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Visualization
Analysis & Design

A lot of the content for this introduction
comes from this book from Prof. Tamara
Munzner (UBC, Vancouver, Canada) which |
created the illustrations for.

If you're interested in learning more, it's a
great book to check out :)



Visualization

The role of visualization systems is to provide visual representations of datasets that
help people carry out tasks more effectively.

Tamara Munzner

A Visualization should:

Save time
Have a clear purpose*

Include only the relevant content*

PN S

Encodes data/information appropriately

* from Noel lllinsky, http://complexdiagrams.com/
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Visualization

The role of visualization systems is to provide visual representations of datasets that
help people carry out tasks more effectively.

Visualization is suitable when there is a need to augment human capabilities
rather than replace people with computational decision-making methods.

Tamara Munzner

A Visualization should:

Save time
Have a clear purpose*

Include only the relevant content*

PN S

Encodes data/information appropriately

* from Noel lllinsky, http://complexdiagrams.com/
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Visualization

The role of visualization systems is to provide visual representations of datasets
that help people carry out tasks more effectively.

External representation:
replace cognition with
perception



Visualization

The role of visualization systems is to provide visual representations of datasets
that help people carry out tasks more effectively.

Data Panel

HEOS me=m External representation:
IRAKZID KinaseFunction 2L.F;S6L;37_1 ol..I;SSL;?:?_l_pvals 1L;S3LI7_37_2 —LIF’.SSLSL;Z?_24 LPSLL37_24_pvals re p I a Ce Cog n it i O n Wi t h

NFKB2 Transcription factor -1.14 0.972 -1.03 1.303 0.807 °
CXcL2 Chemokine 1.853 0.376 4.111 -1.019 0.745 pe Frce pt|on
CHUK Kinase -1.376 0.373 2.232 1.194 0.387

IL13 Cytokine -5.961 2.139 -1.236 0.601

RELA Transcription factor -1.077 0.564 -1.169 1.943 0.594

IKBKB Kinase 1.167 0.29 1421 -1.907 0.286

CCL4 Chemokine 1.254 0.878 -1.052 1.499 0.761

MAP3K7 1.01 0.956 -1.096 1.222 0.8

ICAM1 Adhesion 1.184 0.669 1.537 1.392 0.671

IRF1 Transcription factor -1.013 0.519 1.416 1.081 0.995

CXCL3 Chemokine 1.7 0.905 1.092 -1.598 0.521

IL12B Cytokine -2.448 0.042 -1.473 -2.109 0.08

CCL11 Chemokine -1.338 0.349 -1.995 -1.785 0.129
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IENG Cutokine -1.15%8 n8]N1 1075 1 NS3 Nns21
(= -




Visualization

The role of visualization systems is to provide visual representations of datasets
that help people carry out tasks more effectively.
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http://www.cs.ubc.ca/labs/imager/tr/2008/cerebral/
http://www.cs.ubc.ca/labs/imager/tr/2008/cerebral/
http://www.cs.ubc.ca/~barskya
http://www.cs.ubc.ca/~tmm
http://www.cmdr.ubc.ca/~jennifer/
http://rkincaid.net/

What are we
visualising?

Major data types &
classifications of
them

What is the need
for this
visualization?

Why do the users
heed this, and
what do they
nheed to be able to
do with it?

How can we
visualise?

How can we
visualize?

The components
of a visualization.

Good and bad
practices.
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visualising?

Major data types &
classifications of
them



What are we visualising?

DATA TYPES
(®) STATIC

DATASET TYPES
(® TABLES

Attributes (columns)

»
L

Iltems

(rows) J T

Cell containing value

= Multidimensional
Table

I )

Key 2

.4— Value

\ in cell
Attributes

ATTRIBUTE TYPES

(® CATEGORICAL

+ O 0 A

(® DYNAMIC
[ ]
®q O o ° —
(® NETWORKS (® FIELDS (conTinuous)
Link Cell B
Node
(item)
Attributes (columns)
—_—
1Valuein cell
> Trees

s

(® ORDERED

= Ordinal

« N

= Quantitative

(® TEXT

= Prose
Documents

@ GEOMETRY (spatiaL)

= Document
Collections

= Log Files
= Code
= Multimedia

= Sequential = Diverging = Cyclic




What are we visualising?

() STATIC

For static data, we have fixed
scales.

We know our data range,
therefore scales will not
change.



What are we visualising?

() STATIC

For static data, we have fixed
scales.

We know our data range,
therefore scales will not
change.

(® DYNAMIC

For dynamic data, the
observed min and max values
can change, therefore scales will

change.

This can have big
consequences for the
readability of our visualization.



What is the need
for this
visualization?

Why do the users
heed this, and
what do they
need to be able to
do with it?



The role of visualisation systems is to provide visual representations of

datasets that help people carry out tasks more effectively.

The statistics would lead us to
believing that everything is the

Ssame

X1

Anscombe’s Quartet: Raw Data

1 2 4
X Y X Y X Y X Y

100 804| 100 9.14| 100 7.46| 80 658

80 695| 80 814, 80 677| 80 576

130 758 | 130 874 13.0 1274 80 7.71

90 881| 90 877, 90 7.11| 80 884

110 833| 110 926 11.0 7.81| 80 847

140 996 | 140 8.10| 140 884| 80 7.04

60 724| 60 6.13| 60 608 80 525

40 426 40 3.0, 40 539/ 19.0 12.50

120 10.84| 120 9.13| 120 8.15| 80 556

70 48| 70 726| 70 642 80 791

50 568| 50 474 50 573, 80 6.89

Mean| 90 75 | 90 75 | 90 75 | 90 75

Variance | 100 3.75| 100 3.75| 100 3.75| 100 3.75
Correlation |  0.816 0.816 0.816 0.816

12 4
10 4

X2

X3

10 12 14 16 18

X4

10
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From https://www.autodeskresearch.com/publications/samestats
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Every visualisation should be thought of as a product
of what actions the user needs to take to get to their objective (target)

® Use
> Consume
> Discover > Present
| N il
/ Al . .||:|:..
.1
® Search
Target known
Location .
known + Lookup
Location
unknown Q Locate
® Query

> |dentify > Compare

SN

& Actions
2 Produce
> Enjoy > Annotate

© XN

Target unknown

*s  Browse

"@-> Explore

> Summarise

> Record

\d

e

> Derive

P L

12



Every visualisation should be thought of as a product
of what actions the user needs to take to get to their objective (target)

® Use

> Consume

> Discover

Calllh,
/

® Search

Location
known

Location
unknown

® Query
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® All Data
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<
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® Attributes

2> One 2> Many
> Distribution > Dependency > Correlation = Similarity
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® Network Data
> Topology
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2 Paths
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2 Shape
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Every visualisation should be thought of as a product
of what actions the user needs to take to get to their objective (target)

® Use
> Consume
> Discover > Present
| N il
/ Al . .||:|:..
.1
® Search
Target known
Location .
known + Lookup
Location
> L t
unknown Q ocate
® Query

> |dentify > Compare

SN

& Actions = Targets

® All Data

2 Produce 2> Trends 2 Qutliers = Features

> Enjoy > Annotate > Record > Derive | | | "
[:L | )V L . 2 o v
@ L .\7\.

® Attributes

Target unknown 2 One 2> Many
> Distribution > Dependency > Correlation = Similarity
*J  Browse o
-I|I|I|. a \/
"@-> Explore v Extremes
il
_ ® Network Data @ Spatial Data
2 Summarise
- > Topology > Shape
EETEN @ 1 %‘ t(‘}
> Paths

Always keep in mind why you're doing something. If what you create does not show
what you intended, confuses, or misleads, it's time to rethink:) 1o



Why are we visualising?

Given a large matrix, or even a large series of numbers, it’'s difficult for humans to
‘see’ patterns in the data.

13



Even in this simple example, it is cognitively demanding to read off all the

information.

Home Small
Category Sub-Category Consumer Corporate Office Business
Furniture Bookcases -45.93 -9,300.00 -16,000.00 -7,600.00
Chairs & Chairmats 42,900.00 41,300.10 41,000.00 25,600.00
Office Furnishings 12,000.00 27,300.10 42,000.00 18,600.00
Tables -12,300.00 -35,400.10 -43,000.00 -8,000.00
Technology Computer Peripherals  14,100.56 45,300.00 17,000.00 17,300.00
Copiers & Fax 41,300.00 -28,600.10 29,000.00 68,100.00
Office Machines 51,400.00 180,300.10 39,000.00 36,500.00
Comms (Telephones) 49,700.00 120,400.10 86,000.00 -59,800.00

What is the goal of this representation?

14



We can improve by using ‘pop-out’ to bring attention to negative values.

Home Small
Category Sub-Category Consumer Corporate Office Business
Furniture Bookcases -45.93 -9,300.00 -16,000.00 -7,600.00
Chairs & Chairmats 42,900.00 41,300.10 41,000.00 25,600.00
Office Furnishings 12,000.00 27,300.10 42,000.00 18,600.00
Tables -12,300.00 -35,400.10 -43,000.00 -8,000.00
Technology Computer Peripherals  14,100.56 45,300.00 17,000.00 17,300.00
Copiers & Fax 41,300.00 28,600.10 29,000.00 68,100.00
Office Machines 51,400.00 180,300.10 39,000.00 36,500.00
Comms (Telephones) 49,700.00 120,400.10 86,000.00 -59,800.00
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Or, adding some additional indicators can provide an idea of intensity.

Home Small

Category Sub-Category Consumer Corporate Office Business
Furniture Bookcases -45.93 -9,300.00 -16,000.00 -7,600.00

Chairs & Chairmats $2,200.00 4130010 41,000.00 25600.00

Office Furnishings 12.000.00 27.500.10 42,000.00 18,600.00

Tables -12,300.00 -35,400.10 -43,000.00 -8,000.0C
Technology Computer Peripherals 14,100.56 45,300.00 17,000.00 17,300.00

Copiers & Fax 41,300.00 28,600.10 29,000.00 68100.00

Office Machines 51,400.00 180,300.10 39,000.00 36,500.00

Comms (Telephones) 49,700.00 120,400.10 86,000.00 -59,800.00



Why are we visualising?

Or, adding some additional indicators can provide an idea of intensity.

Home Small

Category Sub-Category Consumer Corporate Office Business
Furniture Bookcases -45.93 | -9300.90 16,000:00) 7,600.04

Chairs & Chairmats 4290000 4130010 41,00000 2560000

Office Furnishings 12.000.00 12730010 142/000,00 18.600.00

Tables -12,300.04] -35,400H0) -43,000100] -8,000.00]
Technology Computer Peripherals 11410056

Copiers & Fax 4130000

Office Machines 5140000

Comms (Telephones) 49:700.00




Sometimesitisto
commuhnicate information

We can use visualisation to
better communicate concepts
that aren’t easily explained using
text alone.

https://www.ipcc.ch/ipccreports/tar/wgl/fig2-32.htm

Probability of occurrence Probability of occurrence

Probability of occurrence

—_— B

Increase in mean

(a)
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climate weather
More
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New weather
weather climate

|

l
Cold Average Hot

Increase in variance

(b) Previous
climate
More
more
More ' \ weather
weather
r%%?éd ‘ lNeW )) recl\g?c;ehot
weather climate weather

./

I | i
Cold Average Hot

Increase in mean and variance

(c)

Much more

Previous
climate weather
} More
Less record hot
Change \ weather
for
New

I

Cold Average Hot
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https://www.ipcc.ch/ipccreports/tar/wg1/fig2-32.htm

Sometimes visualization is heeded to figure out what the best way
to represent a data set can be..combining analytics, visualization,
and human reasoning.

Data ‘ }7 Jalli. Knowledge
&J .
Model
Generation

This is visual analytics.



Discovery and Exploration

Processing Space
Data Input

Select File

WBROWSE ... ® PREVIEW B winequality.csv
CSV Fields Options

Choose fields for clustering

citricacid x | chlorides ®* = density x v

pH %  sulphates x  quality x

Scale the chosen fields

Algorithm Definitions & Option:

Algorithms KMean %

Vectorizer

K-Means

K Number

3

Hierarchical Clustering

Visualization Swatchboard

oAl Sn 1

"

alcohol

:

fixedacidity

I, .

residualsugar

A

Search...

A

2t

Cluster Dimension Comparison

chlorides citricacid

A .

freesulfurdioxide pH

sulphates totalsulfurdioxide

.‘h‘. —- - llll."i.m..

Joint Work with llias Koutsakis and Gilles Louppe @ CERN

density

quality

volatileacidity



How can we
visualise?

How can we
visualize?

The components
of a visualization.

Good and bad
practices.
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How can you encode information optimally?

Manipulate

Facet

Reduce

=222+ Encode
® Arrange
2> Express 2 Separate > Order
‘l . [ |
... [ | |I....
> Align > Use
® Map
from qualitative and quantitative attributes
> Color 2> Region, Texture, Shape, ...
> Hue > Saturation + @ B A
HEN EEE
> Luminance  * Transparency 2> Motion
. un Direction, Rate, Frequency, ...
e o * o
> Position, Size, Angle, e
Curvature, ...
e, u @ l— 1))

2> Change

> Select

E

2> Navigate
<ot

2> Juxtapose

2 Partition

-

2 Superimpose

\ [

2> Filter

3
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How can you encode information optimally?

Manipulate

Facet

Reduce

====»- Encode
® Arrange
> Express > Separate > Order
‘l . | |
> Align > Use
® Map
from qualitative and quantitative attributes
> Color 2> Region, Texture, Shape, ...
> Hue > Saturation += @ B A
HEN L] |
> Luminance 2 Transparency 2> Motion
L] ] Direction, Rate, Frequency, ...
o ) e °
> Position, Size, Angle, e

Curvature, ...

—eo——I ...

l/i— 1))

2> Change

> Select

E

2> Navigate
<ot

2> Juxtapose

2 Partition

-

2 Superimpose

\ .

3
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If we don’t follow grammatical rules or spell correctly, the
meaning of text can be lost.

Data

We want to maximise
information gained

EEFEEEEEE .
——p Insights
’ > pEEmEEEEE Decoder
EEEEEETEE — Error

We want to minimise
the error

Task

The same applies for visualisations. We can compose
visualisations using a vocabulary (shapes, colour, texture,...),
and a grammar. If we learn these, we can do better when it
comes to communicating visually.



Graphs are like jokes.
If you have to explain them, they didn’t work.

Anon.

How can you encode information optimally?

23
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And that’s just a really simple low dimensional example

Moreover, all of these visualizations encode the information,
but the decode error (interpreting, comparing, ..) for each graph is
different

But, why?
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Our perception system does not behave linearly.

Some stimuli are perceived less or more than intended.
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We have to be careful when mapping data
to the visual world

Some visual channels are more effective for some data types
over others.

How can you encode information optimally?

27



Quantitative
Cleveland and McGill, 1983
Heer and Bostock, 2010

MacKinley, 1986
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Cleveland & McGill’s Results 1984
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T6: Pie charts have also been studied in more detail recently

It's quite clear that bar charts are a more effective visual encoding here
than pie charts... our visual system is very good at judging lengths, but
not so much at judging angles and areas.
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https://commons.wikimedia.org/wiki/File:Piecharts.svg

How can you encode information optimally?
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T6: Pie charts have also been studied in more detail recently

When someone reads or compares values in a pie chart, what are
they doing? Comparing angles, areas, length of arc?

Error (Bias)

Robert Kosara and Drew Skau. 2016. Judgment error in pie chart variations. In Proceedings of the Eurographics: Short Papers (EuroVis '16).

Eurographics Association, Goslar Germany, Germany, 91-95. DOI: https://doi.org/10.2312/eurovisshort.20161167
Drew Skau and Robert Kosara. 2016. Arcs, Angles, or Areas: Individual Data Encodings in Pie and Donut Charts. Comput. Graph.

Forum 35, 3 (June 2016), 121-130. DOI: https://doi.org/10.1111/cgf.12888
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T1/T7: Bar charts are better than areas...
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T1/T7: Bar charts are better than areas...
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This is exactly the same data,
at the right scaling.
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T8/T9: Different aspect ratios for rectangles also result in greater or
fewer errors in estimating
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Aspect ratio is important!

For line charts there is a basic guideline on optimising plot aspect ratio to
have an average angle of 45 degrees from Cleveland et al, 1988.

None,Genre None,Genre
100 { — (Global_Sales, Action) 100 { = (Global_Sales, Action)
50 50 A
0 L T T T T T T T T 0 L ] T T T T ] T T
1980 1985 1990 1995 2000 2005 2010 2015 1980 1985 1990 1995 2000 2005 2010 2015
140 1 None,Genre 140 - None,Genre
—— (Global_Sales, Action) —— (Global_Sales, Action)
120 - 120 -
100 - 100 -
80 - 80 -
60 60
40 A 40 4
20 - 20 -
0 1 0 1
1980 1985 1990 1995 2000 2005 2010 2015 1980 1985 1990 1995 2000 2005 2010 2015

Although, like most things, not everyone agrees with this guideline.
In this case | think it makes sense, you can decide:)
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HOW

We have to be careful when mapping
data to the visual world

Some data has a natural mapping that our brains expect given
certain types of data

36



Graphical Code

Small shapes defined by
closed contour, texture, color.

Spatially ordered graphical
objects.

Graphical objects in proximity

Graphical objects having the
same shape color, or texture.

Size, position or height of
graphical object

Shapes connected by
contour

Thickness of connecting
contour

Color and texture of
connecting contour

Shapes enclosed by a
contour,a common texture or
color

Nested/partitioned regions

Attached shapes

Natural Mappings

+OmMA W

He¥

ce o

+, + HEpgn
++++.+ O
H

Semantics

Object, idea, entity, node.

Related information or a sequence. In a sequence
the left-to-right ordering convention is borrowed
from written language (English, French, etc)).

Similar concepts

Similar concepts

Size, quantity, importance, 2D location

Related entities, path between entities.

Strength of relationship.

Type of relationship.

Contained/related entities.

Hierarchical concepts.

Parts of a conceptual structure.

37



LON DON BUSES dotlinking.blogspot.com

Route
30 v

Show Route/Show All

Click on show route/show
all below to get Time-Day
and Payment method
breakdown for particular
route or totals.

P

N N

Locations
presented on a
map.

Pass Child Free

1 Month

B&T Discount - 7 D.

PAYG PAYG ]
Travelcard LUL Travelcard-7 D..-
LuL Travelcard-1 .. [l

Bus & Tram 7 Day _
]
[]
A

Time should be
on an X-Axis

Annual I
Freedom Elderly -
Pass )

Disabled []

B a r C h a rt S fo r ember 2009 on Bus, Tube, DLR and London Overground. Note that bus routes are based on bus stop locations and are

. therefore only approximate.
comparisons.

https://public.tableau.com/s/gallery/london-bus-map
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https://public.tableau.com/s/gallery/10-highest-grossing-actors-all-time?tab=featured&type=featured

HOW

We have to be careful when mapping
data to the visual world

There are many intricacies of the visual system that must be considered
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The pop-out effect

We pre-attentively process a scene, and some visual elements
stand out more than others.

. Parallel processing on many individual channels

- speed inc

ependent of distractor count
nends on channel and amount of difference from

- speed de

distractors

. Serial search for (almost all) combinations

- speed de

nends on humber of distractors
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The pop-out effect

We pre-attentively process a scene, and some visual elements
stand out more than others.

. Parallel processing on many individual channels
- speed independent of distractor count

- speed depends on channel and amount of difference from
distractors

. Serial search for (almost all) combinations

- speed depends on number of distractors
41
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Not all exhibit the pop-out effect!
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Not all exhibit the pop-out effect!

Parallel line pairs do not pop out from tilted pairs...
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Not all exhibit the pop-out effect!
Parallel line pairs do not pop out from tilted pairs...

And not all visual channels pop out as quickly as other. E.g. colour is always on
top. 42



The pop-out effect

B33 7T BT8R T T2V TRZN
02132760256325763302030172

8757 2838778207752311563847282
050516175680446747140084433
24313549507607431827346024

™M O

0
2
3

03
8 2

6707600390247 1723308170

76 45412453354961776342%5

4 77022011 77702664758614378254€6
4 366466284853 788138545740328 14

¢ -

550353538323823162724636443235

N~ -
O N
™M~
M ™
w0 w0
™M =
wn o
o =
o W
< NN
o =
w0 N
N ™
wn
< @
N
M
- N
< O
~ N
< O
<~
N W0
N~ S
-
N O
o W
< <
<~

017159142873 7145187805170258281
283021287 7T020020481010121711710900418
23T T 20078 TS ZINZEOTrsssomawraa
05241533155140164339883461848€6

7 3752402763855 45887556567977A14
03281446082301346205677361
4 4833350103863 2050613343

1

6

1022763308803 18812175293583225

43



The pop-out effect

B33 7T BT8R T T2V TRZN
02132760256325763302030172

8757 2838778207752311563847282
050516175680446747140084433
24313549507607431827346024

™M O

0
2
3

03
8 2

6707600390247 1723308170

76 45412453354961776342%5

4 77022011 77702664758614378254€6
4 366466284853 788138545740328 14

¢ -

550353538323823162724636443235

N~ -
O N
™M~
M ™
w0 w0
™M =
wn o
o =
o W
< NN
o =
w0 N
N ™
wn
< @
N
M
- N
< O
~ N
< O
<~
N W0
N~ S
-
N O
o W
< <
<~

017159142873 7145187805170258281
283021287 7T020020481010121711710900418
23T T 20078 TS ZINZEOTrsssomawraa
05241533155140164339883461848€6

7 3752402763855 45887556567977A14
03281446082301346205677361
4 4833350103863 2050613343

1

6

1022763308803 18812175293583225

43



The pop-out effect
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Everyone Else

Tracking calories, exercise and weight worked
+100 Ibs well for Steve Lochner, and he managed to lose

more weight than many other people using the

Lose It app.

The chart shows how Mr. Lochner compares with
other people who used the Lose It app for a year
and were trying to lose at least 50 pounds.

Some people lost over 100 pounds but others had
fluctuating weights and at least one person
gained 50 pounds.

+50

The more regularly someone tracks their weight
the better they seem to do. But no one can say in
advance who has what it takes to succeed as a
“Super Tracker.”

Starting Read more about tracking food and more in the
Weight rest of our Wired Well Special Section.

-50

-100

Steve Lothner

-150

-200 lbs
1 month 6 months 1 year 2 3 4 years

Check out https.//www.nytimes.com/interactive/2015/11/17/health/wiredwell-food-diary-super-
tracker.ntml - beautiful storytelling using visualization and annotations.



https://www.nytimes.com/interactive/2015/11/17/health/wiredwell-food-diary-super-tracker.html
https://www.nytimes.com/interactive/2015/11/17/health/wiredwell-food-diary-super-tracker.html
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Heer and Bostock 2010 Crowdsourced Results
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Relative Comparison

4 values

Unordered Unalighed
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Relative Comparison

4 values Unordered Unalighed

11 values Unordered Unalighed
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Heer and Bostock 2010 Crowdsourced Results
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Relative Comparison

Irish and Swiss Exports of Sheep
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Relative Comparison

The problems with unaligned areas can be seen in stacked charts. A small
number of values is ok, but too many and nothing will be interpretable.
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Relative Comparison

Irish and Swiss Exports of Sheep
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Relative Comparison

The problems with unaligned areas can be seen in stacked charts. A small
number of values is ok, but too many and nothing will be interpretable.
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Relative Comparison

4 values
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Relative Comparison
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A) Known and Unknown Target Search
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B) Subitizing (how many colours?)
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Gestalt Laws
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HOW

We have to be careful when mapping
data to the visual world

We don't see in 3D, and we have difficulties interpreting
information on the Z-axis.
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2D always wins...

Thousands of points up/down and left/right

A

=

@
@Eﬁ

\\\\\\\\\H

We can only see the outside shell of the world

Our visual system is not good at interpreting information on
the z-axis.

*3D is normally only used for exploration of inherently 3D information, such as
medical imaging data...
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2D always wins...

Impedzance |S00kHz)

These options, taken randomly from google image searches so how widely 3D is abused in
information visualisation. All of these charts are manipulating our perception of the data by
using the Z axis to occlude information...it would be avoided in 2D.

= north
= south
Nea

N west
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2D always wins...

Candidates/(60 MeV x 60 MeV)
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http://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/BPH-14-008/index.html

2D always wins...

OHLC Q1 2009

3D is totally useless in this example. It only makes the nearest points look bigger, and
the further away points smaller than they are.

Image from https://www.teraplot.com/financial
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HOW

We have to be careful when mapping
data to the visual world

Colour
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Colour
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Colour

The simplest, yet most abused of all visual encodings.

SANFORD AND SELNICK

Too—

m g Estimated fraction of precipitation
lost to evapotranspiration 1971-2000
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lost to evapotranspiration 1971-2000
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FIGURE 13. Estimated Mean Annual Ratio of Actual Evapotranspiration (ET) to Precipitation (P) for the Conterminous U.S. for the Period
1971-2000. Estimates are based on the regression equation in Table 1 that includes land cover. Calculations of ET/P were made first at the
800-m resolution of the PRISM climate data. The mean values for the counties (shown) were then calculated by averaging the 800-m values
within each county. Areas with fractions >1 are agricultural counties that either import surface water or mine deep groundwater.

T 0

The problem is that a smooth step in a value does not equate to a

smooth colour transition... -



Colour

Additionally, colour is hot equally binned in reality. We perceive
colours differently due to an increased sensitivity to the yellow part
of the spectrum...
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Colour

Luminosity is also not stable across the colours, meaning some colours

will pop out more than others.. and not always intentionally.

Lt

L* plot for ROYGBIV colormap
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https://mycarta.wordpress.com/2012/10/06/the-rainbow-is-deadlong-live-the-rainbow-part-3/
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Colour

Luminosity is also not stable across the colours, meaning some colours
will pop out more than others.. and not always intentionally.

L* plot for ROYGBIV colormap
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Colour
And how we perceive changes in hue is also very different.

Gregory compared the
wavelength of light
with the smallest
observable difference
iNn hue (expressed as
wavelength
difference).

AA(nm)
o

As you can see, the
1 A 1 ! N line is not flat.

400 500 600 700
wavelength of light (nm)
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Copyright: Richard L. Gregory - Eye and Brain - Princeton University Press - used with permission



Is there a colour palette for scientific visualisation
that works?
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Colour
HSL linear L rainbow palette

https://mycarta.wordpress.com/2012/10/06/the-rainbow-is-deadlong-live-the-rainbow-part-3/

Kindimann, G. Reinhard, E. and Creem, S., 2002, Face-based Luminance Matching for Perceptual Colormap
Generation, IEEE Proceedings of the conference on Visualization '02 71



Colour
HSL linear L rainbow palette

These are available in matplotlib and therefore in seaborn, etc, so
there’s no excuse :)
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Colour

There are also lots of default colour maps that can be applied to

particular data types.
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Color

Here I’'m showing the correlation between football player attributes.
Is the choice of colour map helping this comparison?
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Color

Here I’'m showing the correlation between football player attributes.
Is the choice of colour map helping this comparison?
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But our value pivots around O,
so the scale should be a
diverging one.
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Color

Here I’'m showing the correlation between football player attributes.
Is the choice of colour map helping this comparison?

09
06
03
~-0.0
--03 |
--06 | ﬁ?
| - GK Kicking
-GK Diving
| - GK Reflexes
- GK Positioning
-GK Handling
{ - Naftional Kit

~Club Kit™

Balance
Agility
Acceleration
Speed
Ball_Control
Dribbling
Crossing
Short Pass

Visiom

Skill Moves
Finishing
Penalties

Shot Power

Long Shots
Composure

Marking

gression
Heading
Jumping

e
étgrength
Weak foot
Rating
Reactions

LI I R R B B |
DOV OODOEEAUNCTD FO0OVE MOV U “SC VU VDML ODuc& o
::‘vclcz'x.;ugowEccwow.c.n_J>~Euologhgccgc_‘—‘o:'sgugcc
TE NEe= BECESUVE=GO05 2EoVE 0 I 00 s Grsad @850
x>uc-°—_o,<,° o co q_lgo.c—_zt.o._.Cmo_E-— x Vungo cESs
VS o e mS 2P s Y BEsvrmo0 3guwno 1IafEmies o '20
OGS 5eAUmIg 0L o P =8V 0% 0 B or B S-enE UXap
CHEFESOEE ¢ 505 =EF7 IgMPEsfLo= oot A B
(U] I [ kv o c c
U] %még e g ] & & ~&5288- 25 '.52
v € Yg Ee =
o 8 > U s N
o £ @
£ &

import seaborne as sns

Contract_Expiry

Freekick_Accuracy

Attacking Position

Interceptions
Standing_Tackle

Sliding Tackle
Ag

el
Diverging .:. 2 Sequential

-1 0 +1 1

But our value pivots around O,
so the scale should be a
diverging one.

sns.clustermap(fifa.corr (), cmap=‘Greys') 74



Color

Here I’'m showing the correlation between football player attributes.
Is the choice of colour map helping this comparison?
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Color

Here I’'m showing the correlation between football player attributes.
Is the choice of colour map helping this comparison?
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Color

You also don’t want to have too many colours.

Too many colours means that users have to remember what a colour
means. So a max of around 8 categories in a plot is recommended,
otherwise the ‘distance’ between colours becomes too small.
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Way too many..and
the colours get
reused.

Nationality
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Greece
Slovakia
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Morocco

Here 10
colours are
being used to
represent 29
countries.
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Much better

Here 8 colours
are being used
to represent 8
countries.
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