
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MAX(A,B,C)

Parallel Combiner
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Video showing

• Creating combined score
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Bump Charts
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Video showing:

• Creating snapshot for comparison

• Play with weights

• Show delta

• Select by clicking on slopegraph



10 Requirements

1. Encode Rank

2. Encode Cause of Rank

3. Support Multiple Attributes

4. Interactive Refinement 
and Visual Feedback

5. Flexible Mapping 
of Attributes to Scores

6. Compare Rankings

7. Scalability

8. Filtering

9. Handle Missing Values

10. Optimization
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Demos, Videos & More:
http://lineup.caleydo.org
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A VERY SHORT VISUALIZATION 
INTRODUCTION



The Ability Matrix



Pattern Discovery
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Can We Always 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
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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
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Mean x: 9 y: 7.50
Variance x: 11 y: 4.122
Correlation x – y: 0.816 
Linear regression: y = 3.00 + 0.500x 



Why Graphics?

Figures are richer; provide more 
information with less clutter and in 
less space.

Figures provide the gestalt effect: they 
give an overview; make structure 
more visible.

Figures are more accessible, easier to 
understand, faster to grasp, more 
comprehensible, more memorable, 
more fun, and less formal.

list adapted from: [Stasko et al. 1998]



Visualization Definition

Visualization is the process that transforms (abstract) data 
into interactive graphical representations for the purpose 
of exploration, confirmation, or presentation.



Applications of Visualization
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IllustrationOpen Exploration



Joseph Minard - 1869



Visual Variables

For Relationships:
Containment
Connection



Position

Strongest visual variable

Suitable for all data types



Size & Length

Good visual variable

Easy to see whether one is bigger

Grouping works

Judging differences

Good for aligned bars (position)

OK for changes in length

Bad for changes in area
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Shape

Great to recognize many classes.

No grouping, ordering.
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Value

Good for quantitative data when length & size are used.

Not very many shades recognizable

Supports grouping

Is preattentive (stands out) if sufficiently different
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Color

Good for qualitative data

Limited number of classes!

Not good for quantitative data!

Is preattentive if sufficiently different.

Lots of pitfalls! Be careful!
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How much longer?

A

B



How much longer?

A

B



How much steeper?

A B

4x



How much larger?

A B

2x (diameter)



How much larger?

A B

2x Area



How much larger?

A B

3x



How much darker?

A B

Opacity: A = 0.2 / B = 0.4 ->
But: non-linearities of the human visual system



VISUALIZATION GUIDELINES & 
PITFALLS



3D!

[Spotfire]



3D Pitfall: Occlusion & Perspective

[Gehlenborg and Wong, Nature Methods, 2012]



3D Pitfall: Occlusion & Perspective

[Gehlenborg and Wong, Nature Methods, 2012]



Color Scales

Don‘t! Ever! use multiple hues for (continous) 
quantitative data

Use multiple hues for meaningful intervals





Bad Color Mapping
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Good Color Mapping
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Color is relative!
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Creating Color Scales

Quantitative range: go for one color
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Quantitative range with “neutral” value: 
use two colors (diverging)

0 1

1-1 0



Creating Color Scales

For Ordinal Data: same principles
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Continuous

Diverging

Helpful Tool: http://colorbrewer.org

For Categorical (nominal) Data: 
use unique  hue



Scales



Context



Context



Context



Wrong Visual Encoding



Wrong Visual Encoding



Resources

Hanspeter Pfister’s 
Visualization Class

http://www.cs171.org/

Visualization on the Web:

http://d3js.org/

Isabel Meirelles

http://www.cs171.org/
http://d3js.org/
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